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1. General Introduction 
This final report gives an overview of the work performed in the HABISTAT project. It 

consists of the following parts: 

• An executive summary (both in English and Dutch) 

• A report on the administrative details 

• The scientific report where the integrated results of the partnership are presented 

with a focus on the key results. More details on some of the scientific methods and 

results are presented in publications attached in annexes. 

• The general conclusions and recommendations 

 

The annexes contain:  

(A) the comments of the steering committee members and the project members’ replies 

of the annual meetings;  

(B) the reports of the two workshops and the program of the special HABISTAT session 

at GEOBIA 2010 that were organized as part of the project;  

(C) the publications produced in the framework of the project. 

 

 

 

  

Guidelines for reading this document 
 

This final report contains both:  

(1) parts in which key results and conclusions are drawn, that are of interest 

to a broad public and stakeholders group; as well as 

(2) sections with more technical details which provide insights into the 

investigated methods. 

 

To stakeholders and interested user groups, such as monitoring experts, policy 

makers and terrain managers, we recommend reading the following chapters:  

- chapter 2 and/or 3: the Executive Summary, in English and Dutch 

respectively; and 

- chapter 6 for general conclusions of the project. 

To achieve a better understanding on how these results were obtained and 

conclusions drawn, we recommend to take a closer look at chapter: 

- 5.1  Research background – Introduction 

- 5.2 Objectives and Research Challenges 

- 5.3.2 WP2200 Requirement Analysis 

- 5.3.4.1 Hierarchical classification scheme 

- 5.3.10 WP5100 Structural Analysis 

- 5.3.11 WP5200 Validation 

 

Readers that are interested in specific technical details are advised to look up the 

relevant subsection of chapter 5 in the Table of Contents. 
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2. Executive Summary – English version 
 

Introduction 

 

The ever increasing impact of modern human society on biodiversity and the resources 

it provides, has made biodiversity conservation a topic of growing societal concern in the 

last decades. Concurrently with the professionalization of nature conservation, the field has 

gradually taken up stronger commitments towards society of achieving predefined targets. 

This evolution is prevalent at different spatial levels: global (e.g. Convention on Biological 

Diversity), European (e.g. Habitats and Birds Directives), national and sub-national (e.g. 

the Flemish MINA-plan, regional Natura 2000 conservation goals), and site level (e.g. 

management plans, Natura 2000 site-specific conservation objectives). 

 

In order to reach biodiversity conservation targets, data are needed. This includes both 

baseline data as well as a monitoring of changes taking place. In the European Union (EU) 

for instance, the Habitats Directive, adopted in 1992, obliges all member states to survey 

and evaluate the conservation status of protected habitat types and species, and to report 

this to the European Commission on a six-yearly basis. For habitats, this requires a.o. 

monitoring and reporting the status and trends of distribution, range, areal extent, habitat 

quality (structure and functions), and future prospects. 

Obviously, habitat and species protection was not at all new to most EU member states. 

With the implementation of the Habitats Directive, existing monitoring initiatives have 

been applied to the maximum, and fine-tuned where necessary, to serve the newly set 

policy intentions. In Flanders for instance, the Biological Valuation Map (BVM), made by 

the Research Institute for Nature and Forest, provides for a relatively accurate, full-

coverage map of the distribution of valuable biotopes in the region. Later on, the Flemish 

Natura 2000 Habitat Map was derived from it. Both maps now serve as an indispensable 

reference tool to inform various levels of the Flemish nature conservation policy, including 

specific issues in environmental policy, spatial planning, and the reporting towards the EU 

(Vriens et al., 2011) [1]. However, over the past few years it has become increasingly clear 

that keeping the BVM and Habitat Map up to date and accurate, and at the same time 

fulfilling the growing needs for data, is a challenge that can only be tackled if novel 

knowledge and techniques will be implemented. This has several reasons: 

• The mapping of the BVM was done primarily through field work. In total, 12 field 

seasons and a large effort of personnel were needed to cover the whole of Flanders. 

In the current context of limited resources and the need for even more detailed and 

up-to-date information, such an effort will be hard to realize. 

• The frequent use of complexes of mapping units on the BVM allowed to describe 

local variation in a most adequate way. At the same time, such an approach made it 

more complex to translate into Natura 2000 habitat typology and to calculate the 

areal extents of habitat types in Flanders within reasonable uncertainty levels. This 

can be overcome by direct habitat mapping in the field and estimating percentage 

shares in polygons mapped as complexes. But such an approach in turn requires 

more time, and estimations will always introduce errors. 

• The BVM contains only limited information on the habitat quality (‘structure and 

functions’) of specific habitat patches. Although procedures are under development 

to overcome this gap, this again requires extra time during field work, and 

(depending on the habitat type) the habitat quality assessments will often remain a 

rough, non-quantitative approach. A more quantitative and verifiable output would 
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be too time-consuming to integrate into a field mapping campaign intended for 

application over large areas. 

• The methodology of the BVM has been fine-tuned over the years, as a response to 

changing user needs. However, as a consequence, a reliable deduction of (local) 

changes by comparing different versions of the BVM has become very difficult. 

• The reliability and degree of detail of the BVM are not uniform across the Flemish 

territory. 

 

In order to comply with the growing data needs, a faster, more efficient and more 

standardized means of data collection is highly needed. Remote sensing may well provide 

such a means, but current methods need further development to better fulfil the users’ 

requirements. Within this context, the HABISTAT project was initiated. 

 

 

Objectives 

 

The general aim of the HABISTAT project was to develop a conceptual framework for 

an operation-oriented methodology to map, monitor and evaluate vegetation and habitat 

types and their degree of development. Natura 2000, with its specific and elaborate user 

needs for mapping, monitoring and conservation status assessment of legally protected 

habitat types, was chosen as a major application field for such a methodology. Secondary 

objectives of the project were: 

• to enhance the state-of-the-art classification methods, by including spatial 

information in the classification process; 

• to investigate the potential of superresolution (SR) for spaceborne hyperspectral data, 

and the usefulness of the SR enhanced images for habitat mapping; 

• to investigate the operational potential of ensemble classifiers for vegetation 

classification (in terms of stability, accuracy, ease of use, computing load); 

• to introduce structural analysis of vegetation heterogeneity for more reliable 

identification and quality assessment of habitats; 

• to ensure that methodologies are generic, to allow for easy inclusion in a (semi)-

automated processing facility; 

• to apply and validate the developed methodologies on heathland habitats, in the 

framework of Natura 2000 habitat monitoring. 

 

 

Approach 

 

Many habitat types, not in the least those of heathland ecosystems, have the intrinsic 

property of a high heterogeneity in species and structural composition. A dry heathland 

habitat for instance is not a homogeneous soccer field of heather (Calluna vulgaris), but 

rather an intricate mixture of heather (in different ages and heights), mosses, bare sand, 

grasses, some trees,… in patches of varying sizes. Together with the fact that the same 

species can be present (and even dominate) in several different habitat types (e.g. purple 

moorgrass Molinia caerulea in dry and wet heaths and acid grasslands), this forms a huge 

obstacle to direct mapping of the habitat types based on spectral reflectance alone, even at a 

very high resolution. Therefore, HABISTAT has developed a consecutive three-step 

approach, where each component builds on the outcomes of the previous one(s) to deliver 

a new outcome. In each of the three steps, the input from both ecological and remote 
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sensing knowledge proved crucial for its success. 

 

In a first step, the primary legend classes (i.e. Natura 2000 habitats) were broken down 

into their typical structural vegetation cover components, based on ecological knowledge 

of the habitats and suitable indicators for their quality status (e.g. grass & tree 

encroachment in heathlands). These ‘secondary’ legend classes were subsequently 

arranged in a hierarchical classification scheme (Figure 5.2 in the report, also included as a 

loose excerpt), and served as a legend for the classifications of the hyperspectral imagery 

using several state-of-the-art classification techniques. This led to a vegetation cover map 

(raster and/or vector file) with direct utility to the user in its own right, and as an input 

map for the next step. 

 

In a second step, a kernel-based structural reclassification algorithm was designed to 

translate the secondary legend classes on the vegetation cover map back into primary 

legend classes (Natura 2000 habitat types). This led to a habitat patch map (vector file), 

which shows the distribution and provides the areal extent of the habitat types in the study 

area. 

 

In the third and final step, the vegetation cover map (raster) and the habitat patch map 

(vector) were overlaid to derive quantitative information on the status of specific quality 

indicators for each patch (e.g. percentage of Molinia caerulea cover, percentage of bare sand 

in the patch,…). By applying thresholds such as the ones provided in T’jollyn et al. (2009) 

[2], an assessment of the local conservation status of each patch can then be made in a 

similar way as is done in the field, leading to decisions on the local conservation status of 

each individual patch. 

 

Figure 2.1 illustrates the general workflow of the HABISTAT project. 

 

 

Results 

 

The scientific merits of the project are illustrated by the numerous publications based on 

results from the project (see chapter 5 and Annex C). Some of the major findings and 

breakthroughs are: 

• the design of new methods for the incorporation of sub-class heterogeneity and 

spatial context at various stages in the process: before (i.e. the classification scheme, 

see 5.3.4.1), during (e.g. the use of Tree-Structured Markov Random Fields, see 

5.3.6.1) and after (i.e. the kernel-based reclassification algorithm, see 5.3.10.2) 

classification. 

• the further development and new design of state-of-the-art superresolution methods, 

and their application to multi-angle and multi-temporal remote sensing images (see 

5.3.8). 

• the design of innovative approaches to the accuracy assessment and validation of 

map products, focusing on the assessment of spatial accuracy of class transitions (see 

5.3.6.4), and on the use of independent random datasets for overall validation  (see 

5.3.11). 

• the integration of ecological knowledge and state-of-the-art remote sensing 

techniques into a semi-operational process for habitat type and conservation status 

mapping, that is able to meet the specific needs for NATURA 2000 (section 5.3.2 and 
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5.3.12). 

 

 

Figure 2.1. General workflow of the HABISTAT project. 

 

Of equal importance as the scientific merit, is the utility of the results for management 

and policy purposes. For the first time in a Flemish context, detailed habitat mapping and 

conservation status assessment could be achieved using remote sensing. This project 

produced a more detailed view on habitat distribution and conservation status in the 

Kalmthoutse Heide site than has hitherto been available from field work. Excerpts of these 

maps are shown in Figure 2.2 - 2.61. The map products are in common GIS-formats, and are 

versatile in their use. They can be easily applied to create derived products, which can help 

managers to obtain valuable new insights into the situation at their site: e.g. separate maps 

indicating the areas with high concentrations of Molinia caerulea (Figure 2.8) or Campylopus 

introflexus (Figure 2.7) can help the manager to take decisions on where to apply which 

measures. In the light of the great fire event that recently took place in the Kalmthoutse 

Heide (25 and 26 May 2011), these maps also serve as a detailed record of the situation 

before the fire. 

                                                           
1 The complete map products are available from the authors upon simple request (habistat@inbo.be). 
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User accuracies for the habitat patch map vary from 60 to 85% for the major heathland 

habitat types in the Kalmthoutse Heide (i.e. 2310, 2330, 4010, and Molinia-dominated 

patches of unknown habitat origin, an exception is 4030 which is less present in the site) 

(Table 5.19). The habitat patch map can therefore be considered to be of comparable 

reliability as existing (field-work based) maps of the habitat types in the site. A major asset 

of the method, however, is that it provides an additional wealth of spatial information, as 

shown in Figure 2.2 and Figure 2.3, that is not available from the existing Natura 2000 

Habitat Map, Biological Valuation Map or any other vegetation maps of the site, and that 

will prove very useful for assessing the site's current status, and for planning the 

management measures to be taken. 

 

Next to these achievements, the project also put considerable effort in bridging the gap 

between the remote sensing and the biodiversity monitoring communities (with the Natura 

2000 monitoring community in particular). Two dedicated workshops explored the users’ 

requirements and illustrated the possibilities of remote sensing with best-practice examples 

(see Annexes B.1-3). Drawing from these workshops and an extensive user consultation, 

some thoughts and recommendations for an enhanced integration of remote sensing into 

Natura 2000 habitat monitoring were published in a paper in Journal for Nature Conservation 

(see Annex C.1). 
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Figure 2.2. Vegetation cover map of Kalmthoutse Heide at Level 2 (based on training 
dataset 2007 and TS-MRF SVM classification; see 5.3.6.1). 

 
  

Background image: Colour orthophoto, 2007, province of Antwerp. Property of AGIV & Province of Antwerp.
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Figure 2.3. Detail of vegetation cover map of Kalmthoutse Heide at Level 3 (above) and Level 4 (below). 
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Figure 2.4. Detail of habitat patch map of Kalmthoutse Heide, 2007 (above). The most recent Flemish 
Natura2000 Habitat Map for the site (field work ca. 2002) is given below for comparison. 
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Figure 2.5. Detail of conservation status map of Kalmthoutse Heide, 2007: Cover of Molinia caerulea per 
patch (in percentage classes, for all patches), and corresponding conservation status assessment for 
the indicator ‘Molinia encroachment’, for those habitats where the indicator is relevant (indicator 
relevance and threshold values based on T’jollyn et al., 2009). 

 
  

± 0 100 20050 m

Molinia encroachment per patch (%)
0 - 10 %

10 - 30 %

30 - 50 %

50 - 100 %

± 0 100 20050 m

CS for indicator Molinia encroachment (2310, 2330, 4010, 4030)
favourable

unfavourable

indicator not applicable

Background image: Colour orthophoto, 2007, province of Antwerp. Property of AGIV & Province of Antwerp.
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Figure 2.6. Detail of conservation status map of Kalmthoutse Heide, 2007: Cover of trees per patch (in 
percentage classes, for all patches), and corresponding conservation status assessment for the 
indicator ‘tree encroachment’, for those habitats where the indicator is relevant (indicator relevance 
and threshold values based on T’jollyn et al., 2009). 
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Figure 2.7. Distribution of Campylopus introflexus dominance in the Kalmthoutse Heide, 
2007. 

 

Figure 2.8. Distribution of Molinia caerulea dominance in the Kalmthoutse Heide, 
2007. 

Background image: Colour orthophoto, 2007, province of Antwerp. Property of AGIV & Province of Antwerp.
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Outlook 

 

The HABISTAT project has shown that, for certain habitat types, it is possible to map 

patches and determine their conservation status using very high-resolution hyperspectral 

imagery. This approach has great potential for site-based vegetation monitoring. Due to 

operational constraints (availability and cost of hyperspectral sensors, weather 

requirements,…), the application of this technique at national or regional level (e.g. the 

whole of Flanders, or the Netherlands) is however unlikely in the short- to middle-term. 

Therefore, this approach is more suited to be part of a larger monitoring system with a 

modular design, where certain modules rely on fieldwork and others on remote sensing. 

Such a monitoring system could be supported by remote sensing at two levels: 

 

1. at the national/regional level: 

Remote sensing could provide a region-wide map of broad habitat- and biotope groups 

(e.g. forests, permanent grasslands, intertidal zones, heaths and mires, water surfaces,…) 

based on (multispectral) satellite imagery with (very) high spatial resolution (e.g. IKONOS, 

QuickBird, RapidEye, WorldView-II) or digital orthophoto imagery (e.g. UltraCam). As a 

precondition, images made in the vegetation growing season should be available (possibly 

combined with winter images for a better recognition of some habitat groups). Updates 

could be made available at regular intervals, e.g. 3 to 5 years. 

Potential applications for such a map include: 

• support for the general evaluation of the nature policy at a national or regional level 

(e.g. input for some of the Flemish Biodiversity Indicators and the biennial Flemish 

Nature Report); 

• input in scenario modelling (i.e. predicting the future effects of different policy 

scenarios, as shown in selected issues of the Flemish Nature Report); 

• monitoring area and trends of broad habitat- and biotope groups (e.g. for Kyoto-

reporting, to calculate greenhouse gas emissions and reductions as a result of forest 

growth, forestry and changing land use); 

• input in habitat suitability modelling for fauna species. 

 

2. at the site level: 

Based on the information at the higher level, a selection could be made of sites and areas 

where more detailed mapping and conservation status assessment is desirable, e.g. because 

many changes have taken place since the previous update. Dedicated flight campaigns 

would then deliver the required imagery (hyperspectral, LiDAR,…) for these sites.  

Possible outputs include: 

• detailed habitat maps and local conservation status per patch (as shown in 

HABISTAT for heathlands and inland dunes); 

• visualization of important patterns and processes in the site (e.g. grass encroachment 

in heathlands, structural diversity in forests); 

• monitoring the effect of management measures or disastrous events (e.g. wildfires). 

These data could also serve the regular (6-yearly) reporting obligation to the European 

Commission for certain habitat types. For instance for heathland habitat reporting in 

Flanders, the system could be organized in such a way that every 12 years, the large 

heathland areas in Flanders are revisited and thus updated information becomes available. 

 

The results of the HABISTAT-project are just a first step towards a remote sensing 

supported monitoring system of Natura 2000 habitats and biotopes. Additional research 
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will focus on: 

• Transferability to other study sites 
Applying the method in other study areas than the one for which it was developed may 

require the classification scheme to be adapted. The method is conceived in such a way that 

this can easily be done based on existing data sources (e.g. vegetation relevés) or ecological 

expert input. 

• Transferability to other habitat types 

The method was developed for heathlands and inland dunes, and is most likely also 

suitable for other habitats characterized by an internal spatial heterogeneity matching the 

scale of Very High Resolution images (< 5 m, e.g. coastal dunes). Its applicability to other 

habitat and biotope groups (e.g. grasslands, tidal areas, forests) needs to be tested and may 

require further modifications, images with adapted spatial resolutions, or even different 

approaches (such as multitemporal analysis). 

• Change detection 
In order for the method to be used as a monitoring tool, changes need to be detected 

with sufficient reliability. Several approaches (e.g. pre- or post-classification comparison) 

can be considered for further investigation. 

• Field data requirements 

No remote sensing method is entirely applicable without reference data from the field 

(either for training or for validation). Since field data collection is costly, the required 

amount of input from field work should preferably be as low as possible, while still 

yielding satisfying results. Re-using field data from one site for classification of another 

(similar) site is an interesting option to lower field data demands, and deserves closer 

investigation. The use of data collected for other purposes (e.g. existing field-driven 

monitoring schemes) or by volunteers (‘crowd-sourcing’) is another option that could help 

to reduce the cost of generating specific field data. 

• Validation and cost-efficiency analysis 

In order for a method to be acceptable for users, it needs to be cost-efficient, i.e. it should 

comply with the users’ requirements as much as possible, at an acceptable cost. Providing 

evidence that an outcome complies with the users’ requirements is not always 

straightforward, given the diverse range of potential applications. A cost-model should be 

developed that incorporates all relevant costs and allows fair comparison, both for field 

methods and remote sensing methods. For remote sensing, this also implies that realistic 

cost estimates of the methods in an operational context (in the future) need to be made (e.g. 

for hyperspectral imagery), while such operational systems do not yet exist for our 

methodologies. 

 

 

Conclusions 

 

For the first time in Flanders, Natura 2000 habitats have been successfully mapped and 

their conservation status assessed using remote sensing. This was achieved through a close 

cooperation between the remote sensing partners and the ecological partners in the project.  

With this joint effort, the project has shown that with an integrated ecological and 

remote sensing knowledge approach, it is possible to meet the highly detailed 

requirements for NATURA 2000 monitoring. As such, the project has laid the necessary 

fundaments and identified the remaining key research issues, to evolve from exemplary 

study and showcases to a Natura 2000 monitoring system that is operationally supported 

by remote sensing services.  
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3. Beleidssamenvatting – Nederlandse versie 
 

Aanleiding en probleemstelling 

 

Als gevolg van de almaar groeiende impact van de moderne mens op de biodiversiteit 

en natuurlijke hulpbronnen van deze planeet, is de aandacht voor het behoud van 

biodiversiteit in de laatste decennia enorm toegenomen. De natuurbehoudsector heeft 

daarbij een sterke professionalisering ondergaan: wat startte als een initiatief van 

gemotiveerde vrijwilligers, academici en drukkingsgroepen, is nu een georganiseerde 

sector waar resultaatsverbintenissen t.o.v. de maatschappij opgenomen en nagestreefd 

worden. Deze evolutie is zichtbaar op diverse ruimtelijke niveaus: mondiaal (bv. de 

Biodiversiteitconventie), Europees (bv. de Vogel- en Habitatrichtlijnen), 

nationaal/regionaal (bv. het MINA-plan in Vlaanderen, de Vlaamse gewestelijke 

instandhoudingsdoelstellingen voor Natura 2000), en op het niveau van individuele 

gebieden (bv. beheerdoelstellingen, lokale instandhoudingsdoelstellingen voor Speciale 

Beschermingszones). 

 

Om de gestelde doelen te bereiken, zijn gegevens nodig, zowel over de huidige toestand 

als over veranderingen die plaatsgrijpen in de vegetatie of het milieu. Een treffend 

voorbeeld hiervan is de verplichting, ingevolge de Habitatrichtlijn uit 1992, voor alle 

lidstaten van de Europese Unie om de staat van instandhouding van beschermde 

habitattypes en soorten op te volgen, te evalueren en zesjaarlijks te rapporteren aan de 

Europese Commissie. Voor de habitattypes betekent dit o.m. dat de toestand en trends in 

de verspreiding, het areaal, de oppervlakte, de kwaliteit (‘structuur en functies’), en de 

toekomstperspectieven dienen te worden opgevolgd en gerapporteerd. 

Vanzelfsprekend was de bescherming van soorten en habitats geen nieuw gegeven voor 

de meeste EU-lidstaten. Bij de implementatie van de Habitatrichtlijn zijn bestaande 

monitoringinitiatieven dan ook maximaal aangewend, en aangepast waar nodig, om de 

nieuwe beleidsintenties waar te maken. De Vlaamse Biologische Waarderingskaart (BWK) 

bv., opgemaakt door het Instituut voor Natuur- en Bosonderzoek (INBO), geeft een 

behoorlijk accuraat, gebiedsdekkend beeld van de verspreiding van waardevolle biotopen 

in het Vlaamse Gewest. In een latere fase is uit de BWK de Vlaamse Natura 2000 

Habitatkaart afgeleid. Beide kaarten zijn tegenwoordig een onmisbare referentiebron in 

diverse aspecten van het Vlaamse natuurbeleid (bv. de implementatie van de Europese 

Natura 2000 regelgeving, de vergunningsplicht voor vegetatiewijziging, 

erkenningsdossiers van terreinbeherende instanties), alsook bepaalde aspecten van het 

milieubeleid (bv. de bemestingsnormen) en de ruimtelijke planning (bv. de opmaak van 

groene RUPs) (Vriens et al., 2011) [1]. In de voorbije jaren is het echter duidelijk geworden 

dat de BWK en de Habitatkaart alleen up-to-date en betrouwbaar kunnen gehouden 

worden (om aan de groeiende nood aan informatie te voldoen) door het inzetten van 

nieuwe technieken. Hiervoor zijn verschillende redenen aan te wijzen: 

• De opmaak van de BWK is hoofdzakelijk gebaseerd op veldwerk. Om geheel 

Vlaanderen te karteren was een grote inzet van personeel noodzakelijk, 

gespreid over 12 veldseizoenen. In de huidige context van beperkte middelen 

en de nood aan nog meer gedetailleerde en actuele informatie, is een dergelijke 

inspanning moeilijk te herhalen. 

• Het veelvuldige gebruik van complexen van karteringseenheden in de BWK liet 

toe de lokale terreinvariatie op een adequate manier te beschrijven. Nadeel is 

evenwel dat deze aanpak de vertaling in Natura 2000 habitats en de berekening 
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van oppervlaktes op Vlaams niveau bemoeilijkt. Een mogelijke oplossing 

bestaat erin habitats rechtstreeks in het veld te karteren en hun 

bedekkingspercentage in complexe polygonen in te schatten. Deze aanpak vergt 

echter op zijn beurt meer tijd van de karteerder, terwijl ook het schatten in het 

veld fouten met zich zal meebrengen. 

• De huidige BWK bevat slechts beperkte informatie over de kwaliteit (‘structuur 

en functies’) van de habitatvlekken. Protocollen om hieraan te verhelpen zijn 

momenteel in ontwikkeling, maar dit vereist op zich weer meer tijd bij het 

karteren, en in veel gevallen (afhankelijk van het habitattype) blijft de 

gegevensinzameling beperkt tot ruwe, niet-kwantitatieve informatie. Een meer 

kwantitatieve en verifieerbare output is té tijdsrovend om te integreren in een 

veldkarteermethode bedoeld voor toepassing over grotere oppervlakten. 

• De methodiek van de BWK is doorheen de jaren bijgewerkt in functie van 

veranderende gebruikersnoden (meer detail, meer aandacht voor kleine 

landschapselementen, …). Het is belangrijk op te merken dat, als gevolg 

hiervan, het moeilijk is om (lokale) veranderingen op een betrouwbare manier 

af te leiden uit de vergelijking van verschillende versies van de BWK. 

• De betrouwbaarheid en detailgraad van de BWK zijn niet gelijk over heel het 

Vlaamse grondgebied. 

 

Om aan de almaar groeiende informatienoden te kunnen voldoen, is een snellere, 

efficiëntere en meer gestandaardiseerde manier van gegevensinzameling nodig. Remote 

sensing, d.i. het geheel van technieken om informatie over het aardoppervlak te extraheren 

uit beelden genomen vanuit een vliegtuig of satelliet, biedt in deze een groot potentieel, 

maar de bestaande methoden vereisen nog verdere ontwikkeling om aan de noden van de 

eindgebruiker te voldoen. Het is in deze context dat het project HABISTAT werd opgezet. 

 

 

Doelstellingen 

 

Het HABISTAT-project had als algemeen doel een conceptueel kader voor een semi-

operationele methodiek te ontwikkelen, om vegetaties en habitattypes, en hun graad van 

ontwikkeling, te karteren, op te volgen en te evalueren. Gezien de zeer specifieke en 

uitgebreide gebruikersnoden rond kartering, opvolging en bepaling van de staat van 

instandhouding van de wettelijk beschermde Natura 2000 habitattypes, is de Natura 2000 

monitoring gekozen als belangrijkste toepassingsgebied voor een dergelijke methodiek. 

Bijkomende doelstellingen van het project waren: 

• state-of-the-art classificatiemethoden te verbeteren, door ruimtelijke informatie 

in het classificatieproces te betrekken; 

• de potenties van superresolutie (SR) voor hyperspectrale satellietbeelden te 

onderzoeken, evenals de bruikbaarheid van de SR-beelden voor 

habitatkartering; 

• de operationele potenties van ensemble classifiers voor vegetatieclassificatie te 

onderzoeken (in functie van stabiliteit, accuraatheid, gebruiksgemak en 

rekenlast); 

• structuuranalyse van vegetatieheterogeniteit aan te wenden voor een 

betrouwbaardere herkenning en kwaliteitsbeoordeling van habitats; 

• de te ontwikkelen methodes generisch uit te werken, zodat ze makkelijk in een 

(semi-)automatische  beeldverwerkingsketen kunnen worden ingevoegd; 
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• de te ontwikkelen methodes toe te passen en te valideren op habitats van 

heidegebieden (in het kader van Natura 2000 habitatmonitoring). 

 

 

Aanpak 

 

Vele habitattypes zijn gekenmerkt door een hoge interne heterogeniteit in structuur en 

soortensamenstelling, en dat geldt zeker ook voor heide-ecosystemen. Zo is een droge 

heide geen uniform voetbalveld van struikhei, maar eerder een mengsel van struikhei (in 

verschillende leeftijden en hoogtes), mossen, open zand, grassen, enkele bomen,… die elk 

in vlekjes van variabele grootte voorkomen. Daarbij komt nog dat dezelfde soorten kunnen 

voorkomen (en zelfs domineren) in verschillende habitattypen. Zo wordt bv. pijpenstrootje 

vaak aangetroffen in zowel natte en droge heiden als heischrale graslanden. De combinatie 

van beide eigenschappen vormt een belangrijk obstakel voor het rechtstreeks karteren van 

habitattypes o.b.v. hun spectrale reflectantie, zelfs met zeer hoge resolutie-beelden (ZHR-

beelden). De HABISTAT-aanpak bestaat daarom uit drie opeenvolgende stappen, waarbij 

elke stap verder gaat op de resultaten van de vorige stap(pen) om tot nieuwe resultaten te 

komen. In elk van de drie stappen is de inbreng van zowel ecologische als remote sensing 

kennis cruciaal gebleken om tot een succesvol resultaat te komen. 

 

In stap 1 werden de primaire klassen van de legende (meer bepaald, de Natura 2000 

habitats) ontleed in hun kenmerkende structuurvormende vegetatieonderdelen. Dit 

gebeurde op basis van ecologische kennis van de habitats in kwestie en geschikte 

indicatoren voor hun kwaliteitsbepaling (bv. bedekking van gras en houtige gewassen in 

open heidehabitats, die normaal vooral uit dwergstruiken zoals dopheide en struikheide 

bestaan). Deze ‘secundaire’ klassen werden vervolgens geordend in een hiërarchisch 

classificatieschema (figuur 5.2 in het rapport), dat dienst deed als de legende voor de 

classificaties van de hyperspectrale beelden van het studiegebied. Dit leidde uiteindelijk tot 

een vegetatiekaart (raster en/of vector), die als input diende voor de volgende stap, maar 

die ook op zichzelf zeer bruikbaar is voor de eindgebruiker. 

 

De tweede stap maakt gebruik van een algoritme tot structurele herclassificatie van het 

beeld met behulp van een schuivend venster. Bij deze stap werden de secundaire klassen 

(cf. de ‘vegetatiekaart’) terug vertaald in de primaire klassen (Natura 2000 habitattypen), 

wat aanleiding gaf tot een habitatvlekkenkaart (vectorbestand) van het studiegebied. Deze 

kaart geeft de verspreiding van de habitattypes in het studiegebied weer en laat toe hun 

oppervlakte in te schatten. 

 

In de derde en laatste stap werden de vegetatiekaart en de habitatvlekkenkaart over 

elkaar gelegd, zodat voor elke vlek kwantitatieve informatie over specifieke 

kwaliteitsindicatoren kon worden berekend (bv. bedekking van pijpenstrootje of open zand 

in elke vlek). Om de lokale staat van instandhouding van de vlek te bepalen, kunnen deze 

gegevens vervolgens op dezelfde manier beoordeeld worden als in het veld, bv. op basis 

van de drempelwaarden in T’jollyn et al. (2009). 

 

Figuur 2.1 geeft een schema weer van de workflow van de HABISTAT-methode. 
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Resultaten 

 

De wetenschappelijke verdiensten van het project blijken duidelijk uit de vele 

publicaties die eruit voortvloeien (zie Hoofdstuk 5 en Annex C). Een aantal van de 

belangrijkste bevindingen en doorbraken zijn: 

• het ontwerp van nieuwe methodes voor het betrekken van ruimtelijke context 

en heterogeniteit binnenin de klassen in verschillende stadia van het proces: 

zowel vóór (cf. classificatieschema, 5.3.4.1), tijdens (cf. Tree-Structured Markov 

Random Fields, 5.3.6.1), als na (cf. kernel-based reclassification algorithm, 

5.3.10.2) de eigenlijke classificatiestap; 

• de ontwikkeling van bestaande en nieuwe methoden voor superresolutie, en 

hun toepassing op beeldensets genomen vanuit verschillende invalshoeken 

(multi-angle) of in een tijdsreeks (multi-temporeel) (zie 5.3.8); 

• het ontwerpen van vernieuwende benaderingen voor de 

nauwkeurigheidsanalyse en validatie van kaartproducten. De focus lag hierbij 

op de evaluatie van de ruimtelijke nauwkeurigheid van overgangszones tussen 

klassen (zie 5.3.6.4), en op het gebruik van onafhankelijke random datasets voor 

een algemene validatie (zie 5.3.11). 

 

Naast de wetenschappelijke verdienste is uiteraard ook de bruikbaarheid van de 

resultaten voor beheer en beleid van groot belang. Voor zover bekend, is dit de eerste keer 

in Vlaanderen dat habitatkartering en beoordeling van de lokale staat van instandhouding 

met dergelijke graad van detail werden gerealiseerd op basis van remote sensing. Tijdens 

het HABISTAT-project zijn van de studiegebieden Kalmthoutse Heide en Klein Schietveld 

gebiedsdekkende vegetatie- en habitatkaarten gemaakt die een meer gedetailleerde kijk 

geven op het voorkomen en de staat van instandhouding van de habitats in het gebied, dan 

wat tot heden beschikbaar was uit veldwerk. Uittreksels van deze kaarten zijn te zien in 

figuur 2.2-2.6, de volledige kaarten zijn op eenvoudige aanvraag te verkrijgen bij de auteurs 

(habistat@inbo.be). De resultaten zijn beschikbaar in GIS-formaat, en zijn zeer flexibel te 

gebruiken voor het creëren van afgeleide producten. Deze kunnen op hun beurt leiden tot 

belangrijke nieuwe inzichten bij beheerders over hun gebied: bv. afzonderlijke kaarten die 

de zones met een hoge concentratie aan pijpenstrootje (figuur 2.7) of grijs kronkelsteeltje 

(figuur 2.8) weergeven, kunnen de beheerder helpen om te beslissen welke 

beheermaatregelen waar toe te passen. De kaarten geven de toestand weer op 2 juni 2007. 

Ze kunnen derhalve ook aangewend worden als een referentiekaart voor de toestand vóór 

de brand van 25 en 26 mei 2011 in die zones waar in de tussentijd geen ingrijpende 

werkzaamheden waren uitgevoerd. 

 

De habitatvlekkenkaart haalt classificatievolledigheden ('user accuracies', d.w.z. de kans 

dat een habitatvlek in het veld ook effectief op de kaart als dat habitattype is weergegeven) 

die variëren van 60 tot 85% voor de belangrijkste heidehabitats in het gebied (met name 

2310, 2330, 4010, en pijpenstrootjevlekken waarvan het oorspronkelijke habitat in het veld 

niet te achterhalen is; habitat 4030 is een uitzondering maar dit komt minder voor in het 

gebied) (tabel 5.19). De kaart is daarmee van een vergelijkbare betrouwbaarheid als 

bestaande, via veldwerk bekomen habitatkaarten van het gebied. De belangrijkste troef van 

de methode is echter de flexibiliteit waarmee de resultaten benut kunnen worden: de graad 

van detail die erin vervat zit voor specifieke ruimtelijke informatie, zoals bv. in figuren 2.2 

en 2.3, is niet af te leiden uit de bestaande Habitatkaart of BWK, noch uit andere 

vegetatiekaarten van het gebied, en kan van onschatbare waarde blijken voor o.a. het 
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beoordelen van de huidige toestand in het gebied, en het plannen van toekomstige 

beheermaatregelen. 

 

Los van deze verwezenlijkingen is tijdens het project ook veel aandacht besteed aan het 

dichter bij elkaar brengen van de remote sensing-gemeenschap en de gemeenschap van 

potentiële gebruikers in de biodiversiteitsmonitoring (i.h.b. Natura 2000 monitoring). 

Tijdens twee workshops werden de gebruikersvereisten bediscussieerd en de 

mogelijkheden van remote sensing geïllustreerd (zie Annexes B.1-3). Een aantal 

bedenkingen en aanbevelingen voor een betere integratie van remote sensing in Natura 

2000 habitatmonitoring zijn gepubliceerd in een wetenschappelijk artikel in het 

vaktijdschrift Journal for Nature Conservation (zie Annex C.1). 

 

 

Toekomst 

 

Het HABISTAT-project heeft aangetoond dat het voor bepaalde habitattypen mogelijk is 

habitatvlekken te karteren en hun staat van instandhouding te bepalen met behulp van 

zeer hoge resolutie hyperspectrale beelden. Deze aanpak heeft een grote potentie voor 

gebiedsgerichte monitoring van vegetaties. Omwille van operationele randvoorwaarden 

(beschikbaarheid en kostprijs van hyperspectrale sensors, weersomstandigheden,…), is het 

echter onwaarschijnlijk dat deze techniek op de korte tot middellange termijn op nationale 

of gewestelijke schaal (bv. Vlaanderen, Nederland) zal worden toegepast. De techniek is 

dan ook meer geschikt als onderdeel van een ruimer, modulair opgebouwd 

monitoringsysteem, waarbij sommige modules voornamelijk steunen op veldwerk en 

andere op remote sensing. Remote sensing ondersteuning kan daarbij op twee niveaus 

plaatsvinden: 

 

1. Nationaal/regionaal niveau: 

Met behulp van (multispectrale) satellietbeelden met (zeer) hoge ruimtelijke 

resolutie (bv. IKONOS, QuickBird, RapidEye, WorldView-II) of digitale orthofoto’s (bv. 

UltraCam) kan een gebiedsdekkende kaart van brede habitat- en biotoopgroepen (bv. 

bossen, permanente graslanden, slikken en schorren, heiden en veengebieden, 

wateroppervlakken,…) gemaakt worden. Voorwaarde is wel dat er beelden van tijdens 

het vegetatiegroeiseizoen beschikbaar zijn (voor sommige habitatgroepen kan de 

combinatie met winterbeelden hun herkenning vergemakkelijken). Updates zouden met 

een regelmatig interval beschikbaar moeten zijn, bv. elke 3 à 5 jaar. 

Tot de potentiële toepassingen van een dergelijke kaart behoren: 

• de ondersteuning van de algemene evaluatie van het natuurbeleid op 

nationaal of gewestelijk niveau (bv. input voor bepaalde Vlaamse 

Natuurindicatoren en voor het tweejaarlijkse Natuurrapport); 

• input in scenariomodellering (d.i. het voorspellen van de effecten van 

toekomstig beleid aan de hand van verschillende scenario’s, zoals reeds 

gebeurt in de NARA-S-rapporten);  

• de opvolging van oppervlakte en trends van brede habitat- en 

biotoopgroepen (bv. voor de berekening van emissies en reducties van 

broeikasgassen als gevolg van bosaangroei, bosbouw en (veranderend) 

landgebruik, i.f.v. de verplichte Kyoto-rapportage); 

• input in modellen van habitatgeschiktheid voor beschermde of bedreigde 

diersoorten. 
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2. Gebiedsniveau: 

 Op basis van de informatie die op een hoger niveau wordt verkregen, kan een 

selectie gemaakt worden van gebieden en zones waar een meer gedetailleerde kartering 

en statusbepaling wenselijk is (bv. omdat veel veranderingen hebben plaatsgevonden in 

de periode na de laatste update). De noodzakelijke beelden (hyperspectraal, LiDAR,…) 

worden vervolgens geleverd door gerichte vliegcampagnes boven deze gebieden. 

Potentiële resultaten zijn o.a.: 

• gedetailleerde kaarten van habitatvlekken en hun lokale staat van 

instandhouding (zoals in het HABISTAT-project voor heidehabitats en 

binnenlandse duinen); 

• het in beeld brengen van belangrijke patronen en processen in het gebied (bv. 

vergrassing in heidegebieden, structuurdiversiteit in bossen); 

• de opvolging van het effect van beheermaatregelen of van ongewenste 

gebeurtenissen (bv. brand). 

Deze gegevens kunnen ook ingezet worden voor de zesjaarlijke rapportage over de 

staat van instandhouding aan de Europese Unie. De monitoring van heidehabitats via 

remote sensing van hyperspectrale beelden in Vlaanderen zou bv. op dusdanige manier 

georganiseerd kunnen worden, dat elke 12 jaar de grote heidegebieden in Vlaanderen 

opnieuw bestreken worden. 

 

De resultaten van HABISTAT zijn slechts een eerste stap in de richting van een 

operationeel monitoringsysteem voor Natura 2000 habitats en biotopen, ondersteund door 

remote sensing. Vervolgonderzoek zal zich concentreren op: 

• Overzetbaarheid van de methode naar andere studiegebieden 

Voor de toepassing van de HABISTAT-methodiek in andere studiegebieden 

kan het noodzakelijk zijn het classificatieschema aan te passen. De methode is 

zodanig opgezet dat dit eenvoudig kan op basis van de verwerking van 

bestaande gegevensbronnen (bv. vegetatieopnamen) of door ecologische 

expertinbreng. 

• Toepasbaarheid op andere habitattypes 

De methode is ontwikkeld voor heiden en binnenlandse duinen, en is 

waarschijnlijk toepasbaar op alle habitats gekenmerkt door een interne 

ruimtelijke heterogeniteit die overeenkomt met de schaal van zeer hoge 

resolutiebeelden (< 5 m, bv. kustduinen). De toepasbaarheid op andere habitat- 

en biotoopgroepen (bv. graslanden, slikken en schorren, bossen) moet nog 

getest worden. Mogelijks vereist dit verdere aanpassingen aan de methode, 

beelden met een aangepaste ruimtelijke resolutie, of zelfs een alternatieve 

aanpak (zoals bv. multitemporele beeldanalyse). 

• Detectie van veranderingen 

Om als monitoringinstrument te kunnen worden toegepast, moet de methode 

met voldoende betrouwbaarheid in staat zijn veranderingen te detecteren. 

Verschillende wijzen van aanpak (bv. vergelijking vóór of ná classificatie) 

komen in aanmerking voor verder onderzoek. 

• Noodzakelijke veldgegevens 

Geen enkele remote sensing methode kan volledig zonder veldgegevens (als 

training en/of als validatie). Maar gezien de kostprijs van gegevensinzameling 

in het veld, moet de noodzakelijke hoeveelheid veldgegevens als input voor de 

methode bij voorkeur zo laag mogelijk zijn, zonder dat de kwaliteit van het 
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resultaat hierdoor al te veel achteruitgaat. Hergebruik van veldgegevens van 

één gebied voor classificatie van een ander (gelijkaardig) gebied is een 

aantrekkelijke piste om de kosten voor veldwerk te drukken. Het gebruik van 

gegevens die verzameld werden voor andere doeleinden (bv. bestaande 

monitoringprogramma’s) of door vrijwilligers (‘crowd-sourcing’) is een andere 

optie die nader onderzoek verdient. 

• Validatie en analyse van de kostenefficiëntie 

Opdat een methode aanvaard en gebruikt zou worden door de eindgebruiker, 

moet ze kostenefficiënt zijn. Dit houdt in dat ze zoveel mogelijk moet voldoen 

aan de gebruikersvereisten, tegen een redelijke kostprijs. Maar door de schier 

eindeloze reeks aan mogelijke toepassingen en variaties erop, is het vaak niet 

evident om aan te tonen dat een product aan de gebruikersvereisten voor één 

welbepaalde toepassing voldoet. Een interessante optie is het opstellen van een 

kostenmodel, waarin alle relevante kosten vervat zitten, zodat zowel remote 

sensing methoden als klassieke veldwerkmethoden onbevooroordeeld tegen 

elkaar kunnen worden afgewogen. Voor remote sensing betekent dit wel dat 

realistische schattingen van de kosten in een toekomstig, operationeel scenario 

dienen te worden gebruikt (i.h.b. voor hyperspectrale beelden), en niet de 

schattingen op basis van de huidige kostprijs van beeldmateriaal. 

 

 

Conclusies 

 

Voor de eerste keer in Vlaanderen werden Natura 2000 habitats succesvol gekarteerd en 

hun staat van instandhouding bepaald met behulp van remote sensing. Een belangrijke 

factor die daartoe heeft bijgedragen was de nauwe samenwerking tussen de remote sensing 

partners en de ecologische partners in het project. 

Met deze gezamenlijke inspanning en integratie van remote sensing en ecologische 

kennis, heeft het HABISTAT-project bewezen dat het mogelijk is te voldoen aan de hoge 

eisen van de gebruikers in het kader van Natura 2000 monitoring. Het project heeft aldus 

de nodige fundamenten gelegd, en de belangrijkste nog aan te pakken uitdagingen 

geïdentificeerd, om de sprong te maken van studie- en demonstratieprojecten naar een 

Natura 2000 monitoringsysteem dat operationeel ondersteund wordt door remote sensing. 
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4. Administrative report 

4.1.  Project Partners 

Coordinator:  

• Birgen Haest - Flemish institute for technological research (VITO)  

(07.2008 – 06.2011) – birgen.haest@vito.be  

• Pieter Kempeneers - Flemish institute for technological research (VITO)  

(01.2007 – 06.2008) – pieter.kempeneers@vito.be  

 

 

Partner promotors: 

• Paul Scheunders - University of Antwerp (Vision Lab) – paul.scheunders@ua.ac.be  

• Frank Canters - Vrije universiteit Brussel (Department of Geography) – 

fcanters@vub.ac.be  

• Desiré Paelinckx - Research Institute for Nature and Forest (INBO) – 

desire.paelinckx@inbo.be  

• Sander Mücher - Alterra (Centre for Geo-Information) - sander.mucher@wur.nl  

 

 

Researchers involved in the project: 

• Jeroen Vanden Borre – Research Institute for Nature and Forest (INBO) – 

jeroen.vandenborre@inbo.be  

• Toon Spanhove – Research Institute for Nature and Forest (INBO) – 

toon.spanhove@inbo.be  

• Guy Thoonen - University of Antwerp (Vision Lab) – guy.thoonen@ua.ac.be  

• Stephanie Delalieux - Flemish institute for technological research (VITO) – 

stephanie.delalieux@vito.be  

• Lammert Kooistra – Wageningen University, Centre for Geo-Information (WUR-

CGI) - lammert.kooistra@wur.nl  

• Anne Schmidt – Alterra (Centre for Geo-Information) - anne.schmidt@wur.nl  

• Els Knaeps - Flemish institute for technological research (VITO) – 

els.knaeps@vito.be  

• Jianglin Ma – Vrije universiteit Brussel (Department of Geography) - 

jianma@vub.ac.be  

• Jonathan Cheung-Wai Chan – Vrije universiteit Brussel (Department of 

Geography) - cheuchan@vub.ac.be  

• Koen Hufkens- University of Antwerp (Vision Lab) 

 

MSc students involved in the project: 

• Pieter Beckers – Vrije universiteit Brussel (Department of Geography) – MSc thesis. 

• Stijn Peeters - University of Antwerp (Department of Physics) - MSc thesis: 

‘Datafusie van hyperspectrale beelden met hoge-resolutie kleurenbeelden voor 

classificatie’ (‘Data fusion of hyperspectral images and high-resolution colour 

images for classification’) 

• Beatus Jacob Chuma – Alterra/Wageningen University – Internship/MSc thesis: 

‘Opportunities for mapping heathland habitat types using multi-angular CHRIS 

PROBA data’ 
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BSc students involved in the project: 

• Illya Fonteyn - University of Antwerp (Department of Physics) - BSc thesis: 

‘Classificatie van hyperspectrale aardobservatiebeelden: een vergelijkende studie 

van standaard classificatiemethoden." ("Classification of hyperspectral remote 

sensing images: a comparative study of standard classification techniques.’) 

• Michiel Baatsen - University of Antwerp (Department of Physics) - BSc thesis: 

‘Decision fusion voor de combinatie van spectrale en spatiale informatie bij de 

classificatie van hyperspectrale beelden." ("Decision fusion for the combination of 

spectral and spatial information during classification of hyperspectral images.’) 

 

4.2.  Steering committee members 

The SC consisted of the following members for the whole duration of the project: 

• Peter Strobl – Joint Research Centre (JRC) - peter.strobl@jrc.ec.europa.eu  

• Lorenzo Bruzzone - University of Trento - bruzzone@ing.unitn.it  

• Doug Evans - European Topic Centre on Biological Diversity (ETC/BD) - 

evans@mnhn.fr  

• Marc Dufrêne - Centre de Recherche de la Nature, des Forêts et du Bois - 

marc.dufrene@spw.wallonie.be  

 

For the project’s mid-term meeting, the SC was extended with the following experts: 

• Maggi Kelly – Department of Environmental Science, Policy & Management – 

University of California, Berkeley - maggi@berkeley.edu  

• Geoff Smith – Specto Natura Limited - geoffsmith@specto-natura.co.uk  

 

4.3. Project website 

http://habistat.vgt.vito.be 

 

4.4. Important dates 

4.4.1. Duration of the project 

 

01.12.2006 – 31.12.2010  

Extended until 30.06.2011 

 

During the first year of the project, all partners coped with a lack of manpower. As a 

result of this, the real onset of the project was 6 months later than planned as there were 

not enough researchers to perform the research. Therefore a budget transfer was requested 

by the consortium and accepted by the project administrator (BELSPO). 

 

4.4.2. Steering Committee Meetings 

 

• First steering committee:   23.06.2008 (Evaluation report in annex A1)  

• Second steering committee:  03.03.2009 (Evaluation report in annex A2) 

• Third steering committee:  02.07.2010 (Evaluation report in annex A3) 
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4.4.3. Workshops 

 

• User Requirements Workshop 'Remote sensing for NATURA 2000 habitat 

reporting' 24.10.2008, Brussels (Report in Annex B.1). 

 

• HABISTAT special session at the GEOBIA - Geographic Object-Based Image 

Analysis conference (GEOBIA), 29.06 – 02.07.2010, Ghent (Program in Annex B.2). 

 

• ‘Monitoring Europe’s biodiversity in a post 2010 era: the role of remote sensing for 

NATURA 2000 reporting and ecosystem assessment’ 13.10.2010, Brussels (Report 

in Annex B.3). 

 

4.4.4. Interim activity reports 

Next to this final report, four activity reports were submitted to the Belgian Science 

Policy during the course of the project: 

• Kick-off Report:  submitted 27.05.2008 

• Activity Report #1:  submitted 12.08.2008 

• Activity Report #2:  submitted 09.07.2009  

• Activity Report #3:  submitted 05.10.2010 
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5. Scientific report 

5.1. Research background – Introduction 

Rapid urbanization, industrialization, and successive agricultural revolutions cause 

changes to the Earth's land surface with a pace, magnitude and spatial reach that are 

unprecedented [3,4]. These human-induced changes constitute the main cause of 

continuously rising rates of habitat destruction and species loss. As a result, conserving 

biodiversity has become imperative during the last decades, and conservation action is 

increasing globally as the scale of the threat to biodiversity becomes more widely 

recognized [5-8]. 

 

In 1992, the European Union (EU) adopted the ‘Council Directive on the conservation of 

natural habitats and of wild fauna and flora’ (Habitats Directive 92/43/EEC; HabDir), as an 

implementation of the 1979 Bern Convention on the Conservation of European Wildlife 

and Natural Habitats [9]. The general goal of this directive is to contribute to the 

conservation of natural habitats and of wild fauna and flora in the European territory of the 

member states.  With its adoption, the EU set the scene for a more systematic, harmonized 

and target-oriented approach to nature conservation than ever, spanning the whole EU-

territory.  The HabDir’s annexes listed several rare and threatened habitats and species, 

with the aim to assure their long-term survival by bringing and maintaining them in a 

favourable conservation status. Member states granted legal protection to habitats and 

species listed by the HabDir, and designated sites of high nature value as NATURA 2000 

sites, resulting in approximately 17% of the European land surface to gain a protected 

status. But legal designation and protection is only the first step. Protected sites need to be 

managed appropriately, and the impacts carefully monitored. Member states also need to 

monitor and report on the conservation status of habitats and species to the EU on a six-

yearly basis, thus aiding the EU to follow up on achievements of the HabDir, and adapt 

policy where needed. It soon became clear that reaching the HabDir’s highly ambitious 

monitoring requirements in terms of thoroughness, scientific soundness and the intervals 

by which updated information needs to be supplied, would require extensive knowledge 

based on systematic and continued data collection. In many member states even basic data 

were however, and in some cases still are, largely lacking [10,11]. 

 

Although remote sensing (RS) has long been recognized as a powerful tool for data 

collection to serve biodiversity conservation, its use in the specific context of NATURA 

2000 monitoring and conservation is still limited. This paradigm between the existing 

urgent data needs and the in NATURA 2000 context undemonstrated RS potential, gave 

impetus to the HABISTAT project, aiming at the development of a conceptual framework 

for an operation-oriented vegetation and habitat mapping methodology using 

hyperspectral remote sensing.     

 

5.2. Objectives and Research Challenges 

The general objective of the HABISTAT project was to develop a conceptual framework 

for an operation-oriented methodology to map, monitor and evaluate vegetation and 

habitat types, and to apply this framework to the habitats of some specific heathland areas 

in the Atlantic part of Belgium and the Netherlands. 
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A large number of habitats defined in the HabDir have the intrinsic property of a high 

heterogeneity in species composition, which hampers a straightforward mapping based on 

spectral reflectance. Moreover, the same species can be present in several habitat types, 

further obstructing spectral recognition and inter-habitat discrimination. From the design 

period of the project, it became clear that in order to develop a successful mapping 

methodology for NATURA 2000 habitats using remote sensing data, a big research 

challenge lay in dealing with these inherent, and from a remote sensing point-of-view 

contradicting, properties. Furthermore, the mapping of very detailed quality indicators, 

such as different age classes of Calluna heather, requires advanced classification algorithms 

that take into account the different dimensions (e.g. the spectral and spatial dimension) of 

available information and exhibit a high degree of robustness.  

 

The project was therefore structured into the following work package themes to deal 

with these research challenges:  

 

WP2000: Analysis and WP3000: Data Collection 

The main subWPs of these WPs, related to achieving the overall objective, were 

WP2200: User Requirement Analysis and WP3200 Data Labelling. The objective 

of these WPs was to identify the information needs for the HabDir reporting at 

both the site and the regional/national level, and integrate these needs with the 

potential of hyperspectral RS data to discern spectrally distinct land cover.  The 

expected outcome was a clear view of the needs for the HabDir reporting, and a 

classification scheme that is both able to live up to the users’ needs as well as 

enable the land/vegetation cover (including habitat quality indicators) mapping 

using hyperspectral remote sensing data. Although protection-targeted 

NATURA 2000 habitats are listed in the Annex 1 of the Habitats Directive and 

described in the European Interpretation Manual [12], there are substantial 

differences in interpretation of the delineation of habitat types and defining 

their local conservation status. In this WP, it was therefore foreseen to look into 

the field methodologies for habitat mapping and conservation status assessment 

in a number of European countries, of the habitat types targeted in the 

HABISTAT project, in order to derive a classification scheme consisting of 

classes that are used internationally as habitat features.  

These WPs additionally consisted of: 

o WP2100: Literature study 

A WP to enable continuous follow-up of relevant scientific and grey 

literature. 

o WP3100: Field Work 

The objective of this WP was to acquire the field data necessary for the 

training, testing and validation of the classification methodologies, as 

well as to further enhance insights into approaching conservation status 

assessment from a RS point-of-view. 

o WP3300: RS Data acquisition 

The objective of this WP was to obtain both the airborne and 

spaceborne hyperspectral images necessary to demonstrate, test and 

evaluate the project developments. 
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WP4000: Data Processing 

This WP consisted of 4 subWPs, three of which focussed on enhancing 

classification results and robustness, and one looking at the potential of super-

resolution to bridge the spatial resolution gap between current airborne and 

spaceborne hyperspectral(-oriented) sensors.  

The specific objectives for each subWP were as follows: 

o WP4100: Spatial Contextual Description 

The goal of this work package was to study how to extend purely pixel-

based classification to classification including spatial information. 

o WP4200: Data Modelling 

The objective of this WP was to investigate methods that enhance the 

robustness of the classifications, such as wavelet transforms and 

spectral unmixing methods in combination with ecological knowledge 

rules. 

o WP4300: SR Image Reconstruction 

The aim of this WP was to investigate the potential of SR to narrow the 

gap of spatial resolutions between airborne and spaceborne 

hyperspectral data, by improving the spatial resolution of a set of multi-

angular or multi-temporal spaceborne images of the same ground 

target. 

o WP4400: Ensemble Classification 

The objective of this WP was to look into the operational potential of 

ensemble classifiers in terms of stability, accuracy, ease of use, and 

computing costs for the mapping of vegetation cover and habitats. 

 

WP5000: Exploitation 

This WP had the following three subWPs and associated objectives. 

o WP5100: Structural Analysis 

Bearing in mind the low inter-variability and high intra-variability 

aspects of habitat patches, the objective of this WP was to determine 

and assess the habitat patches by looking at the relative abundances of 

the constituent vegetation types.  

o WP5200: Validation 

This WP had the aim to design a validation sampling strategy and field 

protocol to enable a statistically sound assessment of the obtained 

results for the vegetation/land cover maps, as well as the determination 

of habitat patch types and quality estimates. 

o WP5300: Operational Integration 

This WP was set up with the objective to initiate the integration of the 

developed methodologies and algorithms into the Central Data 

Processing Centre (CDPC) of VITO. The CDPC is a fully operational 

processing chain for the pre-processing of raw (hyperspectral) image 

data to geometrically, radiometrically and atmospherically corrected 

imagery, ready for use in various applications. The results of this 

project form the basis for the development of an added value product 

chain for habitat mapping and quality assessment.   
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5.3. Report per Work Package 

5.3.1. Introduction 

This part of the report contains a summary of the achievements per work package. For 

readers interested in further details, references are made in the text to the publications 

provided in Annex to the report. In Figure 5.1, an overview is given of the different WPs of 

the project. 

 

 

Figure 5.1. Overview of the project's work packages 

 

5.3.2. WP2200 Requirement Analysis 

The results of WP2200 were reported in extenso in the activity report #2 of 09.07.2009 

(available on request). In summary, data needs on NATURA 2000 habitats can be grouped 

into three main spatial levels, each with their respective stakeholders: 

(1) EU: stakeholders are European organizations such as the Directorate-General 

Environment (DG ENV) of the European Commission, the European 

Environment Agency (EEA) and its European Topic Centre on Biological 

Diversity (ETC/BD),… 

(2) Member state: stakeholders are e.g.: 

- national and subnational (e.g. in Belgium: regional) authorities responsible 

for nature conservation policy on their territory and for reporting towards 

EU (art. 17 of the Habitats Directive); 

- non-governmental nature conservation organisation with a 

regional/national range; 

- civil society organisations with interests in the rural area. 

(3) Individual sites: stakeholders are (sub)national or lower level authorities 

responsible for e.g. reporting to EU through Standard Data Forms, or appropriate 

assessment of plans and projects (and thus also the organisations and companies 
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involved), as well as site managers in need of evaluation and guidance of their 

management. 

 

The HABISTAT project focussed on the latter two levels (member state and sites). Table 

5.1 shows a synoptic overview of the general data needs and required accuracy resulting 

from N2000 reporting requirements at both spatial levels, and specifies the data quality that 

can be reached with current practices (field-survey maps). From this information, targets 

are then derived for a remote sensing based application (Adjusted version of the activity 

report #2, based on new EC guidelines and insights [13]). 

 

Table 5.1. Overview of data needs and required accuracy at two spatial levels, 

comparison with data quality of current practices, and derived targets for a remote sensing 

based application 

Level Data need Prescribed accuracy/ 
threshold 

Data quality obtained by 
current practices in BE & NL1 Goals for RS 

Regional/ 
National 

Range: habitat 
distribution not specified 

Most recent habitat distribution 
data in some areas up to 12 years 
old. Future update uncertain. 

Habitat distribution data < 12 years 
old (= spanning maximum two 
reporting intervals). 

  Range: trend 1% change per year3 
Trend detection by expert 
judgement. 

Changes of 12% within two reporting 
intervals (12 years) detectable. 

  
Area: estimate 
(km²) not specified 

Uncertainty on area estimates 
around 25% of the estimate (up to 
70% for certain habitats). 

Uncertainty on area estimate < 20% 
of the estimate. 

  Area: trend 1% change per year3 Trend detection by expert 
judgement. 

Changes of 12% within two reporting 
intervals (12 years) or larger trends 
within 6 years detectable. 

  

Specific 
structures & 
functions 
('habitat 
quality') 

More or less than 25% 
of area in 
unfavourable local 
state or almost in 
favourable state 

Monitoring programme for most 
habitats under construction.2 

Reliable detection of area in bad 
state, with an uncertainty level of 5% 
acceptable. 

  Future 
prospects 

not specified Variable (based on expert 
judgement). 

RS may contribute by delivering 
specific information for certain 
habitats. 

Local 
(N2000 site) 

Habitat 
distribution 
(Habitat map) 

not specified, but high 
accuracy required 

Accuracy of Flemish field-driven 
Habitat Map in Kalmthout is 
around 80%.4 

≥ 80% classification accuracy of 
habitats.4 

  Area: estimate 
(% of site) 

not specified 

Uncertainty on area estimates for 
Kalmthout around 50% of the 
estimate (up to twice the 
estimated area for 4030). 

Uncertainty on area estimate < 20% 
of the estimate. 

  

Habitat quality 
('local 
conservation 
status') of 
patches and full 
site level 

not specified 

No data for some 50% of the 
habitat area in the site (up to 
100% for some habitats) → expert 
judgement. 

Indication of local conservation 
status for all patches in the site. 

1 The estimates of current data quality are based on data for Flanders and the Netherlands. Despite the limited 
geographic extent, such analyses deliver valuable information on user expectations towards a remote sensing 
based application. The analysis is focussed on Belgium and the Netherlands, because the data sources and 
approaches used for reporting by other member states were not accessible for this project. 

2 First assessment (2007) largely based on distribution of typical species as derived from atlases [14]. This 
method is however not suitable for detecting trends within periods of 6 or 12 years. Only for forest habitats 
and some water habitats, a monitoring programme with dedicated data collection is already running. 

3 Derived from ‘a 24% over 24 years’. The reasoning behind is that it has to be possible to detect  small changes 
(the “1% a year”)  over longer periods. On the short term it suffices to detect large changes (e.g. a strong 
decline).     

4 The accuracy of the existing habitat map is calculated using the samples of the field campaigns 2006 – 2007 
(section 5.3.3). As such it is comparable with the approach of testing and defining the accuracy of RS 
classifications. This enables us to define the cited goal for RS. 

 

For heathland habitats, a more in-depth requirement analysis was carried out to identify 

suitable indicators for the assessment of local conservation status (e.g. grass and shrub 

encroachment, age differentiation of heather Calluna vulgaris,…). These indicators 

subsequently served as input for many other activities in the project: classifications using 
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the heathland classification scheme as a legend, structural analysis activities, validation,… 

We refer to the first and second activity report for more details on this work; the major 

findings have been published in [10] (Annex C.1). 

 

5.3.3.  WP3100 Field Work  

Fieldwork was carried out in three areas: the Kalmthoutse Heide (BE) (which included the 

Kalmthoutse Heide s.s., and the northern part of the nearby military area Klein Schietveld), 

Ginkelse and Eder Heide (also including Wekeromse Zand) (NL), and the Dijle valley (BE). 

Because airborne hyperspectral imagery could not be acquired for the Dijle valley (see 

section 5.3.5.1), the foreseen research on this site could not be performed. This report thus 

focuses on the other two study sites. 

 

For the Kalmthoutse Heide, two extensive field datasets were generated: 

(1) a dedicated dataset of sample points comprising carefully selected, targeted 

vegetation types. Collected in 2007 (with limited additions from 2006 and 2008). 

Total sample size: 1353 points. 

(2) a stratified random dataset of sample points, comprising both typical targeted 

vegetation types and all possible transitions. Collected in 2009. Total sample size: 

586 points. 

In addition, other fieldwork resulted in some smaller datasets. More details are given in 

section 5.3.3.1. 

 

For the Ginkelse and Eder Heide, a database of the vegetation composition was collected 

in a similar way as on the Kalmthoutse Heide, and field spectra of vegetation types and 

reference sites were collected. More details on the fieldwork in the Ginkelse and Eder Heide 
can be found in [15] (Annex C.2).  

 

Besides fieldwork executed in the framework of the HABISTAT project, additional field-

driven data were available: the Biological Valuation map for the Kalmthoutse Heide and a 

recent vegetation map for Ginkelse and Eder Heide. 

 

5.3.3.1.  Kalmthoutse Heide field dataset 

 

Training and testing dataset - 2007 

A good ground reference dataset is crucial for the success of a classification. A major 

source of classification inaccuracy in vegetations is caused by the often subtle differences in 

vegetation types as discerned by classical vegetation typologies, and the failure to relate 

these differences to vegetation characteristics that are reflected in remotely sensed images. 

In classical vegetation typology, the difference between related vegetation types is often 

based on the presence of highly characteristic species in low numbers, whereas in remote 

sensing, , it is mainly the above ground biomass, plant architecture and dominant species 

that are crucial for the spectral signature measured [16-19].   

In order to achieve high classification accuracies in this project, we adopted a protocol 

for the collection of in-situ observations that is able to link both ways of looking at 

vegetations. This protocol is largely based on the BioHab-methodology, a common method 

for the surveillance and monitoring of habitats in the whole of Europe, developed within a 

project of the EU 5th Framework Programme [20]. 
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Plots of targeted vegetation types were selected when they represented a circle of 

homogeneous vegetation of at least 10 m diameter. Taking into account a pixel size of 2.4 

by 2.4 m (AHS images), this plot size guaranteed 4 to 9 training pixels per plot. Following 

the BioHab-method, vegetations were described by the coverage (in %) of the plant life 

forms present (e.g. grassy species, forbs, woody species of several height categories, aquatic 

species) and the dominant species within each life form, thus recording the main drivers 

for the spectral signature of a given pixel in a remotely sensed image. For the purpose of 

this study, we also added a complete list of all species present within the plot, enabling the 

plots to be typified using widely used classical vegetation typologies in Western Europe. 

Finally, each description was completed with the recording of some additional information, 

such as GPS-location, pictures, EU-habitat type (if applicable), soil moisture, management, 

mean vegetation height,… 

 

Following the user requirement analysis, we drew up a list of targeted vegetation types 

and sought representative samples of these types in the field (in circles of at least 10 m 

diameter, see above). This list was not only inspired by the habitat types sensu stricto, but 

also by other land cover classes and by descriptors of habitat quality. Vegetations were 

recorded using the protocol described above and the exact location was determined to an 

accuracy of a few centimetres using a Trimble 5800 RTK-GPS. 

In total, 694 plots were recorded in the field in 2007, representing all major vegetations 

from dry and wet heathlands, inland sand dunes, forests and ecologically valuable 

grasslands present within the area. 146 plots recorded in 2006 in the framework of a project 

using IKONOS-data [21] could be added to this number. Additionally, the dataset was 

further enlarged with 485 points selected on aerial orthophotos, representing a few selected 

land cover classes: arable fields, agricultural grasslands, bare sand and water bodies. The 

selection of these 485 points was based upon data from a complete survey of the 

agricultural zones of the study area within two days after the AHS image acquisition (03-

04.06.2007), ensuring that information on crop type and grassland type was consistent with 

the situation at the time of the image acquisition. 

This dataset of in-situ observations for the Kalmthoutse Heide study area contains 1325 

plots in total, spread over the entire study area of 3 by 12 km. 

 

Validation dataset - 2009 

In summer 2009, an extra set of field reference data was collected in the study area 

Kalmthoutse Heide. This dataset was based on a statistically sound random sample, and was 

mainly aimed to serve validation activities. 

 

A detailed account of the 2009 field protocol can be found in Annex C.3. In short, 

sample points were distributed according to a rough primary thematic stratification 

(corresponding with HABISTAT level 1 classes, see Figure 5.2) and an ad-random 

subsampling. First, a detailed vegetation description was made within a circle of 10 m 

diameter around each sample location (BIOHAB-description + labelling according to the 

HABISTAT hierarchical classification scheme). Second, one or more vegetation patches 

were delineated around these points following the BIOHAB rules for vegetation mapping. 

For each of these patches, the NATURA 2000 habitat type was determined and its 

conservation status was estimated. 
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Additional fieldwork 

In the course of the project, additional field data were collected with very specific 

purposes. 

In 2008, a campaign was set up to collect field spectroscopic measurements of targeted 

land cover classes. More details are given in the activity report #2 of 09.07.2009. The 

obtained spectroscopic measurements served as inputs for WPs 4200 and 4300 (see section 

5.3.7 and 5.3.8). 

In 2009, four plots of 50x50 m were mapped with extreme high spatial accuracy, 

consisting of vegetation patches as small as the AHS pixel size. This work was performed 

to enable the assessment of performance of classifiers that take into account the spatial 

neighbourhood information (see section 5.3.6.4).  

In 2010, the conservation status of 13 plots of dry sand heath was assessed by 7 skilled 

observers, in order to provide an idea of the inter-observer variability of field assessments. 

 

5.3.4. WP3200 Data Labelling 

5.3.4.1. Hierarchical classification scheme 

Collected field data of 2007 of the Kalmthoutse Heide were analysed using contrasting 

techniques of multivariate analysis: Ward’s clustering (an agglomerative method) and 

Twinspan (a divisive method). For each plot, the coverage (in %) of the plant life forms as 

well as the coverage of the dominant species (i.e. all species having 10 % or more coverage 

in the vegetation) were used as input variables, thus restricting the analysis to those 

parameters that are assumed to show the highest correlation to the spectral signatures. 

Using the draft list of targeted vegetation types, we interpreted each of the clusters 

acquired by the multivariate analysis and gave it a meaningful name. Subsequently, we 

arranged these groups of plots, representing vegetation classes, in a 4-level hierarchical 

classification system and added a unique code, from 1 to 4 letters. This scheme was 

subsequently made applicable to both heathland study areas by adding some vegetation 

classes that are present in the Ginkelse and Eder Heide but not in Kalmthout (Figure 5.2). 

 

The heathland classification scheme consists of 6 classes at level 1, representing broad 

land cover classes: heathland, grassland, forest, sand dunes, water and arable land. These 6 

classes are gradually refined into 27 classes at level 4, inspired not only by the definitions of 

the habitat types but also by the structures and functions that are crucial for the assessment 

of habitat quality. E.g. the quality of the habitat type 4030 Dry European heaths is to a large 

part determined by the amount of encroachment by purple moorgrass (Molinia caerulea) 

and by the presence of heather (Calluna vulgaris) in different developmental stages. These 

aspects are reflected in the level-4 classes Hgmd (dry, Molinia-encroached heathland) and 

Hdcy/Hdca/Hdco/Hdcm (young, adult, old and mixed heather age respectively). Important 

habitat quality indicators (grass and shrub/tree encroachment, bare and fixed sand dune) 

are already included at level 2. 

Each plot in the data set was assigned to a class of the classification scheme, up to the 

highest level possible but respecting strict rules. E.g. a plot of wet heathland dominated by 

cross-leaved heath (Erica tetralix) was assigned to the level 3 class Hwe only when cover of 

Erica was 60 % or higher. If not, this plot was only defined up to level 2 (class Hw: wet 

heathland) and not further. By applying these rules, it was assured that for the Kalmthout 

data set of field observations, each class can be defined in terms of coverage of life forms 

and/or dominant species. Annex C.4 provides an overview of the class definitions of the 

classes used in the HABISTAT classification scheme. 
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Level1 Level2 Level3 Level4 

H Heathland 

Hd Dry heathland Hdc Calluna-dominated heathland 

Hdcy Calluna-stand of predominantly young age 

Hdca Calluna-stand of predominantly adult age 

Hdco Calluna-stand of predominantly old age 

Hdcm Calluna-stand of mixed age classes 

Hw Wet heathland Hwe Erica-dominated heathland Hwe- Erica-dominated heathland 

Hg 
Grass 
encroached 
heathland 

Hgm Molinia-dominated heathland 
Hgmd Molinia-stand on dry soil 

Hgmw Molinia-stand on moist soil 

Hgd Deschampsia flexuosa-dominated 
heathland 

Hgd- Deschampsia flexuosa-dominated heathland 

Hs 
Shrub/Tree-
encroached 
heathland 

Hsr Rubus-encroached heathland Hsr- Rubus-encroached heathland 

Hst Tree-encroached heathland Hst- Tree-encroached heathland 

G Grassland 

Gt 
Temporary 
grassland 

Gt- Temporary grassland Gt-- Temporary grassland 

Gp Permanent 
grassland 

Gpa 
Permanent grassland in intensive 
agricultural use 

Gpap Species-poor permanent agricultural grassland 

Gpar Species-rich permanent agricultural grassland 

Gpn 
Permanent grassland with semi-
natural vegetation 

Gpnd Dry semi-natural permanent grassland 

Gpj Juncus effusus-dominated 
grassland 

Gpj- Juncus effusus-dominated grassland 

F Forest 

Fc Coniferous 
forest 

Fcp Pine forest 
Fcpc Corsican pine 

Fcps Scots pine 

Fd 
Deciduous 
forest 

Fdb Birch forest Fdb- Birch forest 

Fdq Oak forest Fdqz Pedunculate oak 

S Sand dune 

Sb Bare sand Sb- Bare sand Sb-- Bare sand 

Sf 
Fixated sand 
dune 

Sfg 
Sand dune with grasses as 
important fixators Sfgm Sand dune fixated by grasses and mosses 

Sfm Sand dune with mosses as 
dominating fixators 

Sfmc 
Fixated sand dune with predominantly Campylopus 
introflexus 

Sfmp 
Fixated sand dune with predominantly Polytrichum 
piliferum 

W Water body Wo Oligotrophic 
water body 

Wov 
Shallow, vegetated oligotrophic 
water body 

Wov- Shallow, vegetated oligotrophic water body 

Wou Unvegetated oligotrophic water Wou- Unvegetated oligotrophic water 

A Arable fields Ac 
Arable field 
with crop 

Acm Arable field – maize Acm- Arable field – maize 

Aco Arable field - other crops Aco- Arable field - other crops 

Figure 5.2. Four-level hierarchical classification scheme for heathland areas 

 

 

5.3.4.2. Database application 

For the storage and analysis of the collected field data, a database application proved 

necessary, but due to the specific format of the collected data, no useful database was 

readily available. Therefore, a custom-made database application using SQL-server was 

built. Data are stored on a central server, but can be accessed through a client interface in 

MS-Access. 

Beginning 2008, INBO acquired a Topcon GMS-2 handheld field computer with 

integrated GPS-receiver. We developed an application (‘InboVeg’) running on Windows 

CE-devices to enable direct input and digital storage of collected data in the field, thus 

eliminating the time-consuming and potentially error-generating manual input of field 

recording sheets in the database. InboVeg uses XML as a data exchange format and is 

conceived in a generic way so as to ensure that other types of field work protocols (e.g. in 

future projects) can be easily implemented. In 2009 and 2010, the application was further 

developed and evaluated for use in the European FP7-funded project EBONE, where it 

received positive comments. 
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5.3.5. WP3300 RS Data Acquisition 

Table 5.2 provides an overview of the images acquired within this project. 

 

Table 5.2. Overview of the images acquired in the project 

Type Time of acquisition Sensor Study site Comments 

Airborne 02.06.2007 AHS KH  

 10.10.2007 AHS GEH  

Spaceborne 04.06.2007 CHRIS/Proba KH Poor quality (i.e. a lot of clouds) 

 22.06.2007 CHRIS/Proba KH Poor quality (i.e. a lot of clouds) 

 18.09.2007 CHRIS/Proba KH Data type problem embedded in the 

delivered HDF data that hampered 

proper pre-processing.  

 22.10.2007 CHRIS/Proba GEH  

 11.05.2008 CHRIS/Proba DV  

 20.05.2008 CHRIS/Proba DV  

 24.06.2008 CHRIS/Proba KH  

 01.07.2008 CHRIS/Proba KH  

 

5.3.5.1. Acquisition of airborne data 

Airborne AHS (Airborne Hyperspectral Scanner) imagery was acquired by INTA 

(Instituto Nacional de Technica Aerospacial) for the Kalmthoutse Heide, and Ginkelse and Eder 

Heide during two flight campaigns, financed by the  Belgian Science Policy, in June and 

October 2007. The images’ main properties are a spatial resolution of +- 2.4 m, and 63 

spectral bands in the wavelength range of 400 to 2600 nm. For the Dijle valley no airborne 

images were acquired due to unfavourable weather and technical problems (with the 

airplane). 

Pre-processing of the AHS images was performed using the CDPC (Central Data 

Processing Chain) of VITO. Geometric correction is accomplished based on the delivered 

metadata (i.e. IMU and GPS data). Atmospheric correction is based on the algorithms of 

ATCOR. For both heathland sites, a mosaic image was subsequently created of the pre-

processed AHS images to facilitate further processing and analysis. In overlapping areas, 

the algorithm selects the data from the image with the smallest View Zenith Angle (VZA), 

hereby diminishing to some extent the atmospheric influence on reflectance values caused 

by off-nadir viewing. This mosaic approach is justified within the context of this project 

because of the very large overlap between neighbouring tracks. 

5.3.5.2. Acquisition of spaceborne data 

CHRIS/Proba imagery was acquired for all three intended study areas (Kalmthoutse 
Heide and Dijle valley in Belgium, and Ginkelse and Eder Heide in the Netherlands) (see Table 

5.2). The images were acquired between 2007-2008 at mode 3 with 18 bands between 0.4 

and 1 µm at 18m spatial resolution. The choice of acquisition at mode 3 was to have the 

highest possible spatial resolution. Five angular images, at +55°, +36°, 0°, -36°, and -55°, 

covering the same ground surface were acquired for each scene.  Figure 5.3 illustrates this 

multi-angular image acquisitioning. The images were atmospherically corrected in close 

cooperation with Dr. L. Guanter, at that time supervisor of the ESA BEAM toolbox module 

related to atmospheric correction. Figure 5.4 shows the nadir image for each of the study 

sites.  

44



 

 

 

 

Figure 5.3. Example of multi-angular CHRIS/Proba acquisitions 

 

Kalmthout 

01.07.2008 

Ginkelse & Eder Heide  

22.10.2007 

Dijle valley  

20.05.2008 

Figure 5.4. CHRIS/Proba nadir image examples for each study area. 

 

 

5.3.5.3. Image quality assessment  

Image quality after atmospheric corrections of both the airborne and spaceborne images 

was assessed by comparison with field measurements from an ASD spectroradiometer 

(Figure 5.5). 
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Figure 5.5. Comparison of spectral profiles of CHRIS/Proba (blue) and ASD (red) field 

measurements 

 

5.3.6.  WP4100 Spatial contextual description 

Following the drastic increase in spatial resolution of hyperspectral images in recent 

years, the goal of work package 4100 was to study how to employ contextual information, 

i.e. information on neighbouring or nearby pixels, together with spectral information in 

order to improve classification, both in terms of accuracy and in terms of interpretability.  

To this end, multiple state-of-the-art strategies were investigated. These strategies 

included: 

• Including contextual information as prior information in a Bayesian framework 

using Markov Random Fields (MRF) and exploiting the hierarchical structure of the 

classification scheme. 

• Extracting morphological (attribute) features from a high-resolution colour image of 

the scene and concatenating these features with the spectral features of the 

hyperspectral image. 

• Classification of a previously  segmented map, referred to as the object-based 

approach (Object-Based Image Analysis or OBIA). 

In addition, the problem of accuracy assessment for multiple contextual classification 

results was addressed. Most ground reference data are collected in isolated regions that tell 

us little about the transitions between classes. To overcome this problem, a new reference 

and a new measure for accuracy were introduced. 
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5.3.6.1. Markov Random Fields (MRF) 

As a first strategy for incorporating contextual information in the classification process, 

a technique was used based on Markov Random Fields (MRF).  With MRF, the probability 

for a pixel in the image to belong to a certain class is determined by the classes of the pixels 

in the direct vicinity of this pixel. To this end, the class of the pixel under study is 

compared to the classes of the neighbouring pixels and, when different, penalized by a (set 

of) model parameter(s), in turn determining a potential function. The probability for the 

occurrence of a certain class corresponds to a Gibbs distribution, where the energy function 

in the distribution is in fact the sum of the potential functions. Ultimately, this probability 

can be integrated in a Bayesian model as a prior probability for the occurrence of a class 

and can thus be combined with a pixel-based classification approach. This way, an iterative 

algorithm originates, in which a classification is performed and, based on this classification 

result, a new estimation of the model parameter(s) can be found. 

The relationships between the different classes was determined by applying the method 

of Tree-Structured Markov Random Fields (TS-MRF) [22]. This method is originally based 

upon a binary tree approach. The reasoning behind this approach is the flexibility of the 

model parameters. Rather than the common "flat" approach, where a single (set of) model 

parameter(s) is used for the entire image, now a distinct (set of) model parameter(s) can be 

used for each node of the tree, fine-tuned to the separation of its two child classes and, at 

the same time, keeping the problem tractable by reducing the number of parameter sets to 

the order of the total number of classes. 

To combine the strength of the hierarchical classification approach with the possibilities 

of the TS-MRF technique, the tree was extended to follow the structure of the classification 

scheme. The implication was a trade-off between freedom in tree-structure and a larger 

number of model parameters to be estimated. However, because the model parameters 

should be estimated on a relatively small scale window, in order to capture the local 

structural variations, the number of distinct classes, coinciding within the window, was 

limited. Consequently, a flat approach could be applied for every node in the tree, reducing 

the complexity, while, at the same time, retaining sufficient flexibility. 

To our advantage, the randomly stratified ground reference data, collected in the 

summer of 2009, offered the possibility to compare the results of the described methods 

with each other. More than merely giving a class label for each location in the validation 

set, every validation sample was a small area in which the percentages of the occurring 

classes were given. This allowed us to construct a fuzzy confusion matrix, which included 

information on the spatial distribution of the classes. Using this approach, hierarchical 

classification was compared to straightforward classification on a single level of the 

classification scheme, and the use of the general TS-MRF method was compared to the 

"flat" MRF approach. 

 

Table 5.3. Overall level 4 accuracies derived from fuzzy confusion matrix 

 

 

 

 

 

 

 

 

 Direct 

Classification 

Hierarchical 

Classification 

Flat MRF TS-MRF 

Homogeneous 

Samples 

46.37% 48.77% 55.45% 55.04% 

Heterogeneous 

Samples 

44.59% 48.35% 46.90% 50.21% 

All Samples 45.39% 48.54% 50.78% 52.40% 
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Figure 5.6 shows some differences between classification results obtained by classifying 

hierarchically and directly on level 4, using the same classifier. Visually, more structure 

seems to be present in the hierarchical classification result, as well as lower variation in 

class labels. Table 5.3 shows the overall accuracies on level 4 derived from the fuzzy 

confusion matrix for a direct classification on level 4, a hierarchical classification, a flat 

MRF approach and the TS-MRF approach, respectively. Accuracies are given with respect 

to the homogeneous validation samples only (field dataset 2007), heterogeneous validation 

samples only (field dataset 2009) and all samples at once (both 2007 and 2009). 

Hierarchical classification performed better both with respect to the homogeneous as 

with respect to the heterogeneous samples. The flat MRF performed almost on a par with 

the TS-MRF result when considering only the homogeneous samples, but was 

outperformed with respect to the heterogeneous samples. Due to the use of only one 

parameter for all classes, the flat MRF appeared not to be as flexible as the TS-MRF. A 

journal paper was submitted, discussing these results [23] (Annex C.5). 

 

 

 

Figure 5.6. From left to right: zoomed image, hierarchical classification result, direct level 4 

classification result 
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5.3.6.2. Morphological (attribute) profiles 

A second strategy for using contextual information was based on the concept of the 

morphological profiles (MP), introduced in [24]. The basic concept of these techniques is 

the application of morphological filters on the image, which brings out specific information 

about the objects that are present in the scene. For instance, a particular morphological 

filter may remove all objects that are smaller than a certain size. Naturally, applying such a 

filter on the image generates a new image. Consequently, applying a filter multiple times, 

for instance by choosing different minimum sizes in the previous example, leads to a pile of 

filtered images. This pile of images, hereafter referred to as a morphological profile (MP),  

can be used as a new set of features, just like the original hyperspectral image. More 

specifically, in our example, the generated MP includes a lot of information on the size of 

the objects. Hence, it is considered to be a set of contextual features. Together with the 

spectral image features, the MP is expected to improve classification.  

Originally applied on high-resolution panchromatic images, a single morphological 

feature is generated by performing a morphological opening or closing by reconstruction 

on the original image. The MP consists of multiple morphological features, generated with 

a structuring element of increasing size. In [25], the MP concept is extended to high-

resolution hyperspectral images, by considering the first principal components (PC) of the 

image and generating a MP for each of these PC individually. A combination of all these 

MP is then referred to as Extended Morphological Profile (EMP). 

In our work, MP were to be generated from very high spatial resolution RGB colour 

images, for instance orthophotos available for the heathland area or images acquired from 

a UAV. Contrary to the EMP, however, the colour bands were not treated separately, but 

processed simultaneously using colour morphology concepts (a complete vector ordering 

scheme), in which the well-known grayscale morphological operators were extended. By 

treating the RGB components as vectors, the correlations between the bands were 

preserved, such that no disturbing artefacts were introduced by the operators. The 

extracted MP, in our work referred to as Colour Morphological Profile (CMP), was then 

fused with the features of the hyperspectral image. In a classification experiment, it was 

shown that this concept improved the spatial characterization of the colour image, 

compared to applying the MP of each of the colour bands separately. For our experiment, 

the well-known data set of Washington DC Mall (HYDICE) was used. A true colour image, 

extracted from the hyperspectral dataset was considered as the high spatial resolution RGB 

colour image. Subsequently, the spatial resolution of the original data set was reduced by a 

factor of four to serve as low spatial resolution hyperspectral data.  

Figure 5.7 shows classification results of using only the downscaled hyperspectral data 

(“Spectral”) and the result of merging the hyperspectral data with the CMP (“Spectral + 

CMP”). Clearly, “Spectral + CMP” shows considerably more spatial detail, as was to be 

expected. Table 5.4 shows the overall accuracies and kappa coefficients of classification 

results using, respectively, only spectral features from the hyperspectral image 

(“Spectral”), spectral features concatenated with the high spatial resolution RGB image 

(“Spectral + RGB”), spectral features concatenated with MPs calculated independently for 

the red, green and blue bands (“Spectral + MP”) and spectral features concatenated with 

the CMP (“Spectral + CMP”). These numbers confirm the visual results, with “Spectral + 

CMP” returning the largest overall accuracy of 93.9% and a Kappa coefficient of 90.9%. 

This work resulted in a conference paper accepted for IGARSS 2011 [26] (Annex C.6). 
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Table 5.4. Accuracy and kappa coefficient of the classification results for Washington DC 

Mall (HYDICE) 

 Overall accuracy Kappa coefficient 

Spectral 84.7% 78.4% 

Spectral + RGB 90.3% 85.9% 

Spectral + MP 93.4% 90.2% 

Spectral + CMP 93.9% 90.9% 

 

 

Figure 5.7. Top left: true colour image; Top right: legend; Bottom left: Spectral; Bottom 

right: Spectral + CMP 

In addition to the CMP and following the recommendations of the Steering Committee, 

the concept of morphological attribute profiles (AP) was used as a more general approach 

of extracting contextual information from high spatial resolution colour images and 

combining this information with lower spatial resolution hyperspectral data. 

Contrary to MP, AP do not depend on a structural element with a predefined shape 

[27]. Also, while MP lead to features that describe the scale of the objects in the scene, AP 

are not limited to scale alone. Possible attributes include Area (size of objects), Moment of 

Inertia (elongation of objects), and Standard Deviation (object homogeneity). The size 

parameter of the structural element used in MP is replaced by a threshold value. By 

increasing the threshold value, and repeating this process for a number of relevant 

attribute types, a full AP is generated. 

For our purposes, AP were extracted from a high spatial resolution RGB colour image in 

order to improve the classification of a low spatial resolution hyperspectral image. Instead 

of working on the R, G and B bands, the colour image was first transformed into CIE-Lab 

colour space. In this colour space, colour attribute profiles (CAP) were generated by 

constructing grayscale attribute profiles for the ‘L’ component, which largely contains the 

contour information, while the ‘a’ and ‘b’ components, which hold the colour information, 
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retained their original content. The resulting components were subsequently converted 

back into RGB space and concatenated with the hyperspectral features.  

In a classification experiment, this approach was compared to other strategies for 

generating colour attribute profiles and to the use of grayscale attribute profiles. For our 

experiment, the well-known data set of Pavia University (ROSIS) was usedb. A true colour 

image, extracted from the hyperspectral dataset was, once again, considered as the high 

spatial resolution RGB colour image and the spatial resolution of the original data set was 

reduced by a factor of five to serve as the low spatial resolution hyperspectral data.  

A thematic map for the classification result, combining the spectral information and the 

CAP (“Hyperspectral + CAP1”), is depicted in Figure 5.8. 

Table 5.5 shows the overal accuracies and kappa coefficients of classification results 

using, respectively, only spectral features from the hyperspectral image (“Hyperspectral 

Only”), spectral features concatenated with the proposed CAP generated from the ‘L’ 

component without changing ‘a’ and ‘b’ (“Hyperspectral + CAP1”), spectral features 

concatenated with AP extracted from the ‘a’ and ‘b’, without changing ‘L’ (“Hyperspectral 

+ CAP2”), spectral features concatenated with AP calculated independently for ‘L’, ‘a’, and 

‘b’ (“Hyperspectral + CAP3”) and spectral features concatenated with AP extracted from 

the high spatial resolution image converted to grayscale (“Hyperspectral + Gray AP”). 

Clearly, the preserved colours in (“Hyperspectral + CAP1”) add a great deal of 

information, as demonstrated by higher thematic accuracies compared to “Hyperspectral + 

Gray AP”. Additionally, trying to extract information from the colour components leads to 

lower classification results than simply preserving the colours. This work resulted in a 

conference paper submitted to IEEE WHISPERS 2011 [28] (Annex C.7). 

The results, obtained using the ROSIS data set, encouraged us to evaluate the 

methodology on HABISTAT data of Kalmthoutse Heide. Aerial orthophotos were used as 

high spatial resolution colour data, while the available AHS data were selected as low 

spatial resolution hyperspectral data. Figure 5.9 illustrates part of the original RGB colour 

image and one image of an area Colour Attribute Profile (earlier referred to as CAP1), 

specifically an opening with the threshold set to 2400 pixels, i.e. removing objects that are 

brighter than the background, if the area of these objects is less than 2400 pixels. 

Unfortunately, the AHS image and the aerial orthophotos were not collected in the 

same time frame and, hence, display a number of seasonal variations, most likely resulting 

in poor performance of the CAP approach. For this reason, and to keep the computational 

complexity low, our approach will first be tested on a classification problem with a low 

number of general classes which are less subject to seasonal variations, like for instance 

urban classes. Better approaches for combining spatial and spectral features, e.g. decision 

fusion, are being investigated and are the subject of a journal paper under revision [29]. 

 

Table 5.5 Classification accuracies for the various AP strategies 

 

 

 

 

 

 

 

                                                           
b Thanks to Professor Paolo Gamba of the University of Pavia, Italy, for the University of Pavia data set along with the 

training and test sets. 

 Overall accuracy Kappa coefficient 

Hyperspectral Only 87.77% 0.8423 

Hyperspectral + CAP1 91.54% 0.8897 

Hyperspectral + CAP2 84.22% 0.7998 

Hyperspectral + CAP3 91.37% 0.8875 

Hyperspectral + Gray AP 89.67% 0.8664 
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Figure 5.8. Pavia University (ROSIS); From left to right: true colour image, Hyperspectral + 

CAP1, Legend 

 

5.3.6.3. Object- Based Image Analysis 

The strategy of segmenting an image prior to classification was implemented using a 

segmentation algorithm, designed specifically for multi- and hyperspectral images [30]. 

The algorithm consisted of a model-based region-merging technique, using a multinormal 

model for the pixels in each region. For every segment (object) of the resulting 

segmentation map the average spectrum was calculated and, subsequently, classified as a 

whole using a Linear Discriminant Analysis (LDA) classifier. The result was validated on a 

Biological Valuation Map (BVM), translated to the classification scheme and covering a 

large portion of the study area. 

Figure 5.9 Left: Original high spatial resolution colour image; Right: Colour area attribute 

opening with the threshold set to 2400, i.e. removing bright objects with an area smaller than 

2400 pixels. 
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For level 1 and (partial) level 2 of the classification scheme, vegetation maps with larger, 

more smoothed regions were obtained, while the classification accuracies were comparable 

to the pure spectral classification results (also validated on the translated BVM), as shown 

in Table 5.6 and Table 5.7, respectively. For level 3 and level 4, on the other hand, the scale 

of the detailed vegetation types was simply much too small to obtain suitable segmentation 

maps, using the aforementioned segmentation algorithm. 

 

 

Table 5.6 Classification accuracy (%) at level 1 

 

 LDA LDA + Segmentation 

Heathland 82.63 81.52 

Grassland 80.86 78.36 

Forest 79.04 74.50 

Sand Dunes 59.92 75.18 

Water bodies 51.19 83.47 

Arable Fields 65.69 70.09 

Total 77.57 77.53 

 

 

 

Table 5.7 Classification accuracy (%) at level 2 

 LDA LDA + Segmentation 

Dry Heathland 39.45 42.51 

Wet Heathland 22.25 20.22 

Grass-Encroached Heathland 55.31 50.62 

Temporary Grassland 20.19 18.45 

Permanent Grassland 73.08 61.40 

Coniferous Forest 71.37 67.53 

Deciduous Forest 42.04 39.06 

Bare Sand 66.82 77.87 

Oligotrophic Water Bodies 55.76 81.51 

Arable Fields with Crop 67.70 70.76 

Total 53.65 52.31 

 

 

5.3.6.4. Validation methods for contextual classification 
techniques 

Originally, the 2007 ground reference data for the HABISTAT project consisted out of 

isolated areas that did not provide information on the transitions between classes. 

Generally speaking, due to the high cost of collecting data, more often than not, this is the 

case. As a result, assessing the effect of contextual classification techniques is often difficult. 

Therefore, in addition to thematic accuracy assessment, visual inspection is often used 

in practice to assess the geometric quality of a thematic map, i.e. the accuracy of the class 

transitions. Unfortunately, this procedure is subjective and does not deliver quantitative 

evidence. Other procedures, which originate from the assessment of segmentation maps, 

involve quantitative evaluation of manually delineated reference objects, which are 

selected based on the high resolution property of the aerial or satellite imagery.  
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However, in certain applications, like for instance vegetation monitoring with a lot of 

very detailed land cover types, it can be very difficult to visually delineate areas on aerial 

or satellite images at a scale that is appropriate to the detail of the land cover types under 

study. Often, the resulting objects will be too coarse and contain a multitude of smaller 

objects of many detailed classes that cannot be perceived by eye on aerial or satellite 

imagery. For instance, it is possible to manually delineate the transitions between a 

heathland and a forest area, transitions that are likely to be correctly detected by many 

classification techniques. Within the resulting heathland object, however, many land cover 

types (e.g. heather bushes, bare sand, moss patches, ...) are spatially interwoven at a very 

fine scale. Therefore, it is safe to say that the delineated object is internally highly diverse, 

and the outer edges are most probably quite accurate, no matter which classification 

strategy is used. Nevertheless, the spatial arrangements of these small objects in the map 

products can be very different, depending on the classification methodology. 

For this reason, a method was developed to characterize the shapes of patches, i.e. 

connected pixels of the same class. The method was built upon the selection of a detailed 

reference, the per-pixel classification result generated with the same spectral classifier as 

the contextual maps, and a new measure to characterize the change of object shapes with 

respect to the reference. (By using this type of reference, the assumption is made that the 

desired shapes are present in the pixel-by-pixel classification result, but at the same time, 

they are clouded with noise.)  

A possible method is to consider that a thematic map consists out of patches, collections 

of connected pixels with the same class label. The shape of any of these patches is 

characterized by the edges between the patch and its neighbours. As a consequence, the 

shapes of the patches can be represented by an edge map, for instance an 8-neighbour edge 

map, in which each pixel gets the value of the number of classes that are different from the 

class label of the central pixel in an eight-adjacency neighbourhood. The alternative 

definition for the edge map presented here provides valuable information on how much 

each edge changes: small changes in patch shapes lead to smaller changes in absolute 

values of the edge map. For instance, when an isolated single-pixel patch in a 

homogeneous region disappears, its edge map value changes from 1 to 0.  

Additionally, a suitable way of representing this information is by using a confusion 

matrix, allowing to extract more information than possible from a single metric. The 

categories in this confusion matrix are no longer vegetation classes, but one of the nine 

possible values the 8-neighbour edge map can take. Not only does this edge confusion 

matrix indicate which edges remain the same and which do not, but it also indicates how 

drastic the change is. From the edge confusion matrix, a number of informative measures 

could be derived, including "Mean edge complexity", "Fragmentation", "Oversmoothing" 

and "Mean edge deviation". 

The method was tested on results of the TS-MRF technique described in section 5.3.6.1 

and served as a basis for a conference paper prepared for GEOBIA 2010 [31]. Additionally, 

the work was extended to a journal paper, submitted to Journal of Applied Geoscience and 

Earth Observation (JAG) [32] (Annex C.8).  

Figure 5.10 shows two example classification results. The left part is a MRF result, the 

right image is the result of an object-based approach, using a Statistical Region Merging 

technique with a very fine scale parameter [33] as segmentation algorithm, prior to 

classification. Despite its fine scale, the object-based result is still too coarse. The forest 

types in the centre of the image (depicted in shades of green) clutter together and the 

heathland areas (shown in shades of purple) form large homogeneous regions of a single 

land cover type, which does not correspond with the reality on the terrain. 
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Figure 5.10. Contextual classification results: From left to right: MRF result and Object-

based classification result 

 

 

Table 5.8 and Table 5.9 show edge confusion matrices for the object-based result and the 

MRF result, respectively. From these matrices, useful information about the performance of 

the contextual classification strategies can be extracted. The elements on the first row and 

first column of the error matrices represent the agreement between homogeneous areas in 

the observation and in the reference map. The MRF result shows much more agreement 

than the object-based result, even though the object-based maps contain approximately 

twice the amount of homogeneous areas. The largest values for the object-based result can 

almost always be found in the first row of the edge confusion matrix, implying that a lot of 

the complexity in the reference map corresponds simply to homogeneous areas in the 

object-based observations. The MRF result, on the other hand, has its largest values very 

close to the diagonal, implying high similarity, and only small changes in edge complexity. 

Summarising, these error matrices and the derived measures confirm that the shapes of the 

objects in the MRF result are much closer to the shapes of the objects in the reference map. 
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Table 5.8 Edge confusion matrix for object-based classification 

Observation   

Reference 

 0 1 2 3 4 5 6 7 8 Total 

0 1047139 1288438 800805 409516 151994 37752 6118 602 31 3742395 

1 41350 215773 279910 222877 114805 36012 7103 815 32 918677 

2 1050 8243 19547 22661 14760 5822 1316 184 7 73590 

3 13 138 476 741 618 276 67 11 0 2340 

4 0 2 10 10 9 6 2 0 0 39 

5 0 0 0 0 0 0 0 0 0 0 

6 0 0 0 0 0 0 0 0 0 0 

7 0 0 0 0 0 0 0 0 0 0 

8 0 0 0 0 0 0 0 0 0 0 

Total 1089552 1512594 1100748 655805 282186 79868 14606 1612 70 4737041 

 

 

Table 5.9 Edge confusion matrix for MRF classification 

Observation 
  

Reference  

 0 1 2 3 4 5 6 7 8 Total 

0 1088558 690116 203471 50897 9199 1072 58 3 0 2043374 

1 992 817662 436580 152468 35763 4773 395 20 1 1448654 

2 2 4802 455551 231968 66269 10955 1072 65 3 770687 

3 0 14 5118 217173 88909 18011 1958 118 5 331306 

4 0 0 28 3282 80921 23600 3070 196 10 111107 

5 0 0 0 17 1118 21167 4179 342 5 26828 

6 0 0 0 0 7 290 3843 456 7 4603 

7 0 0 0 0 0 0 31 409 25 465 

8 0 0 0 0 0 0 0 3 14 17 

Total 1089552 1512594 1100748 655805 282186 79868 14606 1612 70 4737041 

 

The procedure was intended as an extension to traditional methodology for measuring 

thematic accuracy, and can also be used together with some of the other recent 

methodologies for assessing geometric accuracy. With respect to these other methods, the 

proposed procedure is especially useful, when visual delineation of reference objects is 

much coarser than the spatial detail of the classes. 

 

 

5.3.7.  WP4200 Data modelling  

The objective of this WP was to investigate methods that enhance the robustness of the 

classifications, such as wavelet transforms and spectral unmixing methods in combination 

with ecological knowledge rules. 
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5.3.7.1. Subpixel unmixing for better heathland characterization 

Although conventional classification algorithms performed very well (accuracies > 90%) 

in discriminating broad land cover classes and habitat types (level 1 to 3), they failed in 

accurately distinguishing different heather age classes (level 4) which are an important 

indicator for the structural quality of the heathland habitat. Since all heather life stages 

have their specific structural characteristics, a subpixel unmixing approach followed by a 

decision tree classification was implemented to successfully map variations in heathland 

morphology and as such enhance the ecological value of information derived from remote 

sensing data. 

For more detailed information, we refer to the proceedings paper presented at the IEEE 

Whispers conference, June 14-16, 2010, Iceland [34] (Annex C.9). A journal paper is 

currently in preparation. 

 

5.3.7.2. Wavelet-based features to enhance the robustness of 
classifications 

The technique proposed by [35] to enhance the robustness of the classifications using 

wavelet features was investigated. The method uses a specific combination of discrete 

wavelet-based features to alleviate the inherent dependency of reflectance spectra on 

incoming solar flux density. More specifically, signals independent of flux density are 

obtained by dividing the hyperspectral signal by α, with α representing the difference ratio 

of the detailed wavelet coefficients and the corresponding wavelet levels at wavelength 

positions showing the highest rates of reflectance change. The authors demonstrate that the 

algorithm can lead to significant accuracy improvements in vegetation classification of 

hyperspectral imagery, compared to spectral-based classifications. They also mention the 

potential of the method to reduce BRDF and atmospheric transmission effects. However, 

the performance of the algorithm on CHRIS/Proba imagery was inadequate. Classification 

accuracies dropped from kappa 0.76 (spectral) to 0.57 (proposed method). The algorithm 

turned out to be robust only for simulated flux density variations, and not for varying view 

zenith angles (VZA) and more complex variations found in real imagery.  Other wavelet-

based feature combinations with potential beneficial effect on classification robustness 

were also tested with limited success. All possible ratio indices of Haar wavelet features 

were calculated and tested for their robustness to extract biochemical parameters (e.g., 

chlorophyll content, water content) from simulated spectra under different view zenith 

angles and on real CHRIS/Proba and AHS imagery. Reflectance spectra of vegetation 

containing a well known amount of biochemical constituents under different VZA were 

simulated by the ACRM radiative transfer model [36]. No independency of VZA was 

obtained using the proposed technique. As such, no index was found to be significantly 

more robust for biochemical parameter estimation compared to the already existing 

spectral indices.       

5.3.7.3. Combining segmentation and spectral unmixing for 
habitat quality assessment 

The use of segmentation techniques to identify relevant vegetation patches in 

combination with spectral mixture analysis of hyperspectral imagery from the Airborne 

Hyperspectral Scanner (AHS) was investigated. Comparison with traditional vegetation 

maps shows that the habitat or vegetation patches can be identified by segmentation of 

hyperspectral imagery. The results show that spectral mixture analysis in combination with 

segmentation techniques on hyperspectral imagery can provide useful information on 
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processes such as grass encroachment that determine the conservation status of NATURA 

2000 heathland areas to a large extent. A limitation is that both advanced remote sensing 

approaches and traditional field based vegetation surveys seem to cause over- and 

underestimations of grass encroachment for specific categories, but the first provides a 

better basis for monitoring if specific species are not directly considered.   

 For more details on these results, we refer to the following publications: [37], [34] and 

[15] (Annex C.10, Annex C.9, and Annex C.2 respectively). 

 

5.3.8.  WP4300 Superresolution (SR) Image Reconstruction 

Most spaceborne remote sensing (RS) images are coarser in spatial resolution than 

airborne images. The objective of this WP was to investigate the potential of 

superresolution (SR) to narrow the gap of spatial resolutions between airborne and 

spaceborne hyperspectral data, by improving the spatial resolution of a set of multi-

angular or multi-temporal spaceborne images of the same ground target, and subsequently 

assess the use of SR enhanced hyperspectral(-oriented) images for the mapping of 

NATURA 2000 habitats.  

 

5.3.8.1. Characteristics of CHRIS/Proba imagery 

Hyperspectral imagery was the focus of this project. Due to the unavailability of 

HYPERION (the only pre-operational spaceborne hyperspectral mission -- data requests 

were put, but they were never replied upon), angular CHRIS/Proba images with a strong 

hyperspectral orientation in its configuration were used.  For details on CHRIS/Proba 

imagery, please refer to http://www.chris-proba.org.uk/ and section 5.3.5.2. 

The use of CHRIS/Proba for our experiments has important implications. Firstly, the 

high off-nadir angles used in acquisitions, imposed serious registration problems. This 

might not be the case for future spaceborne hyperspectral missions (e.g. ENMAP, PRISMA, 

and HYSPIRI). Secondly, the spectral range of CHRIS/Proba only goes up to 1 µm. This 

means the classification results from CHRIS/Proba should only be regarded as an indirect 

reference, instead of as the results from true hyperspectral images, as the latter span the 

wavelength range between 0.4-2.5 µm. 

 

5.3.8.2. Implementation of popular SR methods on multi-angular 
and multi-temporal hyperspectral(-oriented) 

CHRIS/Proba images 

After a thorough literature review, popular SR image reconstruction approaches were 

selected and implemented. SR operations make use of several or many low-resolution (LR) 

images to generate a new expected high-resolution (HR) image. As CHRIS/Proba acquires 

five images of the same scene at different viewing angles, the multi-angular images can be 

ideally used as the LR input images for SR operations. The use of multi-temporal 

CHRIS/Proba images was also investigated to see their effectiveness. While this temporal 

approach increased the number of LR images for the SR operation, eligible LR images for 

SR usually takes longer time to obtain compared to the multi-angle situation. Therefore, 

multi-angle data plays an important role for an operational SR platform. Moreover, the 

multi-angle SR procedure can easily be extended to the multi-temporal case. For more 

details, please refer to the following publications and section 5.3.8.4: [38], [39], [40] and [41] 

(Annex C.11, Annex C.12, Annex C.13, and Annex C.14 respectively). 
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5.3.8.3. Advanced co-registration method for angular 
CHRIS/Proba images and SR operations 

In general, the three major building blocks of SR operations are: motion estimation, 

blurring estimation and SR reconstruction. Accurate co-registration of LR is a prerequisite 

for the success of SR operations. Due to the use of CHRIS/Proba images, some angular 

images were acquired at high off-nadir angles with huge geometric distortion. To cope 

with this, an advanced registration method was implemented to produce accurate 

registration. In particular, a vigorous screening process was used to select candidate 

control points and a thin-plate spline (TPS) non-rigid transform was used for the 

registration. This advanced registration method was then evaluated in the context of SR 

operation using both real and simulated data. While the results are interesting, it was also 

found that evaluation of SR enhanced images is anything but straightforward as there are 

often no higher resolution images available for comparison. An ideal set of higher 

resolution images for evaluation of the SR results should have comparable spectral 

configuration as the LR images used for SR operations, and be acquired at the same time as 

the LR images. For more details on the results on enhanced co-registration for SR, we refer 

to [42], [43] and [44] (Annex C.15, Annex C.16, and Annex C.17 respectively). 

 

5.3.8.4. Evaluation of SR enhanced CHRIS/Proba for NATURA 2000 
mapping 

The SR enhanced CHRIS/Proba image was used for the classification of heathland types 

in the Kalmthoutse Heide and Klein Schietveld. Some further experiments were conducted on 

spectral unmixing to deduce sand fractions in the Ginkelse Heide site. In general, we found 

the SR enhanced CHRIS/Proba images (9m) provide comparable classification accuracies 

as the original CHRIS/Proba images (18m), but with substantially more detail in spatial 

structure and contrast. In order to capture important indicators of the conservation status 

of heathlands, the classification scheme has been devised in four levels. At level 4, the most 

detailed level, the heathland classes were further separated into different stages of their life 

cycle. (For more details on the classification scheme, see section 5.3.4.1 and Figure 5.2). We 

have examined the use of SR enhanced images for classification at all four levels. The 

results from level 4 showed that classification accuracies of most classes were too low to be 

able to provide meaningful information. While the result at level 4 is not promising, more 

acceptable accuracy levels are obtained at level 2 classification with between 8 to 10 classes. 

More details on the classification experiments can be found in section 5.3.9 and the 

following publications: [38], [45], [46] and [47] (Annex C.11, Annex C.18, Annex C.19, and 

Annex C.20 respectively). 

 

5.3.8.5. Directions for future research 

Determination of Point Spread Function  

Many interesting aspects of SR application on hyperspectral imagery were briefly 

investigated but remain largely unexplored. One important aspect is the configuration of 

the Point Spread Function (PSF) which is most often used as the blurring estimation, an 

important parameter for SR application. Some initial experiments have been conducted 

using a model-based Point Spread Function (PSF) estimation method.  
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The method can be divided into three parts: 1) Detect the straight line with subpixel 

accuracy and extract Edge Spread Function (ESF) profile; 2) Estimate the parameter of 1-D 

Gaussian with the measured ESF profile; 3) Assume the PSF is separate Gaussian and its 

parameters can be estimated with several sampled 1-D Gaussians. This method might 

provide a more accurate estimation of the blurring filter in SR operations but requires 

further work and validation. 

 

 

 

 

 

 

 
(a) 

 

 
        (b) 

Figure 5.11. PSF estimation for the +36° CHRIS/Proba image for the Kalmthoutse 

Heide: (a) the selected edge regions; (b) corresponding aligned optimal 

profile. The red points represent values from image pixels across the image 

edges, and the blue curve is the fitting curve, or Edge Spread Function. 

 

-8 -6 -4 -2 0 2 4 6 8
0.35

0.4

0.45

0.5

0.55

0.6

0.65

0.7

Distance to edge

R
ef

le
ct

an
ce

δt=0.98702

60



 

SR for HS imagery  

Hyperspectral remote sensing images are increasingly being used in various 

applications due to their wealth of spectral information. 

To improve SR of hyperspectral images, it is possible to make use of correlation of 

bands in the continuous spectrum. In this respect, some experiments have been conducted 

using Projects Onto Convex Sets (POCS). The method makes use of a priori information 

such as multiple observation data consistency, image pixel amplitude constraint, total 

variation edge-preserving smoothness and bounded support constraints derived from 

obstacle masks and band correlation. Figure 5.12 shows the comparison between the nadir 

bicubic SR image (obtained from a single-frame SR operation), the mean average image 

and SR results from the proposed method. With the proposed method, finer details and 

better object boundary can be observed from the SR image, resulting in eased visual 

interpretation 

 

 

 
 

5.3.9.  WP4400 Ensemble classification 

The objective of this WP was to evaluate the operational potential of ensemble classifiers 

in terms of stability, accuracy, ease of use, and computing costs for the mapping of 

vegetation cover and habitats. Two approaches were investigated: 1) the potential of 

existing tree-based ensemble classifiers (section 5.3.9.1 to 5.3.9.3); and 2) an ensemble of 

SFFS-LDA classifiers that exploit the thematic hierarchical tree (section 5.3.9.4). 

 

 

Figure 5.12. Multi-angle CHRIS/Proba imagery SR for the Kalmthoutse Heide 

site. The images in the first column represent the original nadir image patch, 

the second column is the bicubic SR image patch using only the nadir image 

set, the third one is the mean average image patch and the last column the 

proposed method with band correlation. 
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Tree-based ensemble classifiers such as Random Forest (RF) and Adaboost were 

evaluated for the classification of airborne and spaceborne hyperspectral images as well as 

SR data. These ensemble classifiers are proposed because of the following properties:  

• fast training 

• ease of use with minimum parameters to tune 

• easy to understand through the split of trees, with high interpretability (not a black 

box like artificial neural networks) 

• they were developed by the machine learning community to obtain extremely high 

repeatability, and their behaviours are thoroughly tested and understood 

• robustness with high dimensional input, well-tested with hyperspectral images 

• no assumptions on data distribution 

• robustness with noisy (absence) data 

• the source code of the algorithms are freely available 

 

On the whole, RF and Adaboost have produced very high accuracy (at times higher 

than SVM), stability and repeatability with efficient training and classification. These 

results are in compliance with previous reports and they serve as additional proofs that 

these ensemble classifiers are indeed one of the best choices for classification of HS data. 

 

A second ensemble classification approach consisted of an ensemble of SFFS-LDA 

(Sequential Forward Floating Selection – Linear Discriminant Analysis) classifiers that 

work on each node of the hierarchical classification scheme. The results of these 

experiments indicate that using an ensemble of simple linear classifiers results in 

classification accuracies that match or even outperform more advanced classifiers such as 

SVM (when used to perform the classification on all classes directly).  

 

5.3.9.1. Classification of NATURA 2000 habitats with Adaboost 
and Random Forest using spaceborne angular 

CHRIS/Proba data 

Random Forest (RF) and Adaboost were compared with Support Vector Machines 

(SVM) for the classification of heathland types using multi-angular CHRIS/Proba images 

(nadir and ±36°) at 18m resolution.  In summary, we found SVM to result in the most 

accurate classification, but to be very time-consuming in training. RF and Adaboost on the 

contrary were very fast, without resulting in a large drop in accuracy. When multi-angular 

images were incorporated, overall accuracy increased for all classifiers, but the increase in 

accuracy obtained from SVM was very marginal and much less than with RF and 

Adaboost. The results also show that when angular images are added, the accuracy is 

almost the same for all classifiers, and hence RF and Adaboost become much more 

interesting bearing in mind their shorter processing time. In addition, the final mapping 

shows that more homogeneous patches are obtained with multi-angular images. Therefore, 

multi-angular images prove to contain valuable additional information in comparison to a 

single nadir image, and further investigation is needed on this topic.  

In order to have a better understanding of the behaviour of classifiers, we devised an 

evaluation approach with ten independent runs of accuracy assessment. The ground 

reference data was randomly separated into two equal halves: a training and a test set. The 

training set was used to train the classifier and the test set for blind testing. This process 

was repeated ten times with each time a new training set and a new test set randomly 

chosen. We used the averaged results out of these ten runs for analysis. In addition, we also 
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looked at the min-max range of accuracies obtained through this process. The results show 

that the min-max range can reach 10%, and hence it is recommendable that assessments 

using a similar approach (50-50 random split) should contain repeated trials to avoid biases 

caused by chance. 

For more details on the results of this WP, we refer to [48], [49] and [50] (Annex C.21, 

Annex C.22, and Annex C.23 respectively). 

   

5.3.9.2. Ensemble classification of superresolution images 

Random Forest and/or Adaboost were used in all our experiments involving 

classification of superresolution enhanced images. Details can be found in [45], [47] and 

[41].  (Annex C.18, Annex C.20, and Annex C.14 respectively). 

 

5.3.9.3. Ensemble classification of airborne hyperspectral data 

 The performance of Adaboost and Random Forest, in relation to spectral band 

selection, with hyperspectral airborne images was examined using HyMap data of the 

Dender valley, acquired during a previous STEREO project (ECOMALT - Application of 

machine learning techniques for ecotope classification based on hyperspectral images). The 

results of this research were published in a paper in June 2008 [51] (Annex C.24). 

Random Forest classification was also applied to the airborne AHS data of Kalmthoutse 

Heide. The results of these tests are jointly discussed with other classification methods in 

section 5.3.11. 

5.3.9.4. An ensemble of SFFS-LDA classifiers to exploit the 
thematic hierarchical tree 

A second approach that was investigated related to ensemble classifiers, was the use of 

an ensemble of simple LDA classifiers working on each node of the thematic hierarchical 

tree (for details on the hierarchical classification scheme, see section 5.3.4.1 and Figure 5.2). 

The method performs a SFFS feature selection [52] at each node of the hierarchical tree to 

select the spectral features that are most fit to separate the desired classes of the next level.   

Table 5.10 provides an overview of the Producer’s Accuracies at level 4 using the 

airborne hyperspectral AHS images of the Kalmthoutse Heide study site, obtained with 

leave-one-out cross validation of 1) the direct classification with the advanced SVM 

classifier; 2) the classification with an ensemble of simple SFFS-LDA classifiers working on 

each node of the hierarchical classification scheme. The hierarchical approach outperforms 

the direct SVM classification with an increase in overall accuracy of about 5%. Of specific 

interest is the observation that the hierarchical approach especially performs better on the 

classes that suffer from a very low accuracy in a direct classification at level 4. The majority 

of these classes also have only very little training data available (e.g. Gpap, Gpj-, Gpnd, 

Hdco, Hgmw). Even though SVM classification is known to perform well with a limited 

amount of training data, the exploitation of the hierarchical information in the more simple 

SFFS-LDA strongly improves classification results over a direct classification.  

The hierarchical feature selection and classification approach results in an increase in 

PA of 19 of the 24 classes. Of specific interest is the substantial increase in PA of the 4 

Calluna heather age classes Hdca, Hdcm, Hdco and Hdcy: increase of 6%, 32%, 37.5 and 

30% respectively, compared to the direct SVM classification.  

These results indicate that the hierarchical design of the classification scheme and the 

inclusion of the hierarchical information into the classification process can deliver 
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substantial increase in the accuracies of the most detailed level of analysis. It is therefore 

recommended to implement hierarchical thematic classes. 

These preliminary results are currently being further investigated (e.g. which features 

are selected at which node of the thematic tree), and will be communicated and submitted 

for conference presentations and a peer-reviewed publication. 

 

Table 5.10. Comparison of Producer Accuracy results for the level 4 classifications with 

SVM, and with SFFS-LDA implemented in the thematic hierarchical classification scheme 

Class Nr. Of points  SVM 
hierarchical  

SFFS-LDA 

Hdcy 25  50.56 80 

Hdca 26  70.73 76.92 

Hdco 8  0 37.5 

Hdcm 19  15.81 57.89 

Hwe- 87  92.39 89.66 

Hgmd 14  52.24 85.71 

Hgmw 9  38.89 66.67 

Gt-- 97  96.25 93.81 

Gpap 10  65.28 80 

Gpar 11  82.61 72.73 

Gpnd 22  86.22 95.45 

Gpj- 17  20.41 47.06 

Fcpc 44  46.34 77.27 

Fcps 53  72.8 77.36 

Fdb- 32  93.48 93.75 

Fdqz 48  97.1 95.83 

Sb-- 106  94.54 97.17 

Sfgm 12  63.74 75 

Sfmc 39  85.33 92.31 

Sfmp 8  21.82 25 

Wou- 44  97.77 95.45 

Wov- 56  82.76 89.29 

Acm- 98  94.1 93.88 

Aco- 35  76.95 57.14 

Total 920 OA 80.82 85.98 

 

 

5.3.10.  WP5100 Structural analysis  

The work in this WP was mainly aimed at the spatial analysis of the obtained 

land/vegetation cover classification maps to obtain a detailed habitat patch map. This WP 

falls into two subparts: 1) the design of the habitat reconstruction rule-sets based on 

ecological knowledge; and 2) implementation of these rules into an image algorithm to 

obtain the habitat patches from the hierarchical land/vegetation cover classifications. 

Section 5.3.10.3 subsequently reports on the combination of the habitat patches with the 

vegetation cover maps to obtain habitat conservation status assessments for each habitat 

patch. 
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5.3.10.1. Design of the habitat patch reconstruction rules 

The HABISTAT classification scheme was designed in such a way that it contains most 

relevant land cover classes found in the study area, especially those related to N2000 

habitat types and their conservation status. These vegetation/land cover classes can 

conversely be interpreted as building blocks to reconstruct NATURA 2000 habitat patches. 

Certain land cover classes can however occur in different habitat types, hampering a 

straightforward reclassification. This problem is not only applicable in the context of RS, 

but also influences reclassification of field driven vegetation maps and even direct habitat 

mapping in the field. 

To circumvent this issue, we defined a number of rule-sets that characterize each 

habitat, using percentage ranges of vegetation/land cover composition. Based on the 

descriptions of habitats in [12,53,54] and expert knowledge, we identified which 

HABISTAT classes could occur in each habitat type, and what would be their minimal and 

maximal expected percentage of occurrence within a habitat patch of a particular type. For 

each habitat type, a maximum presence of 10% of other classes than those characterizing 

the habitat was also allowed. This rule was added because habitats are intrinsically 

heterogeneous and the presence of a non-typical vegetation/land cover class to such a low 

extent does not influence the overall habitat patch characterization. Moreover, such a rule 

tolerates up to 10% of misclassification in the source map, making the final habitat map 

result more robust, i.e. less sensitive to errors/noise in the prior vegetation/land cover 

classification.  

For habitat patches in good conservation status, the above-mentioned method can 

accurately distinguish between vegetation patches of different habitat types. In contrast, 

habitat patches in poor conservation status such as Molinia-dominated vegetations or 

forested areas show much smaller differences between habitat types, both from a field and 

a remote sensing perspective. Furthermore, the variation in vegetation/land cover 

composition between well-developed and poor quality patches of a single habitat type is 

sometimes larger than the differences between habitat types. Therefore, rules were 

developed separately for forested, for Molinia-encroached and for non-forested/non-

Molinia encroached habitat patches (see Annex C.25). This new rule-set resulted in smaller 

and more homogeneous vegetation patches, with an initial conservation status label 

incorporated. 

5.3.10.2. Structural analysis implementation to obtain habitat 
patches 

As heathland habitat types are in the field mainly identified using their specific 

vegetation cover compositions, we adopted a method based on Kernel-based 

reclassification. In Kernel-based reclassification, a simple convolution kernel is moved 

across the land cover image. In [55], a small square kernel generates, for every location, an 

adjacency matrix that accounts for the frequency of every label in the kernel window, and, 

additionally, for the spatial arrangement of these labels. The reclassification is then 

performed by comparing each of the adjacency matrices to a set of template matrices, 

derived from representative sample areas. This method is referred to as SPARK (SPAtial 

Reclassification Kernel). In our case, for determining the habitat map from a thematic map 

of land/vegetation cover types, a set of composition rules were constructed. These rules 

link the frequency composition of land cover classes within a certain kernel area to a 

corresponding habitat type for the point in the centre of this kernel area (see 5.3.10.1). The 

rules do not take into account variations of the spatial arrangement of the various land 

cover types within a kernel window, but only the frequency with which the class labels 
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occur. Consequently, there is no need for an adjacency matrix, as used in SPARK, since a 

class label frequency vector suffices.  

Multiple sets of rules and kernel sizes have been experimented with, excluding or 

integrating quality measures, respectively. The results show that this technique is very 

suitable for  the mapping of detailed habitat patches having varying geometries. It should 

be noted however, that in our opinion, this technique will be especially fit for habitat types 

characterized by an internal spatial heterogeneity matching the scale of very high 

resolution (1-5 m) imagery, such as heathland and dune habitats (e.g. HabDir habitats with 

code 21xx, 2310, 2330, 4010, 4030).  

For more details on the habitat patch reconstruction, we refer to the following 

publications: [56], [57] (Annex C.26 and Annex C.27 respectively) and [58] (in preparation). 

For the validation of the habitat patch type determination, please refer to [57], [58] and 

section 5.3.11.  

 

5.3.10.3. Conservation status assessment per habitat patch 

Combination of the habitat type patch map with the vegetation/land cover map allows 

for the derivation of the habitat conservation status for each patch. Structural and 

disturbance indicators and their thresholds that are used in the field, e.g. as defined in 

T’jollyn et al. (2009), can be applied to the map results in a straightforward manner. This 

constitutes an important asset to facilitate interpretation of the results by ecologists. 

For more details on the analysis of per-patch conservation status, the reader is referred 

to the following publications: [57], [58] and [59].  

 

5.3.11.  WP5200 Validation 

The objective of this WP was to develop a validation framework for the validation and 

comparison (in terms of cost and benefits) of traditional and advanced remote sensing 

methods and products to be applied for the monitoring and assessment of the conservation 

status of NATURA 2000 habitat types.  

5.3.11.1. Accuracy assessment of vegetation/land cover 
classifications performed with different algorithms 

 

The classification algorithms that were comparatively assessed 

The performance, in terms of classification accuracy, of the three classifiers in Table 5.11 

was assessed for the land/vegetation  cover classifications on the hyperspectral AHS data. 

More technical details on the classifiers, as well as background information on why these 

classifiers were specifically used, is given in the informative box on the next page. 

 

Table 5.11. Overview of classifiers used in the comparative assessment exercise 

Algorithms Short explanation 

SFFS-LDA Linear Discriminant Analysis (LDA) in combination with the Sequential-

Floating-Forward-Search 

TS-MRF Support Vector Machine Tree-Structured (TS) Markov Random Field (MRF) 

RF - Random Forest  Tree-based ensemble classifier Random Forest 
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Technical details on the classification algorithms used in the 
comparative validation assessment 

 

A first classifier is the Linear Discriminant Analysis (LDA) [68] in combination 

with the Sequential-Forward-Floating-Search (SFFS) [52] band selection algorithm. 

With this methodology, the complexity of the multi-class assignment problem is 

circumvented by combining several binary LDA classifiers. A one-against-one 

approach is used which implies that for each pixel spectrum all possible pairs of 

output classes are compared, resulting in C(C-1)/2 classifiers. The finally assigned 

land cover class is then decided through a maximum voting decision rule. The SFFS 

band selection technique was used to extract the band combination that led to the 

highest accuracies. The technique sequentially adds one band at each step, but 

additionally one or more backward steps are taken to remove a previously selected 

variable to see if the separability measure can be increased at that level. One of its 

main advantages over other feature selection or extraction techniques is that it 

optimizes the selection to the problem at hand, instead of merely reducing the 

computational complexity or feature space. Previous studies that have applied this 

approach for the classification of hyperspectral data include [69] and [70]. 

 

A second classification approach used in the comparative assessment was based 

on support vector machine tree-structured (TS) Markov Random Field (MRF). In TS-

MRF, a binary tree is constructed, exploiting the hierarchical structure exhibited in the 

image. The leaves of this tree correspond to the end classes. As a result, with K end 

classes, the K-ary field reduces to a sequence of binary Markov Random Fields that 

are all configurable separately. Consequently, this technique allows many more 

degrees of freedom than conventional models, which use only a single set of 

parameters estimated on the whole image, irrespective of the difference in statistics 

encountered in different regions. The tree structure is by no means restricted to the 

binary case, but it is selected because of its relative simplicity, as it reduces the 

computational burden. From the same point of view, more complex Markov Random 

Field models are allowed as well. Moreover, there is a possibility to use diverse 

models for specific nodes of the tree. 

 

A third classifier was the tree-based ensemble classifier Random Forest. Random 

forest is an ensemble classifier that consists of many decision trees and outputs the 

class that is basically a majority vote from all the tree classifiers. The algorithm for 

inducing a random forest was developed by L. Breiman [71] and A. Cutler. The 

method combines Breiman's "bagging" idea and the random selection of features, 

introduced independently by [72] and [69]. An innovative feature is the use of a 

subset of the input variables which are randomly selected for each split in the tree. 

This makes the construction of trees in hundreds or thousands to be made in a matter 

of minutes.   
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The validation datasets and approaches that were used 

The accuracy assessments were performed on the study area Kalmthoutse Heide. 
 

A traditional accuracy assessment (i.e. OA, Kappa index, PA and UA) of the three 

classification algorithms was performed using the field dataset of 2007, which consists of 

field plots with selected homogeneous vegetation/land cover.  

Three different training dataset sizes were investigated, i.e. using 343, 172 and 86 

training points. An overview of the total number of samples in the training datasets for 

each class is given in Table 5.12. Table 5.13 describes the validation dataset, which was 

used to evaluate the classification results.  

 

 

 

 

Table 5.12. Number of sample plots per class for each of the three training datasets used 

in the validation 

Level 1 Level 2 Level 3 Level 4 

class 
dataset 

class 
dataset 

class 
dataset 

class 
dataset 

1 2 3 1 2 3 1 2 3 1 2 3 

H 100 50 25 Hd 43 21 11 Hdc 43 21 11 Hdcy 13 6 3 
                  Hdca 14 7 4 
                  Hdco 4 2 1 
                  Hdcm 12 6 3 
      Hw 44 22 11 Hwe 44 22 11 Hwe- 44 22 11 
      Hg 13 7 3 Hgm 13 7 3 Hgmd 8 4 2 
                     Hgmw 5 3 1 

G 17 9 4 Gp 17 9 4 Gpa 1 1   Gpap 1 1   
              Gpn 12 6 3 Gpnd 12 6 3 
           Gpj 4 2 1 Gpj- 4 2 1 

F 89 45 23 Fc 49 25 13 Fcp 49 25 13 Fcpc 22 11 6 
                  Fcps 27 14 7 
      Fd 40 20 10 Fdb 16 8 4 Fdb- 16 8 4 
              Fdq 24 12 6 Fdqz 24 12 6 

S 85 43 21 Sb 54 27 13 Sb- 54 27 13 Sb-- 54 27 13 
      Sf 31 16 8 Sfg 7 4 2 Sfgm 7 4 2 
            Sfm 24 12 6 Sfmc 20 10 5 
                     Sfmp 4 2 1 

W 52 25 13 Wo 52 25 13 Wov 29 14 7 Wov- 23 14 7 

              Wou 23 11 6 Wou- 23 11 6 

Total 343 172 86  Total 343 172 86  Total 343 172 86 Total 343 172 86 
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Table 5.13. Number of sample plots per class for the validation dataset used in the 

accuracy assessment comparison 

Level 1 Level 2 Level 3 Level 4 

class Nr. of points class Nr. of points class Nr. of points class Nr. of points 

H   97 Hd   41 Hdc   41 Hdcy   12 
            Hdca   14 
            Hdco   4 
            Hdcm   11 
    Hw   44 Hwe   44 Hwe-   44 
    Hg   12 Hgm   12 Hgmd   7 
            Hgmw   5 

G   15 Gp   15 Gpa   1 Gpap   1 
        Gpn   11 Gpnd   11 
        Gpj   3 Gpj-   3 

F   89 Fc   49 Fcp   49 Fcpc   22 
            Fcps   27 
    Fd   40 Fdb   16 Fdb-   16 
        Fdq   24 Fdqz   24 

S   84 Sb   53 Sb-   53 Sb--   53 
    Sf   31 Sfg   7 Sfgm   7 
        Sfm   24 Sfmc   20 
            Sfmp   4 

W   50 Wo   50 Wov   28 Wov-   28 

        Wou   22 Wou-   22 

Total   335  Total   335  Total   335 Total   335 

 

 

Accuracy assessment results 

Table 5.14 provides an overview of the overall accuracies for each of the three compared 

classification algorithms per class level and per dataset (with a different number of training 

points). The main conclusions from this validation exercise and table are: 

• Given the dataset containing 335 training points in total, all algorithms result in 

a classification accuracy > 80% up to level 3.  

• Given the dataset containing 335 training points in total, level 4 accuracies are > 

70% for RF and > 80% for SFFS-LDA and TS-MRF, illustrating the potential of 

hyperspectral RS to classify detailed conservation status parameters when using 

advanced classification algorithms.  

• When using a dataset consisting of only 86 training points in total, accuracies up 

to level 3 stay > 70% for RF and > 80% for SFFS-LDA and TS-MRF. This finding 

is very important in terms of operational feasibility, as it indicates that 

sufficiently high accuracies can be obtained with only a limited amount of field 

training data, hence lowering the cost. Further research on the relationship 

between sample sizes and classification accuracies could provide better insights 

into the minimum amount of field data needed to obtain the desired outcome, 

without compromising the stability of the outcome.    

• At level 4, the OAs show the steepest decline with a decreasing number of 

training points. This finding is related to the fact that at level 4 the number of 

classes is higher than in the lower levels, resulting in fewer and fewer training 

data per class, making it harder to develop/tune classifiers that are not only 

effective in classifying the given dataset, but are also generic enough to deal 

with unknown data. Nevertheless, even with this very low amount of training 

data, and 19 classes to classify, both SFFS-LDA and TS-MRF still result in OAs > 

67%. 
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Table 5.14. Overall accuracy (OA) for each of the classification methodologies used, per 

class level, per dataset (with a different number of  training points) 

Classification 
methodology 

Class level 
(no. of 
classes)1 

Training dataset 1 
(335 points) 

Training dataset 
2 (172 points) 

Training dataset 3 
(86 points) 

Random Forest  1   (5) 88.4%  84.5%  77.3%  

  2   (9) 81.2%  75.8%  72.8%  

  3 (14) 82.7%  74.3%  71.0%  

  4 (20) 70.2%  64.8%  58.5%  

SFFS-LDA 1   (5) 93.1%  94.6%  91.3%  

  2   (9) 91.6%  93.1%  88.7%  

  3 (13) 93.7%  89.9%  87.5%  

  4 (19) 84.2%  79.4%  67.2%  

TS-MRF 1   (5) 95.8%  94.9%  90.2%  

  2   (9) 93.1%  90.5%  83.3%  

  3 (13) 92.2%  89.3%  81.5%  

  4 (19) 82.1%  77.3%  69.0%  

1 See Figure 5.2. 

 

The three classification algorithms were also validated using a field dataset based on a 

stratified random sampling design. Although such a validation process is statistically more 

sound, it was also more complicated due to mixed vegetation patches. Overall accuracies 

using the random validation dataset were generally lower, mainly due to the presence of 

transition and difficult to label vegetations. This validation exercise is thoroughly described 

in Annex C.28. 

 

5.3.11.2. Accuracy assessment of vegetation area estimation 
using random field dataset 

 

Although the field dataset of 2007 allows for the assessment of classification 

performance of the classifiers in terms of pixels that are classified correctly (i.e. OA, Kappa 

index, PA and UA), it lacks the necessary statistical sampling design to enable estimations 

of area per vegetation/land cover class based on the field plots. As vegetation/land cover 

maps and area is one of the important variables for many stakeholders, a second field 

dataset was acquired in 2009 that did enable area estimations. 

 

The 2009 field dataset sampling scheme was designed as follows to meet our needs: 

• A thematic stratification was used, based on the broad land/vegetation cover 

classes of interest, i.e. Forest, Grass, Heath, Sand, and Water 

• Subsequently, a geographical stratification was introduced to ensure spatial 

coverage of the sampling locations for each of the land/vegetation categories 

across the complete study area. Compact geographical strata were constructed 

using the k-means algorithm of SPCOSA (Spatial Coverage Sampling and 

Random Sampling from Compact Geographical Strata; R package; [60]). The 

objective of the geographical stratification is to increase the accuracy of 

estimated map accuracies. This is achieved  by compact geographical 

stratification in space. This will mean that the samples are distributed fairly 
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over the area of interest (so not clustered in one area). Although the strata are 

compact, they are not equal in size, but this is taking into account when map 

accuracies are calculated. Table 5.15 gives the numbers of compact geographical 

strata and sampling locations. The minimum number of sampling locations in a 

geographical stratum is two, to enable estimation of sampling variance. 

 

This thematic and geographical stratification resulted in a database with the exact 

sampling locations divided over the compact geographical strata. Figure 5.13 shows an 

example for the Heath category. For more details on the field data that was collected at the 

sampling points, please refer to section 5.3.3 and Annex C.3.  

The results on the comparison of the area estimations by field work and RS are 

presented under the following paragraph. 

 

 

 

Figure 5.13. Heathland: location of the compact geographic heath strata (upper figure) 

and the exact location of the samples (lower figure) 
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Table 5.15. Distribution of compact geographical strata and sampling locations over the 

five domains of interest 

Domain Number of geographical 
strata 

Number of sampling locations per 
geographical stratum 

Total number of 
sampling locations 

Forest 51 2-3 103 

Grass 30 2 60 

Heath 33 8-10 325 

Sand 7 10-11 76 

Water 1 13 13 

 

 

Using the geometrically and thematically stratified field data set of 2009, a validation 

was performed to assess the accuracy of area estimates of the different classification 

algorithms. Table 5.16 and Figure 5.14 provide an overview of the area estimates results 

obtained per level 3 class with each of the classification algorithms.   

 

Table 5.16. Area estimates (in ha) based on field sampling in 2009 compared with 

classifications at level 3 with SFFS-LDA, TS-MRF and Random Forest.  

Class Field 
estimate 

SFFS-
LDA 

TS-MRF RF 

Heathland     

Hdc 180,6 195,5 173,0 165,4 

Hgm 429,4 272,3 237,4 200,1 

Hwe 95,9 75,5 168,8 152,3 

Grassland     

Gpa 224,7 117,1 103,1 57,4 

Gpj 38,5 65,2 23,0 33,0 

Gpn 81,5 60,0 41,6 70,4 

Gt- 75,9 249,5 288,8 315,7 

Forest     

Fcp 394,9 589,7 647,1 539,1 

Fdb 106,0 197,6 173,4 216,8 

Fdq 105,7 109,5 104,9 99,6 

Sand dunes    

Sb- 32,7 20,4 24,5 21,8 

Sfg 26,0 16,6 8,8 8,8 

Sfm 28,2 36,7 43,1 74,1 

Water bodies    

Wou 44,0 90,3 28,4 22,2 

Wov 46,4 34,8 68,2 132,4 

Arable fields    

Acm 47,8 21,3 32,0 43,9 

Aco 22,0 61,0 46,8 60,1 
No class 220,2 - - - 

Total 2.201 2.213 2.213 2.213 
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Figure 5.14. Area estimates of the different vegetation classes (Level3) based on field 

sampling in 2009, compared with the remotely sensed classifications made with SFFS-LDA, TS-

MRF and Random Forest. 

 

From Table 5.16 and Figure 5.14, it can be concluded that the areal estimates obtained 

using the field data of 2009 (keeping in mind the large uncertainties in these estimates) 

show largely the same class distribution pattern as the estimates obtained with remote 

sensing classification. The R2 values for the areal estimates of the field dataset of 2009 and 

the three RS classifications, given in Table 5.17, further support the conclusion that 

hyperspectral RS mapping methodologies are capable of providing areal estimates of 

habitat conservation status indicators comparable to those obtained with field work. 

Furthermore, it should be noted that the results from the RS classifications provide an 

additional wealth of spatial information, which otherwise would only be possible to obtain 

through very intense field driven mapping. 

 

In Figure 2.2 and 2.3, the obtained land/vegetation cover maps using the HABISTAT 

classification scheme are illustrated for (an excerpt of) the Kalmthoutse heide. 

 

Table 5.17. Regression parameters between field area estimates and individual 

classification area estimates 

Classifier Adjusted R2 a 

SFFS-LDA 0.80 
TS-MRF 0.49 
RF 0.79 

 

a R2 adjusted takes into account the number of predictor variables. In case of  large sample 

sizes the R2 equals R2 adjusted. In case of small sample sizes, R2 adjusted provides more 
insight in the regression. R2 adjusted is referred to as the percentage of variance 

accounted for. 

 

 

5.3.11.3. Validation of habitat patch reconstruction and habitat 
type classification 

To assess the accuracy of the habitat patch type mapping, a validation was performed 
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on the Kalmthoutse Heide study site using the 2009 field dataset, as this dataset was 

designed to also contain information on NATURA 2000 habitat types (see section 5.3.3 and 

Annex C.3). 

 

The mapping accuracy of five NATURA 2000 habitat types that frequently occur in 

European heathlands was assessed: Dry sand heaths (code 2310); Inland dunes with open 

grasslands (code 2330); Northern Atlantic wet heaths (code 4010); European dry heaths 

(code 4030); and lakes and ponds (potentially oligothrophic water habitat types, code 31xx) 

(Table 5.18). In Figure 5.15 the obtained habitat patch map results using the HABISTAT 

method are illustrated for an excerpt of the Kalmthoutse heide (see also section 5.3.12, and 

[57,58]).  

 

Table 5.18. Overview of the Natura 2000 habitat types present in the Kalmthoutse heide study 

area. The mapping accuracy of the habitat types in non-italic black font was assessed in the 

validation exercise.c  

Habitats 
Directive 
habitat code 

Habitat type 

2310 Dry sand heaths with Calluna and Genista 

2330 Inland dunes with open Corynephorus and Agrostis grasslands 

4010 Northern Atlantic wet heaths with Erica tetralix 

4030 European dry heaths 

6230 Species-rich Nardus grasslands 
7150 Depressions on peat substrates of the Rhynchosporion 
31xx Potential oligotrophic water habitat type (in particular 3160 Natural 

dystrophic lakes and ponds, and 3130 Oligotrophic to mesotrophic 
standing waters with vegetation of the Littorelletea uniflorae and/or of the 
Isoëto-Nanojuncetea) 

9190 Old acidophilous oak woods with Quercus robur on sandy plains 

 

The habitat patch map consists of 13 classes in total: the 5 habitat type classes, a 

2310/4030 habitat class, 5 Forest classes (differentiated based on the habitat class in 

undergrowth), a ‘Molinia encroached heathland, unspecified Natura 2000 habitat type’ class 

and finally a ‘No Natura 2000 habitat type’ class (see Table 5.19, column 2).  

In certain instances, habitat types 2310 and 4030 are very hard to discern, even in the 

field. We therefore introduced the ‘either 2310 – either 4030’ class.  

The forest classes cover any contiguous area larger than 400 m² covered with over 30% 

trees. They consist of 1 main ‘Forest’ class and 4 classes that have either 2310, 4010 or 4030 

in the undergrowth. These 4 latter classes only occur in very small amounts in the 

Kalmthoutse Heide and moreover could not be taken into account at the time of the 

validation protocol design, resulting in only very little validation samples being available 

for these classes, i.e. 8, 6, 5 and 1 validation points for 'Forest, 2310 in undergrowth', 'Forest, 

2310/4030 in undergrowth', 'Forest, 4030 in undergrowth' and 'Forest, 4010 in 

undergrowth', respectively. As a result, the accuracy numbers for these classes cannot be 

considered representative and will not be discussed further in the following paragraphs. 

They were only retained in Figure 5.15 and Table 5.19 for informative reasons.  

                                                           
c The habitat types 6230 – Species-rich Nardus grasslands, 7150 – Depressions on peat substrates of the Rynchosporion, and 

9190 – Old acidophilous oak woods with Quercus robur on sandy plains, were not considered in the analysis as the first 
two are present in the Kalmthoutse Heide in only very small, few occurring, patches, while the latter fell out of the 
focus of this project due to the strongly differing characteristics of this habitat, which hence requires a different 
approach to be developed. 
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The ‘Molinia encroached heathland, unspecified Natura 2000 habitat type’ class consists 

of patches with a high to very high dominance of Purple moorgrass (Molinia caerulea), 

which lack clear indications of the habitat type that was in place prior to the grass 

encroachment (e.g. no remnants of Calluna vulgaris or Erica tetralix). Such patches can 

evolve from several heathland habitat types (2310, 2330, 4010, 4030, 6230),  often as a result 

of sudden changes in the vegetation (e.g. wildfires), after which Molinia rapidly colonizes 

the free space, outcompeting all former typical species. The patches pose problems to the 

identification of the habitat type, both in the field as well as from remote sensing, leading to 

the seemingly contradictory situation that the conservation status of these patches is 

known (i.e. unfavourable), but not the habitat type.  

The ‘No Natura 2000 habitat type’ class groups everything that does not fall within the 

definitions determined for the habitat types and forest, e.g. agricultural area, urban area, 

walking trails and heather (habitat) patches not corresponding to the translation routines in 

Annex C.25.    

 

Overall Accuracies (OA), as well as User accuracies (UA) for the different habitat types 

are summarized in Table 5.19. OA indicates the overall probability that pixels in the image 

are correctly classified, irrespective of the class. UA numbers provide class-specific 

information, giving an indication on the total amount of the respective class that is 

classified to the correct class.  

For certain reference points, two (or even more) habitat classes were noted in the field as 

the potentially applicable type. Cause of this is that some vegetation types (e.g. heather 

completely encroached by Molinia) sometimes lack typical species to determine the habitat 

type. Other patches could contain comparable amounts and cover of typical species of two 

or more habitat types and are in fact transitions between these habitat types. Other patches 

combine the two problems: e.g. wide gently sloping banks of water bodies (of comparable 

hydrological conditions without a clear water body) form a transition phase between 31xx 

and 4010, often with small to large patches of 7150. The 31xx element consist of floating 

moss carpets and flooded/bare soil (flooded in wet seasons, not flooded at the moment of 

the RS data acquisition). The 4010 elements are poorly developed in these cases, with large 

Molinia bumps and, often with limited cover, Erica plants. With multi-temporal imagery, 

acquired in different seasons, such situations could be defined properly by RS, but also 

post-processing of the automatically obtained map is a possible approach. Sometimes 

habitat types are also very similar and thus can be subject to interpretation. This is e.g. the 

case for the classes 2310 or 4030 on the one hand, and the combined class 2310/4030.  

Taking the above into account, we calculated three levels of OA and UA along a 

gradient of strictness. By taking this approach, we avoid simply measuring the correlation 

with a single field interpreter, and obtain accuracy numbers that provide a better indication 

of the possible accuracy of the habitat maps. As seen from Table 5.19, the overall and user 

accuracies strongly depend on the "magnitude of error" (sensu Gopal & Woodcock, 1994 

[61]) that is  considered acceptable. Similar accuracy levels were found when comparing 

three field based datasets from independent origins among each other, namely the Habistat 

2009 field dataset, the Biological Valuation Map/N2000 Habitat Map of the study area, and 

the map of the quality control campaign for the Biological Valuation Map (also dating from 

2009). These datasets showed correspondences of  40% to 70%, strongly varying with the  
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Figure 5.15. Kalmthoutse Heide excerpt, illustrating habitat patch classification results: 

(above) AHS true colour extract of the study area, overlayed with the BVM habitat polygons; 

(middle) Land/vegetation cover classification result (level 3); (below) Habitat patch (re-

)classification result 
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Table 5.19. Confusion matrix for the mapped heathland habitat types present in the Kalmthoutse heide study area: Very strict translation: only the 

correspondences in the matrix indicated in grey were considered correct, all others incorrect; Strict translation: Correspondences indicated in grey and 

green were considered correct, all others incorrect. Flexible translation: Correspondences in grey, green and orange were considered correct, other 

correspondences (uncoloured) incorrect. 
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2310 29 35 0 11 0 4 2 1 4 0 0 14 2 3 105 

2310/4030 5 27 3 5 1 6 4 0 2 0 0 22 3 0 78 

4030 0 20 5 1 0 12 1 0 1 0 0 16 8 0 64 

2330 6 6 0 37 0 3 1 0 0 0 0 1 0 3 57 

31xx: poss. oligotrophic water body 0 0 0 0 33 0 0 0 0 0 0 0 3 0 36 

4010 1 12 13 0 36 36 4 0 0 0 1 44 26 0 173 

Forest 0 3 0 1 0 0 158 1 0 1 0 9 11 0 184 

Forest, 2310 in undergrowth 0 0 0 0 0 0 2 1 2 0 0 2 0 1 8 

Forest, 2310/4030 in undergrowth 0 3 0 0 0 0 3 0 0 0 0 0 0 0 6 

Forest, 4030 in undergrowth 0 1 0 0 0 0 4 0 0 0 0 0 0 0 5 

Forest, 4010 in undergrowth 0 0 0 0 0 0 0 0 0 0 0 0 1 0 1 

Molinia encroached heathland, 

unspecified 
7 6 1 2 16 7 8 0 3 0 0 73 20 0 143 

No N2000 Habitat type 0 3 0 1 3 1 9 0 0 0 0 13 110 0 140 

Total # of points mapped to this class 48 116 22 58 89 69 196 3 12 1 1 194 184 7 
 

UA
e
 (very strict translation) (%) 60.42 23.28 22.73 63.79 37.08 52.17 80.61 33.33 0.00 0.00 0.00 37.63 59.78 

UA
e
 (strict translation) (%) 70.83 78.45 36.36 81.03 37.08 62.32 85.20 33.33 16.67 0.00 0.00 37.63 73.37 

UA
e
 (flexible translation) (%) 85.42 79.31 40.91 81.03 55.06 62.32 85.20 66.67 16.67 100 0.00 75.77 73.37 

                                                           
d Overall Accuracy 
e User Accuracy 

77



order of magnitude that was considered to be acceptable. Similar, or even much lower, 

accuracy levels for field based mapping were also documented in several other studies in 

literature (e.g. [62,63]). 

 

In general, this validation exercise proved that the method is capable of providing 

detailed habitat type maps with an accuracy that is equal to or higher than with field 

observation alone. Furthermore, the RS-based mapping provides more spatial detail in a 

spatially explicit manner that is hard to achieve with purely field-based assessment.   

 

5.3.11.4. Validation of habitat area 

 
Area estimates for the HABISTAT classes are given in Table 5.20. The estimates from the 

field dataset 2009 can be considered as most reliable, since they are based on a random 
sample. Estimates for the dominant heathland habitat classes  (i.e. 2310, 2330 and 4030) 
based on the HABISTAT method (figure 2.1) correspond well with these field estimates 
(random dataset 2009). The HABISTAT method, however, underestimated the extent of 
wet heathland (“4010”), while  the rare habitat types were not included in the 
reclassification scheme,  and hence, area estimates are missing. The broad ranges of 
uncertainty on 2310, 4010 and 4030, both in the HABISTAT method and the field estimate 
2009, are a result of the impossibility to reliably assign Molinia-encroached heathland 
patches to one of these three habitats. This difficulty exists both in field work and in remote 
sensing. The area estimation method for the N2000 Habitat Map (Biological Valuation 
Map), as given in Paelinckx et al. (2009) [64], is not statistically underpinned and does not 
appropriately take into account this problem of uncertain habitat identification. Therefore, 
the uncertainty interval from the BVM in Table 5.20 (column 6-7) is a serious 
underestimation of the actual uncertainty on area estimates based on the BVM. 

 

Table 5.20. Comparison of habitat area as estimated by the Habistat method based on 

remote sensing, the Biological Valuation Map and the field dataset 2009 using random 

points. 

  Remote Sensing- Habistat   
N2000 Habitat Map / 
Biological Valuation Map   Field data 2009 (random) 

  mean min max   mean min max   optimal min max 

2310 234,3 62,4 406,2  276,0 272,6 279,4  213,2 103,9 331,0 
2330 77,2 76,1 78,3  38,6 38,6 38,6  79,4 37,1 135,7 
4010 204,4 94,2 314,5  375,4 323,2 427,7  321,9 185,7 457,7 
4030 204,8 33,0 376,7  111,1 62,2 160,0  220,6 72,6 405,8 
6230 2,7 2,7 2,7  6,2 6,2 6,2  1,7 0,2 28,3 
7150 na na na  4,0 4,0 4,0  7,1 1,6 20,8 
9120 na na na  1,5 1,5 1,5  0,0 0,0 0,0 
9190 na na na  10,9 10,9 10,9  0,0 0,0 10,6 
Water            

3130 na na na  0,3 0,3 0,3  0,0 0,0 0,0 
3160 na na na  11,0 11,0 11,0  0,0 0,0 8,8 
gh_ao 80,2 80,2 80,2  41,1 41,1 41,1  0,0 0,0 19,5 

gh_ae na na na  1,3 1,3 1,3  0,0 0,0 0,0 
no habitat - excl water          

gh_ha na na na  6,3 6,3 6,3  0,0 0,0 0,0 
rbbmr na na na  0,4 0,4 0,4  0,0 0,0 0,0 
rbbsf na na na  0,2 0,2 0,2  0,0 0,0 0,0 
rbbso na na na  0,4 0,4 0,4  0,0 0,0 0,0 
rbbppm 13,5 0,0 26,9  0,0 0,0 0,0  0,0 0,0 56,0 
others 1063,4 581,2 1545,5  1257,7 1257,7 1257,7  1364,8 1216,9 1461,8 

unknown na na na   0,2 0,2 0,2   0,0 0,0 0,0 
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5.3.11.5. Validation of habitat conservation status assessment 

A validation exercise was also performed for the estimation of conservation status 

indicators at the habitat patch level. Given a habitat patch, the field estimates of 2009 for 

each indicator were compared to the estimates based on RS for that patch. As such, this 

validation approach provides a supplementary indication on mapping accuracy of the 

quality indicators, in addition to the pixel-based accuracy numbers of section 5.3.11.1.  

 

The validation of the conservation status is largely based on the comparison of field 

estimates and remote sensing derived estimates of a suite of conservation status indicators.  

Indicators that are explicitly included in the classification scheme can easily be derived 

from the image classifications. The field estimates and remote sensing estimates are always 

positively correlated, but there often is a strong disagreement between the two 

measurements (Figure 5.16). The following issues have the most impact: misclassifications of 

shadow of trees, difficulties to deal with multiple vegetation layers and the use of hard 

classification algorithms for highly mixed vegetations. Errors in field estimates may have 

contributed to these mismatches as well. Indicators that are too fine to be detectable from 

the AHS imagery, and which are not included in the classification scheme, can off course 

not directly be estimated from the classifications. We found that some of these “fine-scale” 

quality indicators can, however, adequately be modelled using the HABISTAT level 2, 3 or 

4 classes (e.g. the cover of native mosses on inland sand dunes or the number of key species 

in wet heathland). For other fine-scale indicators, this approach is not successful at all (see 

[59] for more details).  

 

In [57,58], field estimates and RS-derived estimates for the habitat quality indicators tree 

and grass encroachment were compared. In Figure 5.17 (a) and (b), the encroachment 

distribution of the ground reference patches and those obtained using our methodology are 

given respectively. Percentages of encroachment are grouped into five classes, each with a 

20% range (0-20%,...). In Figure 5.17(c), the difference between the amount of tree and 

Molinia encroachment estimates per patch is shown (estimates with our method minus the 

estimate in the field). For tree encroachment, the observed distribution patterns recorded in 

the field and with RS are highly similar. Figure 5.17(c) further confirms an agreement in 

estimates in each patch. The distribution pattern of estimates of Molinia-encroachment 

observed in the field (Figure 5.17(a)) and those obtained with our method (Figure 5.17(b)) 

show a larger dissimilarity. There are a lot more patches estimated to have no to little 

Molinia-encroachment (0-20%) according to our method, the 20-40% encroachment 

estimates are similar, while the encroachment classes of >40% number only about half the 

amount found in the field estimates. Figure 5.17(c) reveals that about 60% of the difference 

in estimates per patch however fall within the -20% to 0% and 0% to 20% range classes. 

Another 20% of patches has an encroachment estimate with our method that is 20% to 40% 

lower than made by visual interpretation in the field (-40 to -20% class).  The remaining 

20% of patches has estimates that are >40% lower than those made in the field. These 

results point to an underestimation of Molinia-encroachment with our method, or an 

overestimation by the field interpreter. Decisions on which of both methods is right, should 

however be made carefully as the estimates in the field were performed using visual 

interpretation, and are hence subjective (i.e. dependent on the field interpreter). 

Nevertheless, the results indicate a high correlation between both methods in Molinia-

encroachment estimates for 60% to 80% of the patches. 
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a) tree encroachment (r = 0.76, p < 0.0001 ) b) cover of dwarf shrub (r = 0.82, p < 0.0001 ) 

  
c) grass encroachment (r = 0.70, p < 0.0001) d) cover of open sand (r = 0.79, p < 0.0001) 

  
Figure 5.16. Relationship between field estimates and remote sensing estimates (here from the 

SFFS-LDA classification) for four quality indicators explicitly included in the classification scheme. 
Darker dots indicate overlaying data points. The solid black trendline summarizes the observed 
relationship, the dashed diagonal represents a hypothetical situation with perfect agreement between 
field and remote sensing estimates (after Spanhove et al., submitted). 
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(a) 

 
(b) 

 
(c) 

Figure 5.17. (a) Distribution of the tree and Molinia encroachment in the ground reference habitat 

patches; (b) Distribution of the tree and Molinia encroachment in the mapped habitat patches; (c) 

Differences between the amount of tree and Molinia encroachment obtained per patch with the 

proposed method, and the estimates in the field in 2009.  
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5.3.12.  WP5300 Operational Integration 

The objective of this WP was to initiate the integration of the developed methodologies 

and algorithms into the Central Data Processing Centre (CDPC) of VITO. The CDPC is a 

fully operational processing chain for the pre-processing of raw (hyperspectral and very 

high spatial digital camera) image data to geometrically, radiometrically and 

atmospherically corrected imagery, ready for use in various applications. The results of this 

project form the basis for the development of an added value product chain for habitat 

mapping and quality assessment.  Figure 5.18 provides a schematic overview of the CDPC 

data flow and product details. The habitat type and conservation status mapping system 

developed within the HABISTAT project, builds on the CDPC and will be integrated to 

deliver level 4 products.  

 

 

Figure 5.18. Schematic overview of the CDPC at VITO. 

 

The integrated results of the different WPs in the project have led to the design of a 

semi-operational conceptual framework for detailed habitat (conservation status) mapping. 

Figure 5.19 depicts the functional architecture and data flow of this mapping service. More 

details on each aspect of this habitat mapping workflow can be found in [57] and [58]. 

 

The HABISTAT workflow has currently been implemented in MATLAB code. This 

higher level language allows for quick testing and adjustments of the system in order to 

further optimize and integrate the various aspects of the conceptual framework. In follow-

up projects, the MATLAB code will be converted to C++ code in order to optimize 

performance of the system in terms of processing time, and subsequently be integrated 

with the CDPC. The current web-based portal of the CDPC will furthermore be updated to 

allow user-friendly access to the habitat (conservation status) products and services.   
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Figure 5.19. Functional architecture and data flow in the HABISTAT project. 
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Habitat reporting of a heathland site: classification probabilities as additional information, 

a case study. Ecological Informatics, 5 (4): 248-255. 
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remote sensing accurately measure fine-scale quality indicators of natural habitats? 

Ecological Indicators. 
 

Thoonen, G., Hufkens, K., Vanden Borre, J., Spanhove, T. & Scheunders, P. (in press). 

Accuracy assessment of contextual classification results for vegetation mapping. 
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Remote Sensing. 
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A.M. Schmidt (2011). Integrating remote sensing in Natura 2000 habitat monitoring: 
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Aviv, March 16-19 2009, on CD. 

 

Chan, J.C.-W., Ma, J. and F. Canters (2008). A comparison of superresolution 

reconstruction methods for multi-angle Chris/Proba images. Proceedings of SPIE, Image and 

Signal Processing for Remote Sensing XIV, September 15-18, 2008, University of Wales Institute, 
Cardiff, Wales, United Kingdom, Vol. 7109, paper no. 710904, pp 1-11.  

 

Chan J.C.-W., Ma J., Kempeneers P., Canters F., Vanden Borre J. & Paelinckx D. (2008). 

An evaluation of ecotope classification using superresolution images derived from 

Chris/Proba data. Proceedings of the 2008 IEEE International Geoscience and Remote Sensing 

Symposium (IGARSS), July 6-11, 2008, Boston, Massachusetts, USA. Vol. III, pp. 322-325.  

 

Delalieux, S., Somers, B., Haest, B., Kooistra, L., Mücher, S. and J. Vanden Borre (2010). 

Monitoring heathland habitat status using hyperspectral image classification and 

unmixing. Proceedings of the 2nd Workshop on Hyperspectral Image and Signal Processing: 

Evolution in Remote Sensing, 14–16 June 2010, Reykjavik, Iceland. 

 

De Witte, V., Thoonen, G., P. Scheunders, A. Pizurica, & W. Philips (2011 - accepted). 

Classification of Multi-Source Images Using Color Morphological Profiles. Proceedings of 

IGARSS 2011, International Geoscience and Remote Sensing Symposium. 
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Driesen, J., Thoonen, G., and Scheunders, P. (2009). Spatial hyperspectral image 

classification by prior segmentation. Proceedings of IGARSS2009, IEEE International 
Geoscience and Remote Sensing Symposium, Cape Town, South Africa, July, 13-17, Vol. III, pp. 

709-712, 2009. 

 

Haest, B., Thoonen, G., Vanden Borre, J., Spanhove, T., Delalieux, S., Bertels L., Kooistra, 

L., Mücher, C.A., and P. Scheunders (2010). An object-based approach to quantity and 

quality assessment of heathland habitats in the framework of NATURA 2000 using 

hyperspectral airborne AHS images. Proceedings submitted to GEOBIA 2010 – the Geographic 

Object-Based Image Analysis Conference, 29 June – 2 July 2010, Ghent, Belgium. 

 

Kooistra, L., Mücher, C.A., Chan, J.C.-W., Vanden Borre, J. and B. Haest (2009). Use of 

spectral mixture analysis for characterisation of function and structure of heathland habitat 

types. Proceedings of the 6th EARSeL SIGIS Workshop “Imaging spectroscopy: innovative tool for 
scientific and commercial environmental applications”, 16-19 March 2009, Tel Aviv, Israel, n° 

3004, 10 pp. 

 

Ma, J., Chan, J.C.-W. and F. Canters (2009). Automatic image registration of multi-angle 

CHRIS/Proba imagery, Proceedings of the 6th EARSeL SIG Imaging Spectroscopy 

workshop 2009, Tel Aviv, March 16-19 2009, on CD. 

 

Mahmood, Z., Thoonen, G., & V. De Witte (2011 - presented). Multi-Source Image 

Classification Using Color Morphological Attribute Profiles. Proceedings of IEEE Whispers 
2011, 3rd Workshop on Hyperspectral Image and Signal Processing: Evolution in Remote Sensing, 

June 6-9 2011, Lisbon, Portugal. 

 

Mücher, C.A., Kooistra, L., Vermeulen, M., Haest, B., Spanhove, T., Delalieux, S., 

Vanden Borre, J. and A. Schmidt (2010). Object identification and characterization with 

hyperspectral imagery to identify structure and function of Natura 2000 habitats. 

Proceedings of the GEOBIA 2010 – the Geographic Object-Based Image Analysis Conference, 29 

June – 2 July 2010, Ghent, Belgium. 

 

Thoonen, G., Spanhove, T., Haest, B., Vanden Borre, J., and P. Scheunders (2010). 

Habitat mapping and quality assessment of heathlands using a modified kernel-based 

reclassification technique. Proceedings of IGARSS 2010, IEEE International Geoscience and 
Remote Sensing Symposium, Honolulu, Hawaii,  July 25-30, pp. 2707-2710. 

 

Thoonen, G., Hufkens, K., Vanden Borre, J. & P. Scheunders (2010). Using patch metrics 

as validation for contextual classification of heathland vegetation. Proceedings of GEOBIA 

2010, the Geographic Object-Based Image Analysis Conference, 29 June – 2 July, 2010, Ghent, 

Belgium. 
 

Thoonen, G., Vanden Borre, J., and Scheunders, P. (2009). Assessing the quality of 
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Proceedings of IGARSS2009, IEEE International Geoscience and Remote Sensing Symposium, 

Cape Town, South Africa, July, 13-17, 2009, Vol. IV, pp. 330-333, 2009. 

 

Thoonen, G., De Backer, S., Provoost, S., Kempeneers, P., and Scheunders, P. (2008). 
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Vanden Borre, J., Haest, B., Lang, S., Spanhove, T., Förster, M., and N. I. Sifakis (2011). 

Towards a Wider Uptake of Remote Sensing in Natura 2000 Monitoring: Streamlining 

Remote Sensing Products with Users’ Needs and Expectations. Proceedings of the 2nd 

International Conference on Space Technology, September 15-17, 2011, Royal Olympic Hotel, 
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5.3.13.3. Presentations and posters without proceedings (in 
alphabetical order) 

 

Bertels, L., Knaeps, E., and B. Haest (2010). How can hyperspectral imagery contribute 

to environmental monitoring? - A focus on vegetation applications. Poster at the 

International Conference on Airborne Research for the Environment (ICARE), 25 - 31 October 

2010, Toulouse, France. 
 

Chan, J.C.-W., P. Beckers, J. Ma, F. Canters, T. Spanhove, J. Vanden Borre and D. 
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Austria. 
 

Haest, B., Vanden Borre, J., Spanhove, T., Thoonen, G., Delalieux, S., Kooistra, L., 

Schmidt, A., Ma, J., Cheung-Wai Chan, J., Canters, F., Knaeps, E., Mücher, S., Scheunders, 
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workshop ‘Optimising field-based recording of ecological data for integration with remotely sensed 
data’. Organized by the ENCA-network Interest Group on Monitoring, and Doñana Biological 
Station. 10-11 May 2011, Matalascañas, Spain. 
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Vanden Borre J., Mücher S., Kooistra L., De Blust G. & D. Paelinckx (2008). User 
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for formalization. Presentation at the 1st HABISTAT workshop ‘Remote sensing for Natura 2000 

habitat reporting: bridging the gap between users’ requirements and providers’ possibilities’, 
Brussels, Belgium, 24 October 2008. 
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6. General conclusions 
The ever increasing impact of modern human society on biodiversity and the resources 

it provides, has made biodiversity conservation a topic of growing societal concern in the 

last decades. In Europe, the main regulations for biodiversity protection are found in the 

Habitats Directive (92/43/EEC) and the Birds Directive (2009/147/EC), which provide the 

legal basis of the NATURA 2000 network. Among the various commitments imposed by 

these legal initiatives on EU member states, are: (1) the set-up of monitoring systems to 

keep track of the conservation status of protected habitats and species; and (2) the 6-yearly 

reporting on the conservation status of the habitats present in the member state [10,65,66]. In 

practice, these commitments imply that EU member states are in need of accurate, simple 

and repeatable methods for habitat and species monitoring and surveillance [67]. 

 

The general aim of the HABISTAT project was to develop a conceptual framework for 

an operation-oriented methodology to map, monitor and evaluate vegetation and habitat 

types and their degree of development, using hyperspectral remote sensing imagery (see 

section 5.2). Natura 2000, with its specific and elaborate user needs for mapping, 

monitoring and conservation status assessment of legally protected habitat types, was 

chosen as a major application field for such a methodology. 

 

Through close collaboration between ecological and remote sensing experts, the project 

has laid the foundation of a semi-operational service that can assist authorities responsible 

for monitoring, at both the site and state level, by providing spatially explicit maps of 

indicators on ecological structure and functioning of the vegetation and habitats. The 

general approach of HABISTAT combines three major components, each with their specific 

outcomes. In each of these three steps, the input from both ecological and remote sensing 

knowledge is crucial for its success (see section 5.3.12).  

In a first step, the primary legend classes (i.e. Natura 2000 habitats) were broken down 

into their typical structural vegetation cover components, based on ecological knowledge 

of the habitats and suitable indicators for their quality status (e.g. grass & tree 

encroachment in heathlands). These ‘secondary’ legend classes were subsequently 

arranged in a hierarchical classification scheme (Figure 5.2 in the report, also included as a 

loose excerpt), and served as a legend for the classifications of the hyperspectral imagery 

using several state-of-the-art classification techniques. This led to a vegetation cover map 

(raster and/or vector file) with direct utility to the user in its own right, and as an input 

map for the next step. 

In a second step, a kernel-based structural reclassification algorithm was designed to 

translate the secondary legend classes on the vegetation cover map back into primary 

legend classes (Natura 2000 habitat types). This led to a habitat patch map (vector file), 

which shows the distribution and provides the areal extent of the habitat types in the study 

area (see section 5.3.10). 

In the third and final step, the vegetation cover map (raster) and the habitat patch map 

(vector) were overlaid to derive quantitative information on the status of specific quality 

indicators for each patch (e.g. percentage of Molinia caerulea cover, percentage of bare sand 

in the patch,…). By applying thresholds such as the ones provided in T’jollyn et al. (2009) 

[2], an assessment of the local conservation status of each patch can then be made in a 

similar way as is done in the field, leading to decisions on the local conservation status of 

each individual patch (see section 5.3.10.3). 
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The scientific merits of the project are illustrated by the numerous publications based on 

results from the project (see chapter 5 and Annex C). Some of the major findings and 

breakthroughs are: 

• the design of new methods for the incorporation of sub-class heterogeneity and 

spatial context at various stages in the process: before (i.e. the classification scheme, 

see 5.3.4.1), during (e.g. the use of Tree-Structured Markov Random Fields, see 

5.3.6.1) and after (i.e. the kernel-based reclassification algorithm, see 5.3.10.2) 

classification. 

• the further development and new design of state-of-the-art superresolution methods, 

and their application to multi-angle and multi-temporal remote sensing images (see 

5.3.8). 

• the design of innovative approaches to the accuracy assessment and validation of 

map products, focusing on the assessment of spatial accuracy of class transitions (see 

5.3.6.4), and on the use of independent random datasets for overall validation  (see 

5.3.11). 

• the integration of ecological knowledge and state-of-the-art remote sensing 

techniques into a semi-operational process for habitat type and conservation status 

mapping, that is able to meet the specific needs for NATURA 2000 (section 5.3.2 and 

5.3.12). 

 

Of equal importance as the scientific merit, is the utility of the results for management 

and policy purposes. For the first time in a Flemish context, detailed habitat mapping and 

conservation status assessment could be achieved using remote sensing. This project 

produced a more detailed view on habitat distribution and conservation status in the 

Kalmthoutse Heide site than has hitherto been available from field work. Excerpts of these 

maps are shown in Figure 2.2 - 2.6f. The map products are in common GIS-formats, and are 

versatile in their use. They can be easily applied to create derived products, which can help 

managers to obtain valuable new insights into the situation at their site: e.g. separate maps 

indicating the areas with high concentrations of Molinia caerulea (Figure 2.8) or Campylopus 
introflexus (Figure 2.7) can help the manager to take decisions on where to apply which 

measures. In the light of the great fire event that recently took place in the Kalmthoutse 

Heide (25 and 26 May 2011), these maps also serve as a detailed record of the situation 

before the fire. 

 

The project has shown that with an integrated ecological and remote sensing knowledge 

approach, it is possible to meet the highly detailed requirements for NATURA 2000 

monitoring. As such, the project has laid the necessary fundaments and identified the 

remaining key research issues, to evolve from exemplary study and showcases to a Natura 

2000 monitoring system that is operationally supported by remote sensing services. 

 

   
  

                                                           
f The complete map products are available from the authors upon simple request (habistat@inbo.be). 
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Reply to  

Comments and recommendation from the steering committee 

The steering committee has a general positive evaluation of the activities carried out at this 
stage of the project. The team confirms to have all the necessary know-how for addressing 
all the goals of the project. Nonetheless, there are some issues that should be taken into 
account in the development of the activity for increasing the quality of the output of the 
project and its impact. These issues are reported in the following. 

1. Take more into account the existing information available (maps and other 
data) on the considered areas. The integration of ancillary data and 
information in the system can improve the classification accuracy. 

We are indeed aware of the potential of ancillary data to improve our classification 
results, and so far a significant amount of ancillary data has been collected for both the 
Dutch and the Flemish study site.  

Up till now, we have in fact already made use of ancillary data in the project.  
a) For the Kalmthoutse heide, The Flemish Biological Valuation Map (BVM) was used to 
select training and validation targets for the agriculture classes (Acm-: Arable field – 
maize; Aco-:  Arable fields – other crops), open water (Wou- - Unvegetated (deep) 
oligotrophic water (centre of moorland pools)), and as well to some extent for the 
temporary grasslands.  

 b) Habitat types 2310 (dry sand heaths with Calluna and Genista) and 4030 (Dry 
European heaths) are both dominated by Calluna vulgaris and are hard to distinguish, 
even in the field. Habitat type 2310 however occurs on very dry inland sand dunes, while 
4030 occurs on more mature soils (e.g. podzols). Hence, these habitat types could 
possibly be distinguished using an existing soil map. For example, the delineation of 
inland sand dunes in Flanders is based on the Belgian Soil Map. Unfortunately, this soil 
map is outdated (1950-1960) and known to be, based on extensive experience in the field 
of INBO, rather inaccurate (especially for soil moisture).  

This example introduces an important issue to consider when using ancillary data. 
Although ancillary data is known to possibly improve classification accuracies, it is of 
extreme importance to evaluate the quality of the ancillary data, and to consider if its 
application does not introduce even more uncertainty and error than when it was not 
used. Especially, for monitoring purposes this would not be a wise strategy. 

 Nevertheless, there are possibilities to employ ancillary data, and some future 
applications of ancillary data are already planned. 

A validation of the classification results for the Kalmthoutse heide study site will be 
carried out (as an extra effort, not paid by the project), based on the BVM, which is 
generated manually by fieldwork and orthophoto-material of 2002. The classification 
scheme (vegetation typology) is somewhat different but nevertheless comparable to the 4-
level classification scheme that has been designed for this project. Vegetation maps, 
obtained by classification of the hyperspectral images using the ground reference 
measurements, will be compared to this fieldwork driven vegetation map. This comparison 
is useful for the following purposes: 

- A translation between the 2 classification schemes, as a validation of the 
applied classification scheme. 
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- A validation of the obtained vegetation maps with respect to the old vegetation 
map. On the one hand, it is known that these BVMs are not very accurate; on 
the other hand, they contain large regions of homogeneous vegetation types. 
This allows for a validation of the spatial classification techniques that will be 
applied in the project. 

- A comparison between performances of remote sensing strategy and BVMs.  

- A preliminary investigation of the change between 2002 and 2008. 

- The definition of quantitative measures for validation of vegetation maps with 
respect to GIS data. 

 
We also see ancillary data as a powerful tool for the stratification and translation of 

the classification results to understandable information for the end-user.  
 
In the course of the project, we will further look for opportunities to make use of 

suitable ancillary data, both for classification and validation. 

  

2. Habitat typology: increase the precision in the definition of land cover classes 
(subjective evaluation and not objective evaluation). There is a strong 
relationship between habitat definition, scale and evaluation of the 
conservation state that should adequately considered. Another variable to 
take into account is the connectivity among patterns of classes. 

The land cover classes as they are currently used in the project for the heathland 
classification are indeed based on objective criteria, such as the cover of life forms 
(BioHab-method) and the cover of dominant species in the in situ reference plots. These 
data were statistically analysed using multivariate approaches (Ward’s clustering, 
Twinspan). On the other hand, a possible source of subjectivity inherent to these 
mulitvariate techniques is the point where one decides at what level one cuts between 
groups (in other words: which clusters or divisions of plots are regarded as ecologically 
meaningful and therefore kept as a group and which are not). For this task, documents 
giving further guidance on the interpretation of the Annex 1-habitat typology were used, 
in particular the Interpretation Manual (EC, DG Environment, 2007), Sterckx et al. 
(2007) and Janssen & Schaminee (2003) (Flemish and Dutch interpretations of the 
European Manual) and De Saeger et al. (2008) (a field key to the Annex I-habitats, see 
references). As for the classes that represent habitat quality, we have been inspired by the 
Flemish approach for the local conservation status assessment of habitat patches (Heutz 
& Paelinckx, 2005; currently under revision: T’Jollyn & Paelinckx, in prep.), which is an 
integration of the approaches of several neighbouring countries. 

A difficult task in the creation of our classification scheme however remains the issues 
of integration of “function” and “structure”. The current Natura2000 legislation is yet to 
no extent clear about how these issues should be reported, so the translation to a 
classification scheme is anything but straightforward. Even so, we tend to believe that a 
detailed typology is not always necessary to report these issues, and e.g. (discrete or 
continuous) aggregation of our classification results (using the current classification 
scheme) to specific units (e.g. management units) might be a possible solution.  
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It is however very clear that ongoing discussion is fully necessary. We hope to trigger 
this discussion in, amongst other, the upcoming User Requirements workshop (24th of 
October).  

 

3. Open habitat in Belgium are small and not homogeneous. Heterogeneity is an 
important factor to be considered. Analysis of the homogeneity/heterogeneity 
of the polygons and of their evolution should be explicitly carried out. 

The scale of homogeneity is different for each habitat. INBO is currently investigating 
the intrinsic scale of all habitat types in Flanders. This will provide us with a better 
insight into homogeneity/heterogeneity of habitats. 

From a remote sensing side, analysis of the homogeneity/heterogeneity of habitat is 
very closely related to the spatial resolution of the images. Clearly the scale of 
heterogeneity in habitats can be evaluated in much larger detail as the spatial resolution 
increases. An important aspect we should be aware of regarding this matter, is the scale 
of the most important processes that affect habitat quality, e.g. grass and scrub 
encroachment. Depending on the scale of these processes, implications for remote sensing 
monitoring techniques should be identified.  

 

4. The relationship between the different parts of the project (e.g. different 
processing chains) should be improved. At the present it seems that each 
partner is developing processing chains in an independent manner. 

It is indeed true that in the first part of the project a clear division is made between 2 
distinct strategies with respect to the image data that is applied. In the first strategy, 
airborne data is applied, with very high spatial (+-2.5m) and spectral resolution. In the 
second strategy, space borne data is applied with lower spatial resolution (+-18m). This 
original division makes it possible to investigate certain techniques or processing steps 
that are specifically directed towards the properties of the utilized data. As is described in 
the project proposal, in the airborne case, the high spatial resolution of the data allows 
the application of spatial classification techniques, while in the case of the space borne 
data, super resolution techniques are being investigated to boost the spatial resolution. 

Notwithstanding the importance of investigating into detail the possibilities of each 
type of image data, integration of the different methodologies is indeed highly important, 
and offers additional possibilities. As for one, classification is performed in both cases, 
and hence parts of the processing chains are similar. Therefore, as of October 2008, 
technical meetings are planned as a means to stimulate the integration of, and 
communication between, the different processing chains. Moreover, bearing in mind the 
objective of Work Package 5300, the operational integration of different processing 
chains, it is important to start these interactivities in an early stage of the project. In this 
way, we hope to achieve a framework in which it is very clear 1) which are the input 
products; 2) what are the classification methods; and 3) what are the data sets for 
validation.   
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5. Define a single and clear processing chain for geometric corrections and 
calibration. Inter-calibration in the mosaicking should be considered and limit 
conditions that require its application should be identified. 

For geometric corrections, there is unavoidably a distinct difference between the 
methodology for airborne and space-borne images because of the nature of the available 
metadata. During the acquisition of airborne images, IMU and dGPS data is recorded, 
enabling automatic geometric registration and correction. The in-house chain at VITO for 
automatic geometric correction of airborne images has been thoroughly tested and 
evaluated, and is well equipped to perform this task. This methodology can hence be 
adopted for the processing chain of airborne images for the Habistat objective. 

For the space-borne Chris/Proba images, automatic geometric correction is a much 
larger challenge. The metadata available is limited and sometimes even corrupted or 
lacking. In such cases, it can however be attempted to restore the missing data using TLEs 
and orbital models of the respective sensor. Nevertheless, when using all available 
metadata and existing geometric correction algorithms, the RMS positional error can still 
be quite large. Further co-registration, be it manual or automatic, to a map that is known 
to be well-registered is most often advisory. On the other hand, the acceptability of 
positional errors is strongly related to the user requirements. For example, for the 
reporting of the amount of area of certain habitats, the actual position of the habitats is 
not required, so larger positional errors are acceptable.   

To conclude, it can be stated that (1) for airborne images an accurate geometric 
correction procedure is already implemented; and (2) the geometric correction of the 
Chris/Proba images still leaves some challenges to be tackled. Serious effort will hence be 
put into defining a clear methodology for geometric correction of the Chris/Proba images. 

Mosaicking of the airborne AHS images has been performed using an algorithm that 
selects for each pixel, the pixel values of the image with the lowest view zenith angle. In 
this study case, this method can be justified because of the fact that the airborne campaign 
was flown with two sensors onboard, i.e. an AHS160 and a CASI sensor. Because the 
CASI sensor has a much smaller swath width, the distance between the flight lines results 
in the images of the AHS160 to convey large overlap. In such case, the use of the least off 
nadir pixel can be justified. However, this is indeed only one of several possible 
scenarios. Therefore different methodologies for inter-calibration in mosaicking will be 
explored, and the conditions and limits for each method will be identified.  

 

6. Some points should be better clarified: i) semi-supervised clustering; ii) 
relation between the different resolutions; ii) post-processing - mixed pixels vs. 
post-processing. 

i)  This comment is not really clear to the project partners. We believe however this 
refers to the semi-unsupervised classification we briefly mentioned in the introduction of 
the methodology presentations. With semi-unsupervised classification we mean training 
the classification on  very high resolution airborne  data, and use the result as input for 
the classification of high resolution satellite data.  
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ii) As mentioned in the response to comment 4, the relation between the methodology 
for the different resolutions will from now on already be communicated on, and 
investigated during special meetings, with the aim of harmonising both in respect to 
WP5300, the Operational Integration. 

iii) Concerning the post-processing, the idea is to apply several techniques on the 
obtained vegetation maps during classification. One strategy is to combine the maps 
obtained on neighbouring pixels in order to include spatial information in the obtained 
vegetation maps. This can be done, e.g. with maximum voting, Markov Random Fields or 
Bayesian techniques. In maps, obtained from very high resolution data, a local mixture of 
distinct vegetation types may be obtained in a local region of pixels. For lower-resolution 
data, such a patch may reveal itself as one pixel, containing a mixture of vegetation types 
(a ‘mixed pixel’). 

 

7. ML classification methodology is not the most suitable for exploiting the 
information present in hyperspectral images. Random forest seems a more 
adequate technique. In  general it is suggested to identify a classification 
methodology that can properly exploit the hyperspectral images 

The identification of a suitable classification methodology is in fact part of the project 
objectives, and hence the identification of a methodology is a major topic of investigation.  

ML classification was merely investigated in a preliminary phase, as well as other 
(pixel-based) classification methodologies, e.g. Linear Discriminant Analysis. By 
experimenting with different classifiers, necessary understanding of the properties of the 
available data and the study sites at hand, is gained. Moreover, the results with these 
classifiers serve as a basis for comparison of the performance of other classification 
methodologies. 

Since the SC meeting, the performance of the quadratic ML classifier has further been 
compared to that of linear classifiers which are less complex. Additionally, Support 
Vector Machines were explored (using nonlinear as well as linear kernels), and these 
showed to lead to the best results of these 3 classification methodologies.  

In the context of WP4100 Spatial Contextual Description (p. 45 of the Habistat 
proposal), these purely spectral classification strategies can then be used as a means of 
validation. The tree-based Markov Random Field techniques (incorporating contextual 
information) that were developed for the purpose of this project will be validated with 
respect to the choice of the classifiers. This contextual research is primarly directed 
towards the airborne very high spatial resolution images. 

The investigation of  the Random Forest and Adaboost ensemble classifiers however is 
a topic of research in the framework of WP4400 Ensemble Classifications (p. 47 of the 
Habistat proposal). Random Forest and Adaboost have been indeed proven to be effective 
with airborne hyperspectral data, and are hence surely classifiers to take into 
consideration. Random Forest and variants of boosting and other ensemble algorithms 
will be investigated (as written in description of Work package 4400) starting in 2009 
according to schedule. The algorithms will be tested both on superresolution enhanced 
CHRIS data as well as calibrated airborne hyperspectral data. Per-pixel classifications of 
airborne data are moreover needed for the validation of the classification results from 
superresolution enhanced CHRIS data. 
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8. Super-resolution is very interesting, but the added value for operational 
application should be assessed both in terms of classification gain (and thus 
spectral distortion) and of co-registration requirements. 

The issues of classification gain pertaining to registration accuracies in SR will be 
addressed in a couple of papers that are currently being prepared. Experiments will also 
be implemented concerning the relationship between registration accuracy and the super 
resolution results.  

9. Clarify the meaning of operational level. It should be clear what habitat really 
benefit from the remote sensing technology. The project would become more 
interesting if it could address the cost/benefit figure. 

 We agree that a cost/benefit analysis is a valuable exercise and we plan to put extra 
effort in this. In the user requirements workshop, we will a.o. address the applicability 
and benefits of RS-methods to habitat mapping. 

A cost/benefit comparison can only be reliable when comparing methods that lead to a 
result with a comparable level of accuracy. INBO is currently investigating what levels of 
accuracy can be achieved with field survey methods for the monitoring of the conservation 
status of N2000 habitat types. This will allow us to make a full cost/benefit analysis 
between field survey and our RS-methods based on investment of time and money as well 
as achieved accuracy levels. 

Another  important matter in regard to cost-benefit analysis of an operational RS 
monitoring method, is the amount of training samples that needs to be collected in the 
field. This issue will be investigated for its relation to classification accuracy, habitat 
type, and inter-usability between different test sites.   

 

10. Exploiting some robust statistics for validation of the results. The different 
habitat should be characterized at different scales. Indications on the order of 
magnitude of the scales for the different scenarios. 

 In fact, the validation using the BVM (see reply to comment 1) requires the definition 
of several spatial evaluation measures, such as overlap between obtained patches in 
vegetation maps, homogeneity of obtained patches, etc. It is exactly this type of measures 
that will allow us to validate the spatial characteristics of the obtained results. 

The intrinsic scale of all habitat types in Flanders is currently being investigated by 
INBO. In combination with the future classification results, the magnitude of the habitat 
scales mapable with the investigated RS techniques will be evaluated.  
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Meeting steering committee Habistat  -  3 March 2009 

Comments and recommendation from the steering committee 

The steering committee confirm the general positive evaluation of the project already given in 
the previous review meeting. In the activities carried out in this period many of the issues 
pointed out in the previous review have been adequately addressed. The quality of the 
scientific and technical work is satisfactory and the integration among the different partners 
of the team is good. The dissemination at this point of the project seems adequate and 
supported by a good number of publications. 

In the analysis of the activity and in the discussion some issues have been identified to 
improve the quality and the impact of the project. These issues are reported in the following. 

1. The use of additional remote sensing and/or ground measurements should be 
considered. In greater details: 

o Additional field data could be collected (soil moisture, etc.) that could be used 
for product level 4 results. 

o Use seasonal differences in the phenology for improving the classification 
results by using multi-temporal images (not necessarily hyperspectral images, 
but also multispectral IKONOS or Quickbird images could be exploited jointly 
with CHRIS-PROBA images). 

o Different instruments and their performances should be considered and 
evaluated (e.g. also in the light of clouds problems, etc.). 

2. Include prior knowledge in the definition of the classification procedures and maps by 
constraining the results of the classifiers when unreliable class transition occur. 

3. In the validation procedure it is important to distinguish the validation requirements 
necessary for NATURA 2000, and those additional with respect to NATURA 2000. 
This could come from a better definition of the goals of NATURA 2000. There are 
many interesting accuracy assessment issues (e.g. spatial context issues) that are 
more in the field of the research rather than in the applications. 

4. CHRIS-PROBA data seems a critical choice for an operational service. They can be 
used in the project for defining and developing the data analysis techniques. 
However, it is recommended to look at the algorithms considering operational 
sensors planned in the next years avoiding techniques which are related too 
specifically to the special properties of CHRIS-PROBA (e.g., multiangle acquisitions). 

5. The validation procedure for comparisons of classifiers should be carried out in fair 
way for all the systems, using the same training, test and validation sets and the 
same amount of input information (this is for example the case of the classification of 
super-resolution images vs. the classification of non-super-resolution images). 
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6. There is a clear problem of feasibility in using remote sensing (and not only) for 
monitoring 1% of changes for each year and then on a period of 6 years. Problems of 
accuracy and of confidence of the estimated accuracy (strongly affected by the 
number of samples) should be considered, as well as problems associated with 
minority classes. Stable methodologies (in time) for the assessment should be 
defined otherwise differences in the methodology would result more critical than 
actual changes. 

7. It seems that the change detection component is more important than static 
classification. This should be explicitly considered in the development of the project. 

8. The activity on super-resolution is valuable. However, a more clear proof on the 
possibility to use the result of the projects at an operational level should be given. In 
addition, the procedure developed is suitable for the multiangle images of the CHRIS-
PROBA sensor. The use of the proposed super-resolution algorithms in the context of 
pan-sharpening for exploiting other multispectral sensor with properties different from 
CHRIS-PROBA could be considered. 

9. It seems that more emphasis should be given to the ensemble of classifiers and to 
data fusion rather than to super-resolution. 

10. The team should point out cost and strategy for the development of the operational 
phase of the project. An evaluation of the extension and generalization of the 
methodology to other areas (e.g. forest areas) might be considered. 

11. A higher emphasis should be devoted to the analysis of the scale issue versus the 
size of the habitat being monitored and the cost of the data (resolution vs. cost; 
individual habitat vs. more general analysis). Different strategies should be defined 
for the use of different sensors with respect to possible different end-users 
requirements. 

12. An evaluation of the variability within the four classification levels considered should 
be carried out according to a sensitivity analysis (evaluation of the reliability of the 
results obtained at different levels). 

13. A list of deliverables of the projects should be defined. 

14. Different venues from the typical remote sensing ones should be considered for 
presenting the results of the project ( e.g.,  conservation biology and ecology). In this 
respect the minimum requirement for habitat monitoring under NATURA 2000 should 
be kept in mind and for eventual add-ons the cost-benefit relation should be 
addressed. 

15. A closer engagement of users with the process when assessing value and cost / 
benefit. More demonstrations and building of awareness are important. Make sure 
user feedback results in a re-focussing of project. 

16. Great clarity is required in the flow of data and products through the project. Which 
data and products are used for each block etc. 
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HABISTAT STEERING COMMITTEE MEETING – 02.07.2010 

 

The steering committee expresses a general positive evaluation of the activity carried 

out in the project. The committee is very impressed by the number of papers published in 

the frame of the project. The scientific quality and the technical level of the work carried 

out are also very good, and this is very promising for the output of the project. 

Nonetheless, there are some important issues that should be considered in the final year to 

translate this high quality work in a pre-operational framework. These issues are discussed 

below. 

 

o Definition of a strategy for a proper use in the pre-operation framework of the 

different data processing techniques developed in the project. The team 

implemented algorithms with significantly different characteristics. Are all these 

techniques necessary for the considered kinds of products? How these algorithms 

can be integrated? 

 

o The team should look at the change detection problem, at least by defining a 

strategy for facing multi-temporal analysis according to standard literature 

methods. The use of post-classification comparison can be accepted at this stage; 

however, proper procedures should be considered for mitigating the effects of 

error propagation. 

 

o The issue of defining proper training sets for the learning of the classification 

system should be further addressed, especially for defining strategies for 

updating the learning status of the classifier when an area different from that on 

which training sample are collected is considered. In order to minimize the cost 

of in situ data collection the team could consider the use of active learning 

techniques. 

 

o In the operational perspective, the robustness of the system to sensors different 

from CRISS/PROBA should be considered. EnMap can be an alternative sensor, 

but it will not available at short term. A set of possible alternatives should be 

explicitly considered (at least from a general perspective without additional 

empirical experiments). 

 

o Procurement guidelines and specifications of the delivered products should be 

defined. 

 
  

110



 

Annex B.  Summary reports of the HABISTAT workshops 
 

Annex B.1. Summary report of the first HABISTAT workshop 

111



Habistat user requirements workshop – 24/10/2008 – Brussels 

Panel discussion – Report  1/4 

 
 

 

Habistat user requirements workshop – 24/10/2008 – Brussels 

Panel discussion – Report 

 

 
Panel members: 

Michael Bock (German Aerospace Center)      MB 

Jonathan C.-W. Chan (Vrije Universiteit Brussel)      JC 

Bart Deronde (Flemish Institute for Technological Research)    BD 

Christine Estreguil (Joint Research Centre of the European Commission)  CE 

Doug Evans (European Topic Centre – Biological Diversity)    DE 

France Gerard (Centre for Ecology and Hydrology)     FG 

Anne Schmidt (Alterra)         AS 

Gerard Smit (Bureau Waardenburg)       GS 

Nancy Van Camp (Flemish Geographical Information Agency)    NVC 

 
Moderator: 

Geert De Blust (Research Institute for Nature and Forest)     GDB 

 
Minutes and report: 

Els Knaeps (Flemish Institute for Technological Research) 

Jeroen Vanden Borre (Research Institute for Nature and Forest) 

 

 

Panel discussion starts at 15h20. 

GDB opens the panel discussion and invites the participants to bring up their questions 

and remarks. 

 

 
Question: We have heard a lot today about maps with sharp boundaries between 

habitat types, but what about maps showing transition zones (ecotones)? 

(Daniel Doktor) 

 

FG: It makes sense to produce ecotone maps, especially in some areas. But when you 

want to further derive information from it (e.g. statistics), you end up drawing a line 

between types somewhere, and the point where you decide to draw the line makes a 

big difference in your statistics. 

DE: Indeed, users need sharp boundaries. They don’t like ‘dotted’ lines between 

habitat types because they want to calculate statistics from it. 

AS: Sharp boundaries are not always needed to calculate statistics, it depends on what 

the user actually wants. E.g. for change monitoring, one could look at the percentage 

coverage of certain species. Thus for conservation status assessment, continuous maps 

can be valuable. 
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Q.: Commenting on what we heard today about thematic accuracy, do we have an 

idea of the maximum level of accuracy a classification can achieve? When using a 

hard classification, 100% accuracy would mean there are no mixed pixels, but this 

is of course unrealistic. So, what is then theoretically the best accuracy we can 

get? 

(Alan Brown) 

 

CE: This is very much dependent on the scale. 

FG: It also depends on the complexity of the landscape. You could in fact look at the 

remaining inaccuracy as a measure of habitat complexity. 

 

Geoff Groom points out that there is in fact a third community, next to the two  

communities represented here in the workshop (ecological and remote sensing), who 

are developing answers to these very same questions on scale and accuracy. This is the 

GIS-community, and we should involve them in this discussion. 

 

CE adds that we have discussed a lot about thematic (classification) accuracy, but we 

should not forget about positional (geometric) accuracy, which may also have a large 

influence on the usefulness of the results. 

 

 
Q.: Is it not so that there is actually more need for detection of changes than for 

pure mapping? If so, this would allow the use of totally different approaches than 

purely for mapping. 

(Sander Mücher) 

 

AS: Yes, change detection is important. However, although stated otherwise at this 

workshop, repeatability of remote sensing may not be high at all, because it can be 

difficult to get the same kind of images (e.g. same time of year) at two points in time. So 

we need more images for that. 

MB: Accuracy assessment of change detection is a very difficult thing, but it is probably 

easier to do it with remote sensing than with traditional field mapping. 

 
Q.: Is change detection at the habitat type level really an issue? 

(Graeme Buchanan) 

 

AS: Yes, definitely, you need information on it. 

DE: Not in the least because of the existing legislation. 

 

 
Q.: How can remote sensing be useful for Natura 2000 reporting? 

(?) 

 

DE: Natura 2000 is in fact just the network of protected areas. But don’t forget that article 

17 asks for reporting on the whole national territory. Some countries have already a lot 

of data available, e.g. England, but for other countries there is only little available, e.g. 

some Mediterranean countries. They often only have information on national parks. 

Data on the location of broad habitats would already be very useful in these cases. 

Remote sensing can definitely help in that! 

FG: Earth observation has its limits and it will never replace traditional techniques, but 

the challenge is to establish where remote sensing and in-situ can be combined. 

Remote sensing can have different roles: 
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1) It can provide full coverage OR it can help to increase our sample sizes 
(provided we can establish a link with in-situ data). 

2) It can also provide background information or new impressions, new aspects of 
the environment (e.g. mapping of linear features can be easier with remote 

sensing than in the field). 

 

 
Q.: We know that Earth observation can deliver information for specific fields of 

research that you simply cannot get in any other way. Are there such kinds of 

information in the field of habitat mapping as well? 

(Geoff Groom) 

 

BD: Let’s not forget about aerial photo’s, which are crucial to many field mapping 

surveys. This is also remote sensing. 

AS: Yes, there are things, e.g. biochemical and biophysical variables. These could 

prove useful in habitat quality assessment. 

GDB: Ecologists seem to be quite conservative when it comes to habitat quality: they 

tend to express it in terms of species and structures. But you could also think of other 

aspects indicating quality: e.g. plant health, water stress, biomass production,… 

Remote sensing can deliver on this. 

DE: Another example: Is the hydrological cycle in an area functioning correctly? This is 

very difficult to find out with traditional mapping. 

 

NVC: When it comes to using remote sensing, the question should not be OR but AND: 

where can remote sensing facilitate your field mapping work? E.g. providing insight in 

restricted areas (military areas), focussing fieldwork on areas where a lot of change 

seems to have occurred,… Remote sensing facilitates monitoring. 

MB: It may be a good idea to look into the (near) future and see what satellites and 

sensors will be available (e.g. Sentinel-2 will have 13 bands). 

 

 
Q.: Wouldn’t it be great to have samples across Europe as a baseline to aid in 

habitat mapping with remote sensing? Such calibration sites could serve as a 

calibration for satellite sensors but also for derived products. 

(Sander Mücher) 

 

MB: Indeed, an in-situ sampling system (network building) is interesting and there is 

probably also money available to establish it (through FP7). 

DE: May be ALTER-net, the network of long-term ecosystem research sites in Europe, 

could play a role in this? 

GDB: Indeed, it does, through the EBONE project. This project aims at setting up a 

biodiversity monitoring scheme for Europe, integrating remote sensing data with data 

from selected field sites. 

MB: It may also be of interest to know that the German Aerospace Center (DLR) is 

currently establishing a spectral library. 

 

 
Q.: Imagine tomorrow the Minister of our department approves a budget for 

monitoring, and we are allowed to use remote sensing for it. How do we proceed 

then? Where can I find out whether remote sensing would be useful for my 

problem and if yes, which methods to apply? To whom should I address my 

problem? 

(Matthias Engelbeen) 
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GDB: This is a typical question that many potential users may be confronted with. So, 

dear panel members, your answers may very well be the take-home message for a lot 

of people in this audience! 

NVC/FG: There is no simple answer to this, but an important thing to keep in mind 

would be to consult several possible partners or bring several partners together. If you 

would stick to just one partner, you would probably end up using his specialisation, 

regardless of whether this is the best approach for your problem. 

Geoff Groom: ‘Intermediating trained professionals’ as FG mentioned in her 

presentation can be very helpful in this. 

 

 
Q.: What if you need data over larger areas, and not just locally. Where does one 

turn to? Is there funding available? 

(?) 

 

CE: The Joint Research Centre has some products for the whole of Europe, e.g. forest 

masks. 

DE: The only database on land cover for the whole of Europe is CORINE land cover. 

Although it has important drawbacks for research on habitats, it is the only thing 

available. 

FG: In the future, countries may provide funding for nationwide coverage. E.g. the 

Defra incentive to have 25 cm ground resolution images for the whole of the UK every 3 

years. 

NVC: An image processing chain is ideal in this respect. By applying different 

algorithms on the same set of images, you can get more out of one image set. 

 

 
Final remarks 

Reflecting on the workshop, the general feeling is that the workshop evoked fruitful 

duiscussions and that there is much interest for the topic. It’s suggested to create a 

more structural platform for dialogue between vegetation ecologists and remote 

sensing experts, e.g. through an online discussion forum. Funding may also be 

available through an FP7 specific support action or COST action. Some think of DG 

Environment as the best placed intermediator for this. 

Meanwhile, GDB invites everyone to continue the work and spread the word. 

 

The panel discussion and the workshop is closed at 16h45. 
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1. Introduction 
 
With the 2010 target of halting biodiversity loss far from being achieved, a renewed, post-2010 
strategy for biodiversity in Europe is currently under discussion. This new strategy will not only 
consider conservation (e.g. Natura 2000), but will also factor in the role of ecosystems and the 
services they provide. Vital to a successful implementation of the strategy is our ability to establish 
a scientific baseline on the state of biodiversity in Europe, and to measure progress towards 
reaching the objectives. However, acquiring accurate and up-to-date information on biodiversity, 
both at site, member state and European level, remains a big challenge, as exemplified by the 
latest reporting on conservation status of Natura 2000 habitats and species in 2007. Remote 
sensing has been recognized as a powerful, innovative tool, but its use in biodiversity monitoring 
remains scattered and limited. 
 
It is within this context that the Habistat-consortium (http://habistat.vgt.vito.be) organized its 
second user-oriented workshop on the use of remote sensing for biodiversity monitoring, in 
cooperation with the European Commission DG Environment, and with the financial support of the 
Belgian Science Policy Office (BELSPO, Stereo II programme) and the Research Institute for Nature 
and Forest (INBO). The workshop took place in the premises of the Museum of Natural Sciences in 
Brussels on 13 October 2010, coinciding with the 2010 International Year of Biodiversity and the 
Belgian Presidency of the Council of the EU. It was attended by 105 participants from 13 European 
member states. 
 
Theme of the workshop was: “Monitoring Europe’s biodiversity in a post-2010 era: the role of 
remote sensing for Natura 2000 reporting and ecosystem assessment.” The workshop aimed to 
bring best-practice examples of the use of remote sensing in biodiversity recording and monitoring 
in Europe, as a source of inspiration to the biodiversity conservation community. Special attention 
was given to possibilities and opportunities provided by remote sensing for the mapping and 
conservation status assessment of Natura 2000 habitats, and habitat suitability assessments for 
Natura 2000 species. A concluding plenary discussion addressed questions on how remote sensing 
can contribute (more) successfully to an operational monitoring programme for Europe’s 
biodiversity. 
 
 
 
 
 
 
 

2. Programme 
 
The programme of the workshop can be found in annex to this report. All presentations (unless 
confidential), including poster presentations, are available on the Habistat-website: 
http://habistat.vgt.vito.be (click ‘Downloads’ in the main menu). 
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3. Plenary discussion 
 
The workshop’s contributions showed a broad sample of how remote sensing can be put to use for 
biodiversity monitoring. But remote sensing is also a very diverse and complex field with a wide 
kaleidoscope of techniques, concepts and applications. The use of at least 50 different acronyms in 
only eight presentations was indicative for this level of diversity. 
Setting up an operational monitoring programme requires choices to be made, that are most likely 
to determine the outputs of the programme for a long time to come. In order to integrate remote 
sensing in such a programme, monitoring experts first need to have a clear view on what is 
available and/or achievable with remote sensing, to help them decide what approach will work for 
specific cases. 
 
The aim of the discussion was to identify and address a number of aspects that could facilitate the 
integration of remote sensing in operational monitoring. The discussion was structured around five 
questions: 
 

1) Do we need to harmonize methodologies? 
2) Is a pixel map a suitable end product, or should producers deliver polygon maps? 
3) Are the new technologies (hyperspectral data, LiDAR,…) feasible in an operational context? 
4) What level of detail can remote sensing deliver in the context of Natura 2000 habitat 

monitoring (incl. both habitat mapping and quality assessment)? 
5) What would be needed from the European Commission to get more successful experiences 

(GMES, from the policy and implementation units)? 
 
This report summarizes the discussion and aims to draw conclusions and recommendations that 
will facilitate further progress in the integration of remote sensing in biodiversity monitoring. 
 
 

Q1. Do we need to harmonize methodologies? 
 
A wide range of remote sensing approaches and methodologies are available today, even for the 

same or similar goals (e.g. mapping heathland habitat). This hampers comparability between 

different areas, and makes it difficult for monitoring experts to decide which approach to apply. 

- Is this a problem?  

- Is there a need to harmonize and decide on standard approaches for a specific application? 

- Is there a ‘superior’ technique in all aspects (that could become the standard approach)? 

- What are the advantages and disadvantages of harmonization? 

 
Most participants agree that there is no such thing as a superior technique. The success of remote 
sensing lies in the clever combination of available data and techniques, to develop a tailor-made 
product that suits the user’s needs. Forcing the producer into using a standard approach would in 
many cases result in less customization to the specific problem at hand, and hence lower quality 
end products. 
 
Geoff Groom (NERI, Aarhus University) states that harmonization of mapping products and 
approaches has to be considered in terms of five information aspects, being: 

- the adopted data concepts (i.e. the Worldview and purpose of the map data); 
- spatial aspects (i.e. typology, scale, geometry, geodetics); 
- temporal aspects (i.e. what timepoint / period do the data represent?); 
- semantic aspects (i.e. the classification system and class definitions used for the legend); 
- the quality (accuracy, precision) of the products. 

The Geographical Information Science (GeoInformatics) community is developing answers on 
exactly these kind of problems, and should therefore be involved in this discussion. Lex Comber 
(University of Leicester) mentions the FP5-project REVIGIS1, which tackled a number of problems 
that are relevant to the topics discussed here, such as how to accommodate the uncertainties of 
different classifications, measurements, sensors, etc. when different spatial data are combined. 

                                                 
1
 See http://cordis.europa.eu/fetch?CALLER=PROJ_ICT&ACTION=D&CAT=PROJ&RCN=56773 and 

http://www.le.ac.uk/geography/research/projects_comber_REVIGIS.html, as well as publications by A. 
Comber. 
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Stefan Lang (Z_GIS, Uni Salzburg) argues that a harmonization of approaches or products (‘maps’) 
is not strictly necessary. Our general aim should be to produce ‘spatial information’, that can be re-
used for other purposes as well. Developing a standardized hierarchical system of ecological units 
for Europe, and adopting it for spatial data production, would facilitate the up-scaling (and thus re-
use) of estimates from smaller units into larger units. The precise methodology used for each of 
the data productions would then become less important. 
 
Lex Comber further adds that harmonization should in fact be bottom up, meaning that it should 
look for ways to allow people to ‘do what they do’ in relation to extracting biodiversity information 
from remotely sensed data, while at the same build frameworks and identify mechanisms for 
recasting that remotely sensed data into other sorts of information. This could be done by defining 
‘data primitives’ at the lowest level, i.e. features that record information describing the processes 
under investigation at the most fundamental level. The desired higher level information could then 
be generated from these data primitives through a process of aggregation (as e.g. in the example 
of the Habitat Map of Wales). Advantages of this approach would be that: 

- it would allow other contemporary classifications to be generated from the same primitives 
(e.g. relating to different aggregations); 

- it would allow as yet unanticipated classifications to be generated in the future. We cannot 
predict to what extent our scientific understanding of habitats will have changed in 20 
years time, nor what the monitoring priorities will be at the time, but data primitives should 
allow us to retrospectively generate the required information. In this way they provide a 
method for time-proofing current research activities. 

 
Whereas the need for a harmonization of methodologies is thus contested, all participants do seem 
to agree that there is a need to harmonize the evaluation of a product. Apparently one of the most 
confusing concepts, for remote sensing specialists and end users alike, is the concept of ‘accuracy’. 
The discussion focuses on this concept, with the following recommendations: 
 

- Accuracy is important and cannot be ignored, but some types of errors will make the 
product more contestable for users than others (e.g. forest/non-forest errors are obvious 
when going in the field and therefore less acceptable, whereas an estimate of the amount 
of cottongrass in a given patch is as difficult to make in the field as with remote sensing). 

- There is a need to better define the concept of ‘accuracy’. It should mean the same in all 
instances, or it should at least be clear what accuracy means in any case. In this respect, 
Alan Brown (Countryside Council for Wales) points to the fact that change detection, data 
fusion and accuracy assessment are all related. We should therefore first consider the 
problem of change detection, which will then allow us to approach the problem of accuracy 
in a more oriented way. 

- Current accuracy measures (e.g. confusion matrices) are often non-spatial, while in reality 
errors (or regions of low quality) are not evenly distributed throughout the map product, 
but are spatially clustered. Measures of quality at the object level (i.e. the basic elements 
of the map product) could be more appropriate to support spatially informed data use. 

- There is a need to communicate about accuracy. Too many users are currently applying 
(often downloaded) data for decision-making, without knowing or understanding whether 
the data are suitable for the purpose. 

 
Lex Comber reminds that ‘accuracy’ and ‘data quality’ are not synonyms. Data quality is a relative 
measure (with accuracy just one aspect of it), which depends on the intended use of the data. 
Therefore, measures of data quality should be aimed at users rather than producers of data. One 
problem however is that it is difficult to anticipate every possible future use. 
 
The Habitats Directive Article 17 reporting is in fact a major harmonization process, but Angelika 
Rubin (EC DG Environment) acknowledges that there has not been given much attention as to how 
data comparability could be assured. The EC hopes that a further harmonizing of the data to be 
reported (one of the aims of the EU Expert Group on Reporting under the Nature Directives) will 
also lead to more harmonization in data collecting approaches. 
 
Finally, it is added that best practice examples and guidance, both for field work and remote 
sensing, could be very helpful in the process of harmonization and enhancing comparability. 
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Q2. Is a pixel map a suitable end product, or should producers 

deliver polygon maps? 
 
Many users of geographical data (e.g. site managers, policy makers,…) are used to their maps 

having nicely delineated polygons. However, the basic unit at which remote sensing delivers 

information is the pixel. Moreover, some patterns or processes of interest to the user may be 

better represented by pixels than by polygons (e.g. gradients between vegetation types, 

encroachment of invasive species,…). Is it time for the users to make a radical shift in how they 

use geographical data (away from the paper-map mimicking digital polygon maps), or should 

producers continue to deliver polygon maps? 

 
The discussion starts with the question about the necessity to produce maps. Hans Gardfjell (SLU) 
remarks that for the Article 17 reporting, member states need to report only area estimates (in 
km²) and rough distribution maps (10x10 km grid scale) of habitats to the EU. This makes 
extensive spatial mapping of habitats strictly not necessary, and remote sensing could thus equally 
well be used for ‘at a point’ information gathering. However, Doug Evans (ETC/BD) replies that 
spatial mapping is relevant for nature conservation management, and that the Art. 17 reporting 
should only be seen as the tip of the iceberg. The EC encourages member states to develop 
national nature data systems which include a.o. spatial mapping of habitats. 
 
The rest of the discussion shows that there are strong supporters and opponents of both polygon 
and pixel maps. Arguments raised in favour of polygons are: 

- Pre-processing steps (such as atmospheric correction, geo-referencing, combining multiple 
images,…) turn a lot of the pixels into artefacts, so it is better not to rely too much on 
single pixel values. 

- The objects of interest (i.e. habitats) come in patches in real life, so it is better to represent 
these as polygons. A single pixel cannot be attributed to a certain habitat without looking 
at the context it is in. 

Arguments raised in favour of pixels: 
- Pre-processing is not messing up your pixels, it is removing artefacts that hide what should 

have been measured by the sensor. 
- The starting point of object-based image analysis is mostly to make your data more easily 

interpretable, which is a false argument. The real goal should be to get more information 
out of your image, and that is only possible if you analyse at the pixel-level. Going from 
pixels to polygons means you are simplifying and hence losing information. 

 
Geoff Groom points out that the discussion pixel- versus polygon-products is not the same as pixel-
based (PBIA) versus object-based image analysis (OBIA). The strength of OBIA is in its object-
based modelling (i.e. looking at the context), and this can be used to reveal information on a single 
pixel as well as on a whole polygon. 
 
All in all, it is concluded that the choice for pixels or polygons should depend on the intended use of 
the product. But most users in the field of biodiversity conservation (e.g. site managers, policy 
makers,…) are currently not well equipped to handle pixel maps, and would need specific software 
and education on the topic, for which time and funding are usually lacking. If we want remote 
sensing products to be used for biodiversity purposes, we will have to make them readily applicable 
for these users, and this is only possible with polygon maps that can easily be integrated into 
existing GIS-systems. 
 
 

Q3. Are new technologies offered by remote sensing feasible in 

an operational context? 
 
New technologies such as hyperspectral and LiDAR data offer exciting new possibilities for 

biodiversity surveillance and monitoring through remote sensing. However, they are expensive and 

often difficult to obtain (especially over larger areas). Is it then realistic to rely on such data when 

putting into place operational monitoring programmes? 

 
Everybody seems to agree that there is a problem with the availability and continuity of highly 
specialized data like hyperspectral or LiDAR for biodiversity conservation purposes. For instance, 
there is a lack of hyperspectral sensors available, and even newly planned sensors will not be 
enough to cover large areas such as Europe or even single member states. Hyperspectral satellite 
sensors are only to be expected within a few years, and these will deliver lower spatial detail than 
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current airborne sensors. As for LiDAR, many countries are now flying LiDAR over their territories 
in order to derive digital elevation models. But once this is finished, it will remain to be seen 
whether countries will be prepared to repeat this coverage at regular intervals. Maybe only 
countries with lots of forests will do so, or the focus may shift entirely towards LiDAR applications 
for the market of urban mapping, with limited utility for biodiversity monitoring.  
There may be another downside to the plethora of new sensor developments we have seen in 
recent years, namely that the continuity of long time series of similar data (as e.g. the Landsat and 
NOAA-AVHRR systems), may be jeopardised, with possible severe impacts on the value of remote 
sensing data for long term habitat (change) monitoring. 
However, taking into account successful examples where many remote sensing sources, each with 
its own characteristics, were combined, it cannot be ruled out that the use of the more advanced 
techniques may be inevitable to obtain the required levels of detail and reliability. 
Highly specialized airborne data can be obtained through EUFAR, but this facility has limited 
capacity and is mainly meant for research projects, rather than operational monitoring 
programmes. It is felt that there should be a lobby group for an airborne network of advanced 
sensors around Europe (e.g. as part of GMES), in order to ensure both higher availability of data, 
and continuity in sensors/image types. 
 
 

Q4. What level of detail can remote sensing deliver in the context 

of Natura 2000 habitat monitoring? 
 
For the reporting under the Habitats Directive, member states need both distribution maps of 

habitats (to estimate area and range), as well as an assessment of the habitat quality (called 

‘specific structures and functions’ in the Habitats Directive). A logical question would therefore be 

to what extent remote sensing can deliver such data. INBO prepared a quick-and-dirty overview of 

what seems feasible and unfeasible, as a basis for discussion, and based on own experiences as 

well as limited knowledge from experiences of others (see Table 1). 

 
 
Table 1: A tentative overview of the applicability of remote sensing for the mapping and quality 

assessment of Annex I-habitats. 

 

Habitat group (from 
Habitats Directive Annex I) 

Mapping Quality assessment 

1. COASTAL AND HALOPHYTIC 

HABITATS 
good (most habitats) ?? (possible) 

2. COASTAL SAND DUNES AND 

INLAND DUNES 
good (most habitats) 

possible to some extent (grass 

encroachment, tree 

encroachment, dynamics ~ 

amount of open sand) 

3. FRESHWATER HABITATS 
bad (no differentiation between 

most freshwater habitats) 
?? (impossible) 

4. TEMPERATE HEATH AND 

SCRUB 
good (most habitats) 

possible to some extent (grass 

encroachment, tree 

encroachment) 

5. SCLEROPHYLLOUS SCRUB 

(MATORRAL) 

unknown (probably some 

habitats) 
?? (possible) 

6. NATURAL AND SEMI-

NATURAL GRASSLAND 

FORMATIONS 

bad (almost no differentiation 

between most habitats, but 

possible to distinguish as a 

group from anthropogenic/ 

improved grasslands) 

?? (impossible) 

7. RAISED BOGS AND MIRES 

AND FENS 
good (most habitats?) ?? (possible) 

8. ROCKY HABITATS AND 

CAVES 

unknown (probably some 

habitats) 
?? (possible) 

9. FORESTS 

bad (no differentiation between 

forest habitats, but possible to 

distinguish from plantations; 

tree composition can often be 

determined) 

?? (possible for some 

structural characteristics) 
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Several participants feel that the table is too simplistic. Many factors are of influence to the success 
of a remote sensing driven approach, such as: 

- the amount of knowledge input on the objects of interest; 
- the amount and quality of (image) data available; 
- the scale at which the output is desired; 
- the kind of habitat quality aspects one is looking at (e.g. typical species, specific habitat 

structures, disturbances,…) 
- … 

Moreover, even if individual habitats cannot be mapped or assessed, it may well be possible to get 
useful information on habitat groups (e.g. natural and semi-natural grasslands versus improved 
grasslands). 
A more elaborate overview would be needed. It is suggested that this could be made in the frame 
of the two upcoming FP7-projects MS.MONINA and BIO_SOS. 
 
Despite the criticisms on the simplicity of the table, Hans Gardfjell confirms that the table largely 
corresponds with the experiences in Sweden, and he stresses the fact that remote sensing cannot 
deliver all the answers. A combination with field work will always remain necessary. 
 
 

Q5. What would be needed from the EC to get more successful 
experiences (GMES, from the policy and implementation units)? 

 
The European Commission is interested to see more successful examples of how remote sensing is 

put to use for biodiversity monitoring. The question to the audience is what would be needed from 

the EC to see this happen. 

 
Michael Bock (DLR) points to the fact that a more reliable funding source for biodiversity 
monitoring with remote sensing should become available. Many of today’s examples are short-term 
projects that develop some approaches, but lack the continued funding to subsequently bring the 
approach into operational monitoring. 
Lex Comber adds that GMES should be more bottom-up. More attention should go to finding ways 
to incorporate existing activities of habitat information generation from remotely sensed data and 
add value to them, rather than trying to sell novel applications and products to replace existing 
activities. GMES should promote the science work needed for that. For example, one of the possible 
GMES products could be a toolkit for integrating divergent spatial and thematic habitat data, 
accommodating divergent classifications, their semantics, raw data etc., constituting a data 
framework upon which to hang existing data collection activities. 
Arno Kaschl (EC DG Environment) replies that GMES is open to receive more input from users. 
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4. Conclusions 
 
• The workshop has shown several successful, as well as also less satisfactory, examples of the 

use of remote sensing in biodiversity monitoring. It appears that the chance of success is 
raised when: 
o the problem to be tackled is specific and well-defined. Solving all the users’ needs at once 

is impossible, and vague or too broad objectives hinder the focus on the problem. 
o the future users (the nature conservation community) and producers (remote sensing 

community) communicate and cooperate from the very beginning to develop the most 
efficient approach to the problem. The input of ecological knowledge in the first phases is 
often vital for the success of a project. 

 
• Operational methods exist, but their application to a wider scale is often hampered by a lack of 

availability of suitable image data. The participants welcome the choice for a more open data 
access policy from satellite sensors recently made by GMES, and encourage the EC: 
o to develop in parallel a facility for airborne sensors in Europe. 
o to ensure data continuity, in terms of long time series of similar data types, as these 

constitute an important stimulus for long-term monitoring. 
 
• Over the past years, the nature conservation and remote sensing communities have come 

closer together and intensified communications and discussions, but this happened mostly in 
the frame of short-term projects. There is a clear need for a continuation of the dialogue 
between both communities, preferably in a more formalized structure with more secure funding 
(e.g. a COST action). 

 
• Harmonization of remote sensing methodologies over larger areas and periods may seem 

logical, but there is a risk of making the system more rigid and less adaptable to specific 
situations, or to progress in understanding of concepts over time. Rather than promoting 
standard methods for processing and information extraction from remotely sensed data, there 
is a need to develop frameworks that allow comparability of results in space and time (through 
upscaling and/or recasting of basic measurements (‘data primitives’)), despite the variation in 
sensors, thematic legends and processing methods used. This need should receive more 
scientific attention, and the Geo-informatics community should be involved. 
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ANNEX 1 – PROGRAMME OF THE WORKSHOP 

 

Programme 
 
9h00 Arrival & coffee 
9h20  Welcome (Jurgen Tack, INBO, Belgium) 
9h25 Introduction (Marco Fritz, DG Environment, European Commission) 
 
9h40 From hyperspectral images to Natura 2000 habitat patches and quality indicator 

maps: results from the HABISTAT-project (Birgen Haest for the HABISTAT-team, 
VITO, Belgium) 

10h10 Photo interpretation and remote sensing methods used for Swedish Natura 2000 
mapping (Birgitta Olsson, Metria, Sweden) 

10h30 Capturing loss and change in Danish protected nature areas using object based 
image analysis tools (Geoff Groom,  NERI, Aarhus University, Denmark) 

 
10h50 Coffee break 
 
11h10 Habitat mapping in Wales using multiple date remote sensing imagery (Alan 

Brown, CCW, UK) 
11h30 The application of airborne remote sensing in woodland and landscape ecology: a 

bird's eye view (Shelley Hinsley, CEH, UK) 
11h50 Applied vegetation monitoring with high resolution sensors (Annett Frick, LUP, 

Germany) 
12h20 Habitat mapping through remote sensing in the Piemonte region: a 

methodological approach (Fabio Giannetti, IPLA, Italy) 
 
12h40 Lunch break 
 
13h40 Towards a pan-European assessment of riparian zones (Nicola Clerici, JRC, 

European Commission) 
14h00 MS.MONINA – an integrated multi-scale earth observation based monitoring 

service as European contribution to sustaining global biodiversity (Stefan Lang, 
Z_GIS, Univ. of Salzburg, Austria) 

14h20 Global Monitoring for Environment and Security (GMES) - state of play and 
opportunities for biodiversity monitoring at a European scale (Arno Kaschl, DG-
Environment, European Commission) 

 
14h40 Coffee break 
 
15h10 How to choose between operational remote sensing methods and products? 

Towards a common validation framework for the end users (Anne Schmidt for the 
HABISTAT-team, WUR-ALTERRA, the Netherlands) 

 
15h30 Discussion: Biodiversity monitoring beyond 2010: what is the role for remote 

sensing? (moderated by Maurice Hoffmann, INBO, Belgium) 
 
17h00 Closing of the workshop + reception 
18h00 End 
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Poster presentations 
 
 
BIO_SOS- Biodiversity multi-source monitoring system: from space to species, FP7-
SPACE-2001-1 project (Palma Blonda, ISSIA-CNR, Italy) 
 
Life+ MOTH: Monitoring of terrestrial habitats (Hans Gardfjell & Helena Forsman, SLU, 
Sweden) 
 
NILS, Swedish landscape monitoring program (Hans Gardfjell & Helena Forsman, SLU, 
Sweden) 
 
Application of LiDAR remote sensing and photogrammetry techniques to vegetation 
classifications in the Corrubedo dunes and Carregal and Vixan lakes natural park 
(Galicia, NW SPAIN) (Miriam Fernandez-Nuñez & Maria del Pilar Díaz Cuevas, Univ. of 
Sevilla, Spain) 
 
Mapping of direct and indirect drivers for changes in ecosystems services (Mediterranean 
region) (Faidra Maria Bazigou & Joachim Maes, VUB, Belgium) 
 
HABIT-CHANGE: Adaptive management of climate-induced changes of habitat 
diversity in protected areas (Marco Neuberg, Leibniz-IÖR, Germany) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
All presentations will be made available on our website soon after the workshop; so have a look 
at http://habistat.vgt.vito.be/ 
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ANNEX 2 –QUESTIONNAIRE 

 
HABISTAT workshop 

Monitoring Europe’s biodiversity in a post 2010 era: 
the role of remote sensing for Natura 2000 reporting 

and ecosystem assessment 

Brussels, 13 October 2010 

Dear workshop participant, 

Please help us documenting the use of remote sensing in biodiversity surveillance and monitoring 
initiatives throughout Europe. We would be grateful if you could fill in this small questionnaire, and 
return it in the box at the registration desk. We may contact you afterwards for more information 
or to identify relevant publications, websites or contact persons. You may also contact us directly at 
jeroen.vandenborre@inbo.be, or habistat@inbo.be. The results of this inventory will be included in 
the workshop report, which will be made available to all participants. Many thanks for your help. 
 
Name: ……………………………………………………………………………… 

E-mail: ……………………………………………………………………………… 
 
Do you know of any remote sensing-based biodiversity surveillance or monitoring schemes in your 
country (or elsewhere in Europe)? 

□ YES      □ NO 

 
If yes, please provide some more information: 
 
 
Project title/reference:.………………………………………………………………………………………………………………………… 

Country/Geographic location:……………………………………………………………………………………………………………… 
Please describe (targeted organisms/habitats, geographic coverage, image types used, information extraction 

strategy (e.g. manual interpretation, (semi-)automatic,…), responsible organization, contact person,…): 

…………………………………………………………………………………………………………………………………………………………………

…………………………………………………………………………………………………………………………………………………………………

…………………………………………………………………………………………………………………………………………………………………

…………………………………………………………………………………………………………………………………………………………………

…………………………………………………………………………………………………………………………………………………………………

…………………………………………………………………………………………………………………………………………………………………

………………………………………………………………………………………………………………………………………………………………… 

Please tick: 

□ Surveillance (one-time measurement) OR □ Monitoring (repeated measurements) 

Was/Is Natura 2000 involved? □ YES  □ NO  If yes:   □ Species □ Habitats 
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ANNEX 3 – REPLIES TO THE QUESTIONNAIRE 

 
Seven participants responded to the questionnaire. Their replies are reproduced below. This 
overview is of course far from representative of what is going on in EU-member states with respect 
to the use of remote sensing for biodiversity monitoring. Compiling a more complete overview will 
be the subject of ongoing and future work. 
 
 
 

 
Respondent: Hans Gardfjell 
hans.gardfjell@srh.slu.se 
 
Project title: LIFE08/NAT/S/264, MOTH (http://www.slu.se/moth) 
Country/Geographic location: Sweden 
Description: 

- Terrestrial Annex I habitats, areal coverage, conservation status 
- Two-phase method combining manual interpretation of aerial images and field survey of 

field plots 
Surveillance/Monitoring: Monitoring 
Natura 2000 involved: Yes – Habitats 
Contact: hans.gardfjell@srh.slu.se 
 
Project title: NILS (http://nils.slu.se; http://www.slu.se/nils) 
Country/Geographic location: Sweden 
Description: 

- General landscape monitoring programme 
- Grid of 5x5 km plots distributed all over Sweden 
- Aerial images, manual interpretation 
- Field plots 

Surveillance/Monitoring: Monitoring 
Natura 2000 involved: Yes – Habitats 
Contact: johan.svensson@srh.slu.se 
 
Project title: EMMA (http://emma.slu.se) 
Country/Geographic location: Sweden 
Description: 
Research project developing methods for evaluation of biodiversity measurements using LiDAR 
Contact: hakan.olsson@srh.slu.se 
 
Project title: “Change analysis in peatlands” (title to be checked) 
Country/Geographic location: Sweden 
Description: 

- change analysis in peatlands in Sweden 
- satellite images 

Surveillance/Monitoring: Monitoring 
Natura 2000 involved: ? – Habitats 
Contact: johan.abenius@naturvardsverket.se 
 
 

 
Respondent: Lex Comber 
ajc36@le.ac.uk 
 
Project title: Land cover map 2007 
Country/Geographic location: All UK – Census survey 
Description: 

- Broad habitats 
- Segmented using Ordnance Survey Mastermap 
- Medium-scale imagery (10 – 30 m) 
- Object-based image analysis (OBIA) � object-level metadata, automatic (with knowledge-

based corrections, but different methods) 
Surveillance/Monitoring: Monitoring 
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Natura 2000 involved: Yes? – Habitats 
Contact: Dan Morton, Centre for Ecology & Hydrology, Lancaster, UK (danm@ceh.ac.uk) 
 
Project title: Countryside Survey (http://www.countrysidesurvey.org.uk) 
Country/Geographic location: UK 
Description: 

- Sample survey, stratified across biogeographic zones  ~ 700 x 1 km² 
- Field survey/aerial photo interpretation (API) 
- Species/assemblages recorded � re-cast into other classifications 

Surveillance/Monitoring: Monitoring, since 1978 
Natura 2000 involved: Yes? – Species and Habitats 
Contact: Centre for Ecology & Hydrology, Lancaster, UK 
 
 

 
Respondent: Katie Medcalf 
katie.medcalf@envsys.co.uk 
 
Project title: Habitat Inventory of Wales / Mapping peat bogs in Scotland / Mapping Invasive 
species Wales / Habitat mapping Ireland 
Country/Geographic location: Wales, Scotland, Ireland 
Description: 

- Woodlands: We get to the level of woodland general type � models exist in UK to bring to 
Annex I 

- Heathlands: Well mapped and can be described in various ways 
- Grasslands: Can generally get to unimproved grassland types some Annex I are difficult 

because of lack of detailed geological data. + E.g. grassland well mapped in Galway, 
Ireland where 1:25.000 geology map, not so well in Wales where geology is too broad to 
use. 

- Bogs: Well mapped / quality and gradiation into wet heath is well mapped 
- Scrub: Yes (Don’t think any Annex I scrub in Wales) � I cannot see a difficulty in 

monitoring scrub if we need to 
- Coastal: Yes, general habitats mapped 

Surveillance/Monitoring: Monitoring 
Natura 2000 involved: Yes – Species and Habitats 
 
 

 
Respondent: Duncan Blake 
duncan.blake@snh.gov.uk 
 
Project title: Upland Habitat Inventory 
Country/Geographic location: Scotland 
Description: 

- Pilot study to assess remote sensing techniques (aerial photo & satellite imagery) for 
creating habitat inventories of BAP priority and Annex I priority habitats. Initially two 20x20 
km sample squares. 

- Part of the Scottish Surveillance Strategy 
Surveillance/Monitoring: Surveillance 
Natura 2000 involved: Maybe – Habitats 
 
 

 
Respondent: Shelley Hinsley 
sahi@ceh.ac.uk 
 
Project title: Remote Sensing Research in the New Forest 
Country/Geographic location: England 
Description: 

- Develop objective and repeatable remotely sensed indicators of woodland condition and 
habitat status, that will link with measures of biodiversity value (e.g. cover of overstorey 
and understorey canopy, gap characteristics, canopy heterogeneity, dead wood, 
regeneration) 
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- Integrated airborne hyperspectral and LiDAR data 
- Investigate ‘up-scaling’ of measurements from test areas using satellite remotely sensed 

data 
- Investigate additional value of landscape scale ecological variables as indicators for forest 

habitat status 
Contact: Bournemouth University 
 

 
 
Respondent: Julian Perdrigeat 
julian.perdrigeat@cr-npdc.fr 
 
Project title: ARCH – ‘Assessing Regional Changes to Habitats’ 
Country/Geographic location: Nord-Pas de Calais (France) and Kent (England, UK) 
Description: 

ARCH is a ‘Interreg IV A – 2 Seas’ European project, led by Kent County Council in partnership 
with Conseil régional Nord-Pas de Calais. It aims at mapping natural habitats in both regions, 
spread up the data to users and update it with remote sensing in a long term view. The project 
was launched in May 2010 and runs till 2012. Budget is 2.46 Mio €, funded around 50% by the 
European Union. 

Surveillance/Monitoring: Monitoring 
 

 
 
Respondent: Nico Koedam; Vrije Universiteit Brussel (VUB), Faculty of Science and Bio-engineering 
Sciences 
nikoedam@vub.ac.be; rmerken@vub.ac.be 
 
Project title: Master + PhD research VUB 
Country/Geographic location: Greece, Thessaly 
Description: 

- monitoring ornitho- + herpetofauna 
- surveillance landscape elements (“agricultural land”) 
- non Natura 2000 
- remote sensing: Quickbird 
- fieldwork 

Surveillance/Monitoring: Surveillance (3x), possibly monitoring in future 
Natura 2000 involved: No. 
 
Project title: Master + PhD research VUB 
Country/Geographic location: Greece, Wetlands Amvrakikos Gulf 
Description: 

- surveillance, “retrospective monitoring”, possible monitoring wetland state 
- wetland migrant habitat (migration corridor) 
- Natura 2000 area + matrix 
- remote sensing: ASTER, possibly Landsat, possibly Quickbird/IKONOS 
- fieldwork 

Surveillance/Monitoring: Surveillance and monitoring (see comment above) 
Natura 2000 involved: Yes – Habitats 
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Annex C.  HABISTAT publications and reports, providing 
detailed descriptions on specific topics 

 

Annex C.1. Vanden Borre, J., Paelinckx, D., Mücher, C. a, Kooistra, L., Haest, B., De 

Blust, G., Schmidt, A. M., 2011. Integrating remote sensing in Natura 2000 habitat 

monitoring: Prospects on the way forward. Journal for Nature Conservation, 19(2), 116-125. 

 

 

133



1/22 

INTEGRATING REMOTE SENSING IN NATURA 2000 HABITAT 1 
MONITORING: PROSPECTS ON THE WAY FORWARD 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
Preprint version, accepted for publication in Journal for Nature Conservation 10 
(http://www.elsevier.de/jnc). 11 
Electronic version available through Elsevier Science Direct (stable url: 12 
http://dx.doi.org/10.1016/j.jnc.2010.07.003). 13 
 14 
Please cite this article as: 15 
Vanden Borre J., Paelinckx D., Mücher C.A., Kooistra L., Haest B., De Blust G. & 16 
Schmidt A.M. (2011). Integrating remote sensing in Natura 2000 habitat 17 
monitoring: Prospects on the way forward. Journal for Nature Conservation 19 18 
(2): 116-125. (DOI:10.1016/j.jnc.2010.07.003) 19 
 20 
 21 
 22 
 23 
 24 
Running title: Remote sensing for Natura 2000 habitat monitoring 25 
 26 
Authors: 27 
Jeroen Vanden Borre1,*, Desiré Paelinckx1, Caspar A. Mücher2, Lammert 28 
Kooistra3, Birgen Haest4, Geert De Blust1, Anne M. Schmidt2 29 
 30 
 31 
1 - Research Institute for Nature and Forest (INBO), Kliniekstraat 25, 1070 32 
Brussels, Belgium 33 
2 - Alterra, Wageningen UR, Droevendaalsesteeg 3, 6708 PB Wageningen, The 34 
Netherlands 35 
3 - Wageningen University, Centre for Geo-Information, Droevendaalsesteeg 3, 36 
6708 PB Wageningen, The Netherlands 37 
4 - Flemish Institute for Technological Research (VITO), Centre of Expertise in 38 
Remote Sensing and Atmospheric Processes, Boeretang 200, 2400 Mol, Belgium 39 
 40 
 41 
* Corresponding author: 42 
jeroen.vandenborre@inbo.be; tel. +32 2 525 03 44; fax +32 2 558 18 05 43 
 44 

45 

134



2/22 

Summary 46 
Monitoring and reporting on the state of nature gained increasing importance in 47 
the European Union with the implementation of the Habitats Directive and the 48 
Natura 2000 network. Reporting habitat conservation status requires detailed 49 
knowledge on many aspects of habitats at different spatial levels. Remote 50 
sensing is recognised as a powerful tool to acquire synoptic data on habitats, but 51 
to date, its use for Natura 2000 monitoring and reporting is still very limited. One 52 
reason for this appears to be the knowledge gap between the nature 53 
conservation agencies and the remote sensing community. We conducted a 54 
review of legal monitoring and reporting requirements on Natura 2000 habitats, 55 
looked into the current use of remote sensing in habitat reporting, and consulted 56 
monitoring experts in nature conservation administrations to find out about their 57 
attitude and expectations towards remote sensing. In this paper, we disclose and 58 
summarise the real data needs behind the legal requirements for Natura 2000 59 
habitat monitoring and reporting, analyse opportunities and constraints for 60 
remote sensing, and highlight bottlenecks and pathways to resolve them. 61 
Monitoring experts are not unwilling to use remote sensing data, but they are 62 
unsure of whether remote sensing can suit their needs in a cost-effective way. 63 
They look upon remote sensing as a one-way process of data deliverance and fail 64 
to see the importance of their active cooperation. Based on our findings, we 65 
argue that the integration of remote sensing into Natura 2000 habitat monitoring 66 
could benefit from (1) harmonising and standardising approaches, (2) focusing 67 
on data at hand to develop readily useful products, (3) a proper validation of 68 
both traditional and remote sensing methods, and (4) an enhanced sharing and 69 
exchange of ideas and results between the different research communities 70 
involved. 71 
 72 
Keywords 73 
Annex I habitats, Article 17 reporting, conservation status, Earth observation, 74 
habitat mapping, Habitats Directive, user consultation, user requirements 75 
 76 
Introduction 77 
 78 
Over the past decades, preserving our remaining natural heritage has become an 79 
issue of global concern, and this has been reflected in numerous legislative 80 
initiatives at different administrative levels. In the European Union, the Habitats 81 
Directive was adopted in 1992, imposing on EU member states the conservation 82 
of rare and/or threatened habitats and species of ‘Community interest’ (i.e. those 83 
habitats and species listed in annexes to the directive). 84 
 85 
From the first steps implementing the Directive, it became clear that many 86 
member states faced a great lack of knowledge on habitat distribution (Evans, 87 
2006). Although most member states have tackled this problem through 88 
intensive mapping projects, often by manual field surveys and with varying levels 89 
of detail, this is just the first step. Future stages in the implementation of the 90 
Directive involve setting up a monitoring and surveillance scheme by 2013, and 91 
reporting on the ‘conservation status’ of the habitats on a six-yearly basis. These 92 
stages will require detailed, reliable and up-to-date habitat distribution maps, 93 
stretching further than merely attributing a given vegetation patch to a habitat 94 
type, but also giving indications on its quality. National and regional authorities 95 
liable for nature conservation are thus faced with a major and urgent need for 96 
data, but limited means to acquire it. 97 
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 98 
Remote sensing is the science and art of obtaining information about an object, 99 
area or phenomenon through the analysis of data acquired by a device that is 100 
not in contact with the object, area or phenomenon under investigation (Lillesand 101 
et al., 2008). This definition highlights the two basic steps of the process: image 102 
data acquisition, and subsequent information extraction. 103 
Image data acquisition is performed by sensors, operated from airborne or 104 
spaceborne platforms, that measure electromagnetic energy emitted and 105 
reflected by the Earth’s surface. Originally, images were recorded on film and 106 
subsequently developed into analogue photographs, but digital sensors have now 107 
gradually replaced these early cameras. Progress in sensor development has led 108 
to images with ever higher spatial and spectral resolution. Imaging spectroscopy, 109 
lidar, radar and multiangle remote sensing constitute new technologies of 110 
particular relevance to (vegetation) ecology (Aplin, 2005). Today, just over 100 111 
Earth observation satellites are in orbit round the Earth, mostly at altitudes of 112 
600-900 km, carrying a wide variety of sensors each with their spatial, temporal, 113 
spectral and radiometric resolutions, depending on the purpose (CEOS, 2009). 114 
Nagendra and Rocchini (2008) present a brief overview of satellite sensors useful 115 
for biodiversity research. 116 
The process of information extraction has evolved rapidly too. Visual 117 
interpretation has long been the most obvious way to extract information from 118 
images, and it is still widely used. However, it is time- and labour-intensive and 119 
relies on subjective judgements (Lillesand et al., 2008). Throughout the last 120 
decades, numerous computer-assisted analytical tools have been developed to 121 
enhance information extraction. These mainly exploit the spectral information in 122 
the image, and incorporate reference data (e.g. from field-checks) to assign 123 
pixels to a certain class. More recently, there is a growing field of object-based 124 
analysis methods that incorporate spatial information in the image for 125 
classification, thus mimicking the way the human eye evaluates spatial patterns 126 
for object recognition (Blaschke et al., 2008). 127 
 128 
Using remote sensing for habitat mapping and monitoring offers multiple 129 
advantages over traditional field mapping, such as faster map production, insight 130 
into inaccessible terrain (e.g. large wetlands, remote mountain areas, restricted 131 
military areas), and increased repeatability of the mapping process (Buiten & 132 
Clevers, 1990). Nature conservation agencies have long recognised the potential 133 
of remote sensing, and have integrated visual interpretation of aerial 134 
photographs as an important tool in their operational workflow. In contrast, the 135 
adoption of more advanced, computer-assisted analysis techniques is lagging 136 
behind (Gross et al., 2009; Mehner et al., 2004), a finding which is also seen in 137 
the related discipline of landscape ecology (Newton et al., 2009; but see Groom 138 
et al., 2006). Ecologists, in general, seem to be reluctant to adopt new 139 
approaches (Aplin, 2005). In the application field of Natura 2000 habitat 140 
mapping and monitoring, the operational use of computer-assisted remote 141 
sensing analysis is seemingly limited to pilot projects and exemplary cases (e.g. 142 
Bock et al., 2005a; Diaz Varela et al., 2008; Förster et al., 2008; Frick et al., 143 
2005). In the past, advanced remote sensing techniques indeed fell short in 144 
mapping very detailed and specific biotopes like Natura 2000 habitats (Bock et 145 
al., 2005b), but technology is evolving rapidly, and newly emerging 146 
methodologies are opening up opportunities for novel applications of remote 147 
sensing data in monitoring (Aplin, 2005; Gross et al., 2009; Turner et al., 2003). 148 
 149 
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The main reason for the gap between the remote sensing community and the 150 
potential user community of monitoring experts seems to result from 151 
unfamiliarity and continued misperceptions of each other’s fields of work 152 
(Kennedy et al., 2009; Turner et al., 2003): Nature conservation organisations 153 
are generally unacquainted with remote sensing, and may not know what to 154 
expect from it or how to interpret and use it. Remote sensing scientists on the 155 
other hand may be focusing on technological development in their own field of 156 
specialism in the first place, without knowing exactly what nature 157 
conservationists need and how they intend to use it. This may lead to 158 
unreasonable expectations of end-users, the application of remote sensing 159 
methods that are not fully suited for the given purpose, disappointment of the 160 
end-users when the final products are delivered, and eventually a general 161 
disbelief in the added value of remote sensing. 162 
 163 
This paper focuses on defining the opportunities and bottlenecks for future 164 
application of advanced remote sensing methods in the mapping and monitoring 165 
of Natura 2000 habitats. By specifically concentrating on the existent gap 166 
between producer and stakeholder expectations, we identify some of the most 167 
important issues that need to be tackled to pave the way for a closer integration 168 
of both areas. The paper consists of four sections. Firstly, we analyse the legal 169 
context of Natura 2000 and the Habitats Directive, and identify the data needs 170 
that follow from it at different spatial levels. Secondly, we take stock of the 171 
current use of remote sensing in Natura 2000 habitat reporting, as disclosed by a 172 
recent EU-wide reporting event. Thirdly, we explore the attitude of the 173 
monitoring community towards the use of remote sensing, and define 174 
opportunities and constraints for remote sensing in the process of Natura 2000 175 
habitat mapping and monitoring. Finally, we formulate recommendations to 176 
facilitate the adoption of remote sensing in this application field. 177 
 178 
Methods 179 
 180 
In order to reach our objectives, we carried out a careful screening of relevant 181 
literature and existing data, and conferred with key parties involved in the 182 
Natura 2000 process. 183 
The Habitats Directive lays down the general outline of the monitoring and 184 
reporting obligations on Natura 2000 habitats. Detailed reporting requirements 185 
are elaborated, not in the Directive itself, but in several accompanying notes, 186 
guideline documents and appendices issued by the European Commission and 187 
other European institutions (e.g. European Commission, 2005a; ETC/BD, 2006a). 188 
Additionally, member state representatives have produced numerous reports, 189 
short notes and discussion papers that explore the consequences of the reporting 190 
for their particular cases. In the first part of this study, we reviewed and 191 
analysed many of these documents and deduced which kind of data member 192 
states need at what spatial level, to fulfil their reporting obligations. In the 193 
second part, we took advantage of data on habitat conservation status recently 194 
(2007) reported by 25 member states to the EU, to get a view on the actual use 195 
of remote sensing in Natura 2000 habitat status reporting. In the third and 196 
fourth part, we took a more direct approach by consulting members from the 197 
Natura 2000 monitoring community, to analyse their attitude and expectations 198 
towards the use of remote sensing in their specific application field. We paid 199 
special attention to the opportunities for remote sensing as perceived by these 200 
potential users, the preconditions to its use, and apparent bottlenecks that 201 
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hinder its application. Two workshops that brought together the remote sensing 202 
and the monitoring communities, one in Brussels, Belgium (24 October 2008; 203 
see http://habistat.vgt.vito.be), and one in Bonn, Germany (22-23 January 204 
2009; see Graef et al., 2009), laid out the major foundations of this part of the 205 
study. 206 
 207 
In this paper the terms ‘habitat’ and ‘habitat type’ refer to the habitats of 208 
Community interest, listed in the Annex 1 of the Habitats Directive and further 209 
defined in European Commission (2007). The term ‘remote sensing’ is used here 210 
to indicate the more advanced, computer-assisted analytical tools for information 211 
extraction from imagery, in particular from advanced sensors (e.g. multi- and 212 
hyperspectral, LiDAR, radar). Thus we specifically exclude the purely visual 213 
interpretation of aerial photographs or other (analogue or digital) images. 214 
 215 
Natura 2000 reporting obligations 216 
 217 
The European Union Council Directive on the conservation of natural habitats and 218 
of wild fauna and flora (92/43/EEC), also known as the ‘Habitats Directive’ or the 219 
‘Fauna-Flora-Habitats (FFH) Directive’, was adopted in 1992 as an 220 
implementation instrument of the 1979 Bern Convention on the Conservation of 221 
European Wildlife and Natural Habitats. Together with the Birds Directive 222 
(79/409/EEC), it constitutes the main legal framework for nature conservation in 223 
the European Union. Its aim is to contribute to the conservation of natural 224 
habitats and species of wild fauna and flora in the European territory of the 225 
Member States (European Commission, 2003). 226 
 227 
The habitats protected by the Habitats Directive are listed in its Annex 1. 228 
Originally, this annex listed 168 habitats. It was amended at various occasions, 229 
especially upon accession of new member states, and currently lists 231 habitat 230 
types in nine major habitat formations. Each habitat is coded with a unique four-231 
digit number. The list of habitats is very heterogeneous: the majority are defined 232 
by vegetation, but some are defined by physiographic features that may contain 233 
vegetated and unvegetated parts of different kinds (e.g. 1130 Estuaries). They 234 
may occur at a high variety of scales (from point locations up to complete 235 
landscapes), and differ also greatly in their inherent variability. The term 236 
‘biotopes’ or ‘biotope complexes’ would therefore be scientifically more correct 237 
(Evans, 2006). Guidance on the definition of the habitats is given in the 238 
European Interpretation Manual (European Commission, 2007 and earlier 239 
editions), which was subsequently used as the basis  for national interpretation 240 
guides by several Member States (e.g. Bensettiti, 2001-2005; Ellmauer and 241 
Traxler, 2000; Gathoye and Terneus, 2006; Janssen and Schaminee, 2003; 242 
Sterckx et al., 2007). 243 
 244 
In order to achieve the aims of the Habitats Directive, member states have to 245 
bring or maintain the habitats on their territory in a favourable conservation 246 
status. The latter concept refers to a situation where the habitat is prospering (in 247 
both quality and extent) and has good prospects to do so in the future as well 248 
(ETC/BD, 2006a). More specifically, member states have a number of liabilities to 249 
achieve the general aim of the Directive: (1) designate Natura 2000 sites where 250 
habitats occur (Art. 3 and 4 of the Directive); (2) set up monitoring schemes to 251 
follow the status of these habitats (Art. 11); and (3) report the findings of this 252 
monitoring to the European Commission on a six-yearly basis (Art. 17). 253 

138



6/22 

 254 
Designation of Natura 2000 sites 255 
In the past two decades, member states have identified the most valuable sites 256 
where habitats and species targeted by the Directive occur, and have granted 257 
these sites protection through inclusion in the Natura 2000 network. Upon site 258 
proposal, member states provided relevant data to the European Commission 259 
through the Standard Data Forms (European Commission, 1997), including site 260 
name and location, list of all habitats present with their surface area and 261 
conservation status in the site, management activities applied in the site, etc. 262 
The Commission expects this database to be kept accurate and valid, with at 263 
least six-yearly updates (European Commission, 2005b). The Natura 2000 264 
network is now nearing completion and includes at present about 17% of the 265 
terrestrial area of the EU (European Commission, 2009a). 266 
Formal protection as a Natura 2000 site means a.o. that the integrity of the site 267 
must be preserved. Any plan or project, both on or near a site,  with potential 268 
significant impacts on the site must therefore be subject to an ‘appropriate 269 
assessment’ prior to its execution, and any negative effects must be mitigated or 270 
compensated. A proper implementation of this obligation requires detailed, 271 
spatially explicit baseline data of the location, extent and quality of the habitats 272 
within each site and its surroundings. Unfortunately, in the present-day practice 273 
such data is often missing (European Commission, 2008). 274 
 275 
Monitoring and surveillance 276 
Setting up monitoring systems to keep track of the conservation status of 277 
habitats is a legal obligation under Article 11 of the Habitats Directive. These 278 
monitoring systems should not be limited to the Natura 2000 sites only, but 279 
should allow assessments of the conservation status of the habitats in the whole 280 
administrative territory of the member state. The European Commission does not 281 
provide guidelines as to how this monitoring should be done. Member states are 282 
free to choose their means and methods of gathering data, as long as the 283 
resulting data proves useful for the reporting under Article 17 (Cantarello and 284 
Newton, 2008). Unfortunately, this makes it more difficult to provide consistent 285 
figures on habitat conservation status across Europe, since monitoring methods 286 
differ significantly between countries and/or regions (Bunce et al., 2008; Mücher, 287 
2009). 288 
 289 
Reporting the conservation status of habitats 290 
Article 17 of the Directive obliges member states every six years to report on the 291 
conservation status of the habitats within their territory, drawing on the results 292 
of the monitoring under Article 11. The assessment of conservation status is 293 
based on four parameters (European Commission, 2005a; ETC/BD, 2006a): (1) 294 
area, being the sum of the patches that are actually occupied by the habitat; (2) 295 
range, being the region in which the habitat is likely to occur provided local 296 
conditions are suitable; (3) specific structures and functions, encompassing 297 
typical species and various indicators of habitat quality; and (4) future prospects 298 
for the survival of the habitat in the member state. The assessment involves 299 
application of a traffic-light scheme, where each parameter can be in a 300 
‘favourable’ (green), ‘unfavourable-inadequate’ (amber) or ‘unfavourable-bad’ 301 
(red) state. Criteria and thresholds for identifying the state of each parameter 302 
are provided in the general evaluation matrix (Table 1; European Commission, 303 
2005a). These include trend magnitudes for area and range (maximum 1% 304 
decline per year), the difference between area/range and a given reference value 305 
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(maximum 10% below the reference), and the amount of habitat area with 306 
specific structures and functions in bad condition (maximum 25% of area in bad 307 
condition). 308 
 309 
<Insert Table 1 approximately here> 310 
 311 
Interpretation of the parameters area and range is rather straightforward, if the 312 
necessary data is available, i.e. knowledge on the nationwide distribution of 313 
habitats. Interpreting the parameter specific structures and functions is more 314 
difficult, since it covers all aspects of habitat quality. Several member states 315 
have elaborated a framework to assess the local quality of habitat locations, 316 
using indicators and threshold values that are adapted to the country-specific 317 
variability of the habitats (e.g. Ellmauer, 2005; Søgaard et al., 2007; T’jollyn et 318 
al., 2009; Verbücheln et al., 2002). The assessment is first carried out on 319 
individual habitat locations. Weighted integration of these outcomes to the 320 
country- or biogeographical level then reveals whether more or less than 25% of 321 
the habitat area is in bad condition. Table 2 presents an example of such an 322 
assessment matrix for the habitat 2310 (‘Dry sand heaths on inland dunes’) in 323 
Flanders (Belgium). Figure 1 shows an extract from a habitat map of a heathland 324 
site, indicating the type and condition of individual habitat patches. Finally, the 325 
parameter future prospects is intended to indicate anticipated future trends in 326 
area, range and habitat quality, and estimates the expected impact from threats 327 
in the upcoming reporting period. Its assessment is mainly based on expert 328 
judgement. 329 
 330 
<Insert Table 2 approximately here> 331 
<Insert Figure 1 approximately here> 332 
 333 
Using the information reported by all member states, the European Commission 334 
draws up a six-yearly composite report with an overview of the actual 335 
conservation status of all habitats in Europe, integrated to the level of the 336 
European biogeographical regions (ETC/BD, 2006b). The latest reporting event 337 
under Article 17 took place in 2007 (reporting period 2001-2006) and involved 338 
the EU-25 (all member states except Romania and Bulgaria). The subsequent 339 
composite report, which appeared in 2009, showed that overall only 17% of the 340 
701 habitats assessments at European level led to the conclusion of favourable 341 
condition (European Commission, 2009b; see also 342 
http://biodiversity.eionet.europa.eu/article17). 343 
 344 
Data needs at three levels 345 
In summary, the data needs resulting from the Natura 2000 reporting obligations 346 
can be grouped at three spatial levels: (1) site level, (2) member state level, and 347 
(3) European level. 348 
At the level of individual Natura 2000 sites, effective conservation management 349 
and appropriate impact assessments of plans and projects require high-standard, 350 
spatially explicit data. A detailed and up-to-date inventory of the habitats in the 351 
sites is indispensable, providing accurate indication of the location, size and 352 
shape of each habitat patch, and not in the least, its quality (Mehner et al., 353 
2004). Stakeholders at this level are site owners and managers (public, private 354 
and non-governmental), local authorities, and companies doing environmental 355 
impact analyses. 356 
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At the member state level, the need for data mainly stems from the six-yearly 357 
requirement of reporting under Article 17. Habitat distribution maps are an 358 
indispensable part of the report and should be up-to-date and accurate enough 359 
to allow for reliable area, range and trend estimates. Equally important is the 360 
assessment of habitat quality, in particular the proportion of the habitat area in 361 
bad quality (to be reported as a figure, not as a map). Basic data on driving 362 
forces and pressures may further be necessary to assess the habitat’s future 363 
prospects. Stakeholders at this level are national and regional nature 364 
conservation administrations that are responsible for reporting to the EU, and/or 365 
that want to evaluate the effectiveness of their proper nature conservation 366 
policies. 367 
At the European level, the so-called composite report is the main instrument for 368 
assessing progress towards the aims of the Habitats Directive. The data used is 369 
those reported by the member states, but despite guidelines, there is a clear lack 370 
of consistency in member states’ approaches. This renders the integration of 371 
data at a European level difficult and in some cases even impossible (ETC/BD, 372 
2008). Member states have for example reported habitat distribution data in 373 
various ways (point locations, fine or coarse grids, polygons with varying 374 
minimum mapping units, etc.), making even the simplest of integration actions, 375 
the compilation of a Europe-wide habitat distribution map, an extremely difficult 376 
task. As a consequence, there is a clear need for a more harmonised approach at 377 
this level. Stakeholders are the European Commission and its Directorate-378 
General Environment, the European Environment Agency (EEA) and the 379 
European Topic Centre on Biological Diversity (ETC/BD). 380 
 381 
Current use of remote sensing for habitat reporting 382 
 383 
For the latest Art. 17 report (2007), member states were asked to indicate the 384 
method used for the area estimation of each habitat type, as one or more of the 385 
following three options: (1) only or mostly based on expert opinion; (2) based on 386 
remote sensing data (possibly including an element of ‘ground-truthing’); or (3) 387 
ground based survey. 18 out of 25 member states indicated having used remote 388 
sensing data (alone or in conjunction with other methods) for estimating the 389 
area of in total 130 different habitat types in 382 habitat conservation status 390 
assessments (14% of all habitat assessments, total N = 2759, data provided by 391 
ETC/BD). By contrast, information on the underlying remote sensing projects 392 
that actually produced the data used for the reporting is hard to find, since only 393 
little is published and the persons responsible for the reporting are mostly not 394 
the people that were involved in the remote sensing projects. Experts in 395 
Belgium, Ireland, Luxembourg, Spain and Sweden confirmed that the remote 396 
sensing data they used for their reports were all or to a large extent derived from 397 
airborne or satellite imagery by visual interpretation (see e.g. Departament de 398 
Medi Ambient i Habitatge, 2006; National Parks & Wildlife Service, 2007; Sanz 399 
Trullén & Benito Alonso, 2007; Skånes et al., 2007). We could not find enough 400 
details to be conclusive for other member states, but since this technique is 401 
widely integrated into vegetation and habitat mapping, we can assume that the 402 
same situation applies to many of them. The actual use of more advanced (semi-403 
automated or automated) remote sensing methods in the latest reporting event 404 
remains unknown, but is seemingly very limited. 405 
On the reporting form, the ‘methods used’-field was followed by a field asking for 406 
the quality of the data used for habitat area estimation. This field allowed only 407 
one entry per habitat and per biogeographical region, with three options to 408 
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choose from: poor, moderate or good. Table 3 shows a contingency table of the 409 
entries of both fields. Interestingly, there is a clear dependency of the chosen 410 
value for data quality upon the methods by which this data was gathered 411 
(Pearson Chi² test: Chi² = 822.18, d.f. = 4, P < .001, N = 2088; 671 records 412 
with missing values were omitted from the analysis). The administrations that 413 
did the reporting generally considered ground survey to deliver good or 414 
moderate quality data, while remote sensing was overall seen as moderately 415 
reliable, and expert opinion was judged to yield only moderate to poor reliability. 416 
This shows that nature conservation administrations generally have less 417 
confidence in remote sensing than in field work. Most likely, this stems from their 418 
view of remote sensing as comprising visual interpretation of an image by an 419 
operator at his desk, based on his knowledge and experience, but without (or 420 
with only limited) subsequent field checking. 421 
 422 
<Insert Table 3 approximately here> 423 
 424 
Opportunities for remote sensing 425 
 426 
Discussions with over 30 monitoring experts from administrations in 13 EU-427 
member states, aiming to explore their expectations towards remote sensing, 428 
revealed that they look upon it with an open but critical attitude. They see clear 429 
opportunities for its application in their work processes, and relate these 430 
opportunities to the following three main data requirements on habitats. 431 
 432 
Habitat distribution 433 
The production of habitat distribution maps, at various scale levels, constitutes 434 
an obvious area of high potential for remote sensing, as experts indicated. The 435 
advent of hyperspatial and hyperspectral sensors has indeed greatly enhanced 436 
the possibilities of distinguishing related habitat types at very fine scales (Turner 437 
et al., 2003). The end-users need such maps in the first place for estimating 438 
range and area of habitats, but they could also serve to define and update the 439 
sampling frame (the statistical ‘population’) of habitats for which field sample 440 
surveys are in place. The use of remote sensing also provides a major 441 
opportunity for harmonising Natura 2000 habitat mapping throughout Europe. 442 
 443 
Change detection 444 
Remote sensing is frequently identified as a powerful tool for detecting change 445 
(Kennedy et al., 2009; Mücher et al., 2000). Remote sensing driven change 446 
maps not only provide excellent instruments for estimating trends in range and 447 
area, but they also localise the areas where change has occurred. Monitoring 448 
experts highly value this asset, because it allows subsequent field work to 449 
concentrate on these areas, possibly yielding a significant increase in cost-450 
efficiency. 451 
 452 
Habitat quality 453 
Although the usefulness of remote sensing for habitat quality assessment is less 454 
straightforward for many monitoring experts, our consultations did reveal that 455 
there is an interest in remote sensing mediated delivery of data on selected 456 
indicators of habitat quality. Its potential for spatial indicators (e.g. patch size, 457 
fragmentation and connectivity measures; Mitchley and Xofis, 2005) and 458 
coverage of invasive (e.g. Andrew and Ustin, 2008) or other unwanted species 459 
(e.g. shrub and tree encroachment; Waser et al., 2008) has already been 460 
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demonstrated. But remote sensing can also provide methods to monitor specific 461 
biophysical and biochemical indicators of ecosystem functioning (e.g. leaf area 462 
index, normalized difference vegetation index, chlorophyll content, fractional 463 
cover, phenology, vegetation height; Kerr and Ostrovsky, 2003; Mücher, 2009). 464 
Many of these parameters are currently mainly applied at large scales (global, 465 
continental), see e.g. the Core Services on Bio-Geophysical Parameters of the 466 
EC-funded Geoland project (http://www.gmes-geoland.info/CS/CSP/index.php), 467 
which aim at facilitating policy-supporting applications in the fields of climate 468 
change (carbon fluxes), food security (crop monitoring), and global landcover 469 
change. The relation of such parameters with the more traditional habitat quality 470 
approach at the scale of the habitat patch is still to be investigated. 471 
The strength of remote sensing is its ability to deliver quantitative measures of 472 
such parameters in a standardised manner with full coverage over larger areas, 473 
whereas field surveys can only deliver this through point sample measurements 474 
and subsequent interpolation. The provision of such data by remote sensing may 475 
open new ways of looking at quality of Natura 2000 habitats. 476 
 477 
Preconditions for the use of remote sensing 478 
 479 
Despite their open attitude, monitoring organisations and managers are not 480 
prepared to use remote sensing at any price. Instead, experts indicated that 481 
there has to be a clear benefit to its use as compared to traditional methods, 482 
especially in terms of cost-effectiveness. To convince monitoring experts and 483 
hence enable future use in Natura 2000 reporting, remote sensing products 484 
should meet the following preconditions: 485 
 486 
Remote sensing products should be equal or higher in quality than what 487 
can be achieved through field surveys 488 
Nature conservation organisations want to work with reliable, up-to-date  and 489 
high-quality data. Quality can however be reflected in many different aspects of 490 
the product, such as classification accuracy, thematic detail, spatial resolution, 491 
geometric accuracy, covered areal extent, product type (vector/raster, pixel-492 
/object-based), repeatability and stability of the product, and representativeness 493 
for the actual situation. Depending on the strengths and weaknesses of their 494 
current products, organisations will value each of these quality aspects 495 
differently when evaluating new products. For instance, organisations that 496 
dispose of detailed maps of habitats on their territory will set high standards for 497 
the level of detail and accuracy of a new, remote sensing driven map, while 498 
administrations that lack such maps may already find benefit in a remote sensing 499 
map of broad habitat groups. 500 
 501 
Thematic accuracy of remote sensing maps is perhaps seen as the most 502 
important quality aspect by monitoring experts in our study. Since this accuracy 503 
is rarely above 80%, the latter perceive these maps as, at least partly, 504 
unreliable. Unfortunately, some fail to recognise that the same may apply to 505 
field-based maps: repeatability of traditional field mapping is known to be low if 506 
no adequate quality control/assurance system is included (e.g. Cherrill and 507 
McClean, 1999; Stevens et al., 2004). Nevertheless, an accuracy assessment of 508 
field maps is often neglected or non-existent, leading users to the false belief 509 
that the field map represents the ‘truth’. It is only fair that accuracy standards 510 
for remote sensing products should be based as much as possible on a 511 
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comparison with existing field-based products, and not be set to unrealistically 512 
high values. 513 
 514 
Remote sensing products should be available at equal or lower cost than 515 
products deduced from field surveys 516 
Nature conservation organisations are faced with limited means to accomplish 517 
their tasks, and are therefore reluctant to dedicate large sums to the 518 
development of a product without knowing exactly what they will get. To date, 519 
remote sensing products are often still very expensive, mostly due to the high 520 
cost of image data. In the mid- to long-term, a cost reduction can be expected 521 
from bringing techniques into wider operation. Meanwhile, a short-term option is 522 
to make use of imagery that is already available at no extra cost to the 523 
organisation. Often this includes data provided by other public service 524 
organisations, such as national mapping agencies. Agreements can be sought 525 
with other sectors that have similar data needs (e.g. agriculture), to ensure that 526 
newly acquired data is suitable for vegetation applications (implying acquisition 527 
during the growing season, with sensors that provide appropriate spatial and 528 
spectral resolution). 529 
 530 
In reality, there is of course a trade-off between the importance that is attached 531 
to the different quality specifications and the cost of the product. A remote 532 
sensing product that is lower in thematic detail, but much more up-to-date than 533 
a comparable field survey product, may be well worth using, especially when it is 534 
also cheaper to produce. Conversely, a considerable gain in quality of the data 535 
may justify using a product that is more expensive. On the other hand, 536 
monitoring experts also indicated that a product should not deliver higher quality 537 
than is strictly needed, if that implies that part of the cost for the product could 538 
have been diverted to other purposes. 539 
 540 
Bottlenecks and pathways to the integration of remote sensing in Natura 541 
2000 habitat monitoring 542 
 543 
In the following, we discuss a number of bottlenecks that hamper the general 544 
application of remote sensing in habitat monitoring. Concentrating efforts on 545 
tackling these issues may significantly enhance its applicability in this field. 546 
 547 
Harmonisation and standardisation of approaches 548 
Remote sensing, as a science, is a very diverse field. Potential users are mostly 549 
unfamiliar with the large variety of imagery and methodologies that are 550 
available, making it impossible for them to find the most suitable method for 551 
their needs. They call for the development of standardised approaches (in terms 552 
of image specifications, processing and classification techniques, time of image 553 
acquisition,…) that work best for their specific applications and which they can 554 
apply easily. However, the possible requirements and applications in the field of 555 
habitat monitoring are equally diverse. Since member states are free to 556 
determine their own methods and means for the monitoring of Natura 2000 557 
habitats, nature conservation agencies take the type and amount of data they 558 
already have at their disposal as a starting point to identify their specific 559 
monitoring needs. Standardised remote sensing products will therefore rarely 560 
suit the specific requirements of more than one or two end-user agencies. A 561 
harmonisation of monitoring approaches across the European Union, as an 562 
interdisciplinary collaboration between both research communities, could pave 563 
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the way for remote sensing products that are applicable in several member 564 
states. We illustrate this potential with two examples: 565 
 566 

Ex. 1: What pixel size is appropriate? 567 
Spatial resolution is perhaps the most important characteristic of a remote 568 
sensing product, because it has huge impacts on its applicability. Remote sensing 569 
specialists are aware of the importance of matching the spatial resolution with 570 
the object under investigation (e.g. Nagendra, 2001), yet they rarely receive 571 
valuable input on the matter from the future users, because the latter generally 572 
assume that higher spatial resolution will lead to better results. Hence, spatial 573 
resolution is usually determined by the choice of sensor or imagery, instead of 574 
the other way around. 575 
It is plausible to assume that a habitat can be characterised by what we call here 576 
an ‘intrinsic scale’, by which we mean that the surface area of most patches of 577 
that habitat falls within a typical size range. Such an intrinsic scale will not be the 578 
same for all habitats in a given area, and this should be taken into account when 579 
defining the required spatial resolution of the map product. The choice of certain 580 
imagery, through its spatial resolution, could limit the applicability of the product 581 
to certain habitats and at the same time exclude others. For instance, a field 582 
mapping of heathland habitat 4010 (‘Wet heaths with Erica tetralix L.’) in the 583 
Campine region of northeast Belgium revealed that 10% of the mapped habitat 584 
patches were under 700 m² (total N = 872; data from Paelinckx et al., 2009). 585 
For habitat 7150 (‘Depressions with Rhynchosporion’) in the same area, the 586 
corresponding value was 200 m² (total N = 27). Following the practical rule-of-587 
thumb that pixel area should be 2 to 5 times smaller than the area of the objects 588 
of interest (O'Neill et al., 1996), mapping the larger 90% of these habitat 589 
patches would require spatial resolutions of 12 to 18 m and 6 to 10 m pixel side, 590 
for habitat 4010 and 7150 respectively (where pixel side is calculated as the 591 
square root of half or one fifth of the patch size). In addition, mapping also the 592 
smallest 10% of patches with sufficient accuracy, or mapping internal patch 593 
heterogeneity for e.g. quality assessment, would require even much smaller pixel 594 
sizes (< 5 m; Lechner et al., 2009). 595 
Förster et al. (2008) note that there is at present no standard which defines a 596 
spatial reference size (e.g. a minimum mapping unit) for habitat mapping, and 597 
we have not found any study on intrinsic scales of habitats either. Handbooks for 598 
mapping do give minimum mapping units, but these are usually the same for all 599 
mapped elements and are based on other arguments than intrinsic habitat scales 600 
(e.g. operability of the method in the field). It is possible that research on this 601 
topic was hitherto hampered by the limits of field mapping methods: one can not 602 
map down to the smallest detail in the field, and (subjective) decisions have to 603 
be made on what to group together as an element. Yet, with monitoring 604 
becoming more and more important, and remote sensing becoming common 605 
practice, this knowledge gap will become more and more prominent. The 606 
question needs to be addressed by ecologists, but thanks to its versatility, 607 
remote sensing may well prove a useful tool for this type of research. 608 
 609 

Ex. 2: Harmonising habitat typologies 610 
Natura 2000 habitat typology may seem uniform throughout the EU, but this is 611 
just in appearance: member states have established different interpretations to 612 
the habitat definitions, often arising from relating the Natura 2000 types to their 613 
national vegetation classifications. Moreover, Natura 2000 habitats can be very 614 
heterogeneous in nature, including many possible subtypes. Both aspects hinder 615 
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the data compatibility between member states and the integration to a higher, 616 
European level. A common and consistent typology of European biotopes, to 617 
replace the present multitude of both European and national classification 618 
systems, could provide an important step towards a harmonisation of habitat 619 
mapping across Europe, and is even a prerequisite to enable the establishment 620 
of a long-term habitat monitoring system (Keramitsoglou et al., 2005). Such a 621 
typology should be comprehensive (include all parts of the domain), hierarchical 622 
in structure (to allow for accommodation of the thematic detail of the map legend 623 
to the map’s scale level; Lengyel et al., 2008), and enable unambiguous 624 
translation into Natura 2000 habitats. 625 
It is probably illusive, though, to think that such a typology could also become 626 
the standard legend for all remote sensing based habitat mapping. Remote 627 
sensing and field work measure different aspects of the same reality, mainly 628 
mediated by the scale at which they operate. Many remote sensing projects 629 
therefore include the development of linkage systems to relate remote sensing 630 
data with field data, and to translate remote sensing measures into meaningful 631 
information pertaining to the desired classes (in this case Natura 2000 habitats; 632 
see Haest et al., subm. for an elaborated example). The integration of such 633 
dedicated linkage systems into a common information framework, encompassing 634 
relationships at different scales, is however very likely to stimulate the 635 
interchangeability of remote sensing methods between different sites and 636 
member states across Europe. 637 
 638 
Development of readily useful products with readily available data 639 
In recent years, nature conservation administrations have been faced with high 640 
data needs over short time. Some monitoring experts have looked into the 641 
possibilities offered by remote sensing, but noticed that many of these products 642 
are still in an early development phase, and that it will require many more years 643 
to reach a fully operational phase. They feel that an important reason for this is 644 
in the desire of remote sensing scientists to contribute to technological progress 645 
in their own specialisms. Such cutting-edge science very often makes use of new 646 
and expensive sensors and methods, for which the large scale applicability in the 647 
near future still needs to be demonstrated. These users suggest that remote 648 
sensing scientists should focus on developing products and services that fulfil the 649 
existent data needs, using imagery and technology that is and will be easily 650 
available now (e.g. Landsat) or in the near future (e.g. GMES Sentinel-2). 651 
 652 
Integration of RS-products into existing GIS-systems 653 
Potential users of remote sensing products do not want to be burdened with the 654 
need for new software or extensive trainings to learn to work with it. They want 655 
remote sensing products and services to be user-friendly and intuitive and to 656 
integrate seamlessly with the GIS-systems and geo-databases that they already 657 
have in place (Bock et al., 2005b). 658 
 659 
Validation of methods using a proper validation framework 660 
The most effective way to stimulate the adoption of remote sensing in the field of 661 
habitat monitoring is by providing considerable gain on cost-effectiveness when 662 
compared to traditional (field) methods. But assessing the merits and limitations 663 
of several possible approaches, including field methods, should be done in an 664 
objective manner. This requires a dedicated validation framework. Such a 665 
framework should evaluate not only the classical thematic map accuracy (of both 666 
remote sensing and field maps), but also include compliance to other 667 
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requirements such as suitability for the intended use, repeatability of the 668 
obtained result, transferability to other settings, a comparison of the associated 669 
costs, and others. 670 
 671 
Strengthening the dialogue between the remote sensing and nature 672 
conservation communities 673 
Mutual understanding requires a common language to be used. In order to 674 
resolve misunderstandings and perceived mismatches, increased cooperation and 675 
communication between producers and final users is needed. On the one hand, 676 
this can be achieved by setting up facilities for an enhanced sharing of ideas and 677 
results. Monitoring experts expressed their need for comprehensive, plain 678 
overviews of what is feasible with remote sensing. Attempts to compile such 679 
overviews have been made before (e.g. Ahlcrona et al., 2001; CEH, 2007), but 680 
they are often rapidly outdated or too specific to serve the broader community. 681 
Remote sensing scientists from their side expressed a wish for more information 682 
on what kind of field data is available among nature conservation organisations, 683 
and what data is still needed. Such information could be brought together in 684 
databases or web-based compendia, to facilitate exchange and enable easy 685 
updating. 686 
On the other hand, end-users need to get involved in the development of remote 687 
sensing products from as early as possible. This requires efforts from both sides: 688 
Remote sensing scientists have to include users in the development process, 689 
listen to their requirements and expectations and take these into account. 690 
Monitoring experts have to give up their passive attitude towards remote 691 
sensing, and be prepared to think and re-think about their requirements, express 692 
them in terms that remote sensing scientists can understand and work with, and 693 
cooperate to find solutions to apparently insurmountable problems. As stated by 694 
Kennedy et al. (2009), success is the responsibility of both parties. 695 
 696 
Conclusions 697 
 698 
In this paper, we aimed to define opportunities as well as constraints for a wider 699 
integration of advanced remote sensing methods in the mapping and monitoring 700 
of Natura 2000 habitats. The Natura 2000 programme and the Habitats Directive 701 
have indeed set high standards for nature conservation in Europe. Numerous 702 
stakeholders are involved, each with their specific data needs at the European, 703 
national or site level. The one thing they have in common, is that the extent or 704 
required detail of their needs generally goes well beyond what is practically 705 
achievable with field survey alone. 706 
Up to now, the use of advanced (semi-)automatic remote sensing in operational 707 
Natura 2000 habitat monitoring has been very limited. This will have to change, 708 
but the solution will not come from remote sensing specialists alone. Fortunately, 709 
monitoring experts do see potential applications for remote sensing in habitat 710 
mapping, change detection and even quality assessment. They are also willing to 711 
adopt remote sensing methods, provided that they are affordable and offer good 712 
quality products. But they often fail to see the importance of their active 713 
cooperation in the process. 714 
A number of actions could be taken to enhance the integration of remote sensing 715 
and habitat monitoring, such as an enforced effort for harmonisation and 716 
standardisation of approaches, an increased interest in developing readily useful 717 
products, which integrate seamlessly with existing workflows, and a fair 718 
validation of both traditional and remote sensing methods. Most importantly 719 
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though, there is a need for a more active involvement from both parties, 720 
especially the monitoring community, in order to develop products that really suit 721 
the needs of their future users. We call upon monitoring experts and remote 722 
sensing scientists to enter into a dialogue, discover what can reasonably be 723 
expected, define exact user and product requirements, exchange ideas, data and 724 
results, set standards for a common validation framework and strive for 725 
integration and synergies between remote sensing and field approaches. Only 726 
this way can the potential of remote sensing be exploited to the benefit of the 727 
preservation of Europe’s natural heritage. 728 
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Figures 963 
Figure 1: Extract from a habitat map of a heathland area in Flanders (Belgium). 964 
Annex I habitat types were mapped in the field, and local conservation status of 965 
each patch was scored using T’jollyn et al. (2009; see Table 2). Habitat types: 966 
2310 – ‘Dry sand heaths with Calluna and Genista’; 2330 – ‘Inland dunes with 967 
open Corynephorus and Agrostis grasslands’; 4010 – ‘Northern Atlantic wet 968 
heaths with Erica tetralix’; 7150 – ‘Depressions on peat substrates of the 969 
Rhynchosporion’; nh – no Annex I habitat. Vertical (green) hatching: good local 970 
conservation status. Horizontal (red) hatching: bad local conservation status. 971 
Habitat map taken from Paelinckx et al. (2009), property of INBO. Base image 972 
property of AGIV and Provincie Limburg. 973 
 974 
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Tables 978 
Table 1: General evaluation matrix for the assessment of overall conservation 979 
status of a habitat per biogeographical region within a member state, as used in 980 
the process of reporting under Article 17 of the Habitats Directive. (from: 981 
European Commission, 2005a) 982 
 983 
Parameter Conservation Status 

 
Favourable 
('green') 

Unfavourable – 
Inadequate  
('amber') 

Unfavourable - 
Bad 

('red') 

Unknown 
(insufficient 
information to 

make an 
assessment) 

Range Stable (loss and 
expansion in 
balance) or 
increasing AND not 
smaller than the 
'favourable 
reference range' 
 

Any other 
combination 
 

Large decrease: 
Equivalent to a loss 
of more than 1% 
per year within 
period specified by 
MS 
OR 
More than 10% 
below ‘favourable 
reference range’ 

No or insufficient 
reliable information 
available 

Area covered by 
habitat type 
within range 

Stable (loss and 
expansion in 
balance) or 
increasing AND not 
smaller than the 
'favourable 
reference area' AND 
without significant 
changes in 
distribution pattern 
within range (if data 
available) 
 

Any other 
combination 

Large decrease in 
surface area: 
Equivalent to a loss 
of more than 1% 
per year (indicative 
value MS may 
deviate from if duly 
justified) within 
period specified by 
MS  
OR 
With major losses in 
distribution pattern 
within range 
OR 
More than 10% 
below ‘favourable 
reference area’ 

No or insufficient 
reliable information 
available 

Specific structures 
and functions 
(including typical 
species) 

Structures and 
functions (including 
typical species) in 
good condition and 
no significant 
deteriorations / 
pressures. 

Any other 
combination 

More than 25% of 
the area is 
unfavourable as 
regards its specific 
structures and 
functions (including 
typical species) 

No or insufficient 
reliable information 
available 

Future prospects 
(as regards range, 
area covered and 
specific structures 
and functions) 

The habitats 
prospects for its 
future are excellent 
/ good, no 
significant impact 
from threats 
expected; long-term 
viability assured. 

Any other 
combination 

The habitats 
prospects are bad, 
severe impact from 
threats expected; 
long-term viability 
not assured. 

No or insufficient 
reliable information 
available 

Overall 
assessment of CS 

All 'green' 
OR 

three 'green' and 
one 'unknown' 

One or more 'amber' 
but no 'red'  

One or more  'red'  

Two or more 
'unknown' combined 

with green or all 
“unknown’ 
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Table 2: Indicators and thresholds for the assessment of the local conservation 985 
status (CS) of patches of the habitat type 2310 (‘Dry sand heaths with Calluna 986 
and Genista on inland dunes’) in Flanders (Belgium). (after: T’jollyn et al., 2009) 987 
 988 

Habitat type 
2310 

Indicator 

Good local CS Bad local CS 

Explanatory notes A – good 
quality 

B – 
moderate 
quality 

C – low 
quality 

Habitat 
structure 

cover of 
dwarf shrubs 

≥ co-dominant < co-
dominant 

dwarf shrubs include: Calluna 
vulgaris, Erica tetralix, Genista 
anglica, G. pilosa, Vaccinium 
vitis-idaea 

 Age 
structure of 
Calluna 
vulgaris 

all phases 
present 

2 or 3 
phases 
present 

only 1 phase 
present 

phases are: pioneer, building, 
mature and degenerate phase 

 bare sand > 10% 1 – 10% < 1%  
 cover of 

mosses and 
lichens 

> 10% 1 – 10% < 1% includes all mosses and lichens 
except Campylopus introflexus 

Vegetation presence of 
key species 

Calluna and 
3 or more 
other key 
species (at 

least 
occasionally) 

present 

Calluna and 
1 or 2 other 
key species 

(at least 
occasionally) 

present 

only Calluna 
present 

or 
all key 

species less 
than 

occasionally 
present 

key species include: Calluna 
vulgaris, Agrostis vinealis, Aira 
praecox, Carex arenaria, 
Corynephorus canescens, 
Cuscuta epithymum, Filago 
minima, Genista anglica, G. 
pilosa, Spergula morisonii, 
Teesdalia nudicaulis 

Indicators of 
disturbances 

cover of 
grasses and 
tall herbs 

< 30% 30 – 50% > 50% grasses include: Molinia 
caerulea, Deschampsia flexuosa, 
Agrostis spp.; tall herbs include: 
Pteridium aquilinum, Rubus spp. 

 cover of 
trees and 
shrubs 

< 10% 10 – 30% > 30%  

 cover of 
invasive 
alien species 

0% < 10% ≥ 10% in particular: Campylopus 
introflexus 

 989 
 990 
 991 
 992 
Table 3: Contingency table of used method and perceived data quality for habitat 993 
area estimation, as reported by member states in the Art. 17 reporting on 994 
habitat conservation status in 2007. Records with missing values and records 995 
where two or more methods were reported were omitted. Source data provided 996 
by ETC/BD. 997 
 998 
Used method Quality of data Total 

Good Moderate Poor 
Ground survey 421 415 72 908 
Remote sensing 27 236 31 294 
Expert opinion 22 407 457 886 
Total 470 1058 560 2088 

 999 

155



 

Annex C.2. Kooistra, L., Mücher, C. A., Chan, J. C.-W., Vanden Borre, J., Haest, B., 2009. 

Use of spectral mixture analysis for characterisation of function and structure of heathland 

habitat types. Proceedings of the 6th Earsel-SIGIS Workshop, Tel Aviv, Israel. 
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ABSTRACT: 
 
Habitat monitoring of designated areas under the EU Habitats Directive requires every 6 years spatially explicit information on area, 
range, structure and function for the protected (Annex I) habitat types. Hyperspectral remote sensing could be an important 
technique to assist in the evaluation of the habitat conservation status by providing continuous maps of habitat quality indicators 
(e.g., structure types, age distribution, invasive species, management activities). This paper assesses the use of hyperspectral imagery 
to study the structure and function of a heathland ecosystem in the Veluwe nature reserve in the Netherlands. Spectral mixture 
analysis (SMA) was applied on AHS-160 (Airborne Hyperspectral Scanner) imagery to investigate their appropriateness to 
characterize the spatial coverage and configuration of relevant heathland habitat types (wet and dry heathlands and inland sand 
dunes). For the Calluna vulgaris dominated dry heath there was a specific emphasis on the characterization of different development 
stages of the heather (pioneer, developing, climax and degenerating). In addition, fraction maps for the endmembers grass and 
coniferous forest (e.g., Pinus spp.) were made to assess the process of grass and forest encroachment in the heathland which are 
considered as unfavourable developments. Results indicate that SMA is suitable for mapping the main components of the heathland 
ecosystem. However, additional research is required to assess the influence of sensor type and phenology of the vegetation. The 
results of this study show that hyperspectral remote sensing can complement the traditional vegetation field surveys. Remote sensing 
derived continuous habitat maps and their associated quality indicators can help to optimize sampling schemes and focus effort on 
rare and often inaccurately mapped habitat types. Moreover, the remote sensing derived information does not only provide useful 
information for the habitat reporting obligations but also provides useful (site specific) information for the nature reserve managers. 
In this way costly fieldwork effort can be employed in a more efficient way.   
 
 

1. INTRODUCTION 

With the designation of over 25,000 Natura 2000 sites within Europe, the European Commission is aiming to create an ecological 
network of protected areas covering valuable natural habitats and species of particular importance for the conservation of biological 
diversity within the EU. Member states are obliged to report every six years about the conservation status of the habitats for the 
designated Natura 2000 sites. Within this context, conservation status is defined in terms of (Bijlsma et al., 2008): 
• the evolution of the range and the area covered by the defined habitat types; 
• the overall quality of the habitat type as expressed by its structure and ecological functioning (species composition, amount and 

distribution of different plant life forms, conservation status of the typical species, ...). 
However, collecting these data by field-driven survey alone will often not be feasible and has serious financial consequences. 
Therefore, remote sensing based methods could be important alternative data acquisition techniques for accurate habitat reporting 
which can complement field-based methods. 
 
Opportunities for space-based remote sensing in habitat and biodiversity monitoring at the regional level have recently been 
described in two review papers by Duro et al. (2007) and Gillespie et al. (2008). However, monitoring of habitat quality at the local 
level (e.g., structure and function) is still a challenging application because this requires methods which can deal with complex 
transitional zones present within natural vegetation. Instead of looking at vegetation as a group of classified patches with sharp 
boundaries, one could also treat compositional variation as a continuous field. In a recent study, Schmidtlein et al. (2007) combined 
ordination measures derived from floristic field data with spectral data from HyMap to derive continuous maps which represent 
abrupt transitions between habitats as well as within heterogeneity and gradual transitions. Another approach for continuous field 
mapping is the use of spectral mixture analysis (SMA). Here, vegetation is seen as a mixture of class fractions where reflectance in a 
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pixel is a mixture of end member spectra for the vegetation classes present in the pixel. Because the same endmembers can be used 
to analyze a time sequence, SMA has the capability to estimate changes in abundance (Rosso et al., 2005). The potential to estimate 
the spatial distribution and abundance of species or species types has great value in monitoring aspects related to habitat structure 
and function (e.g., grass encroachment), because changes can be detected and quantified. 
  
This study assesses the use of imaging spectroscopy to evaluate the structure and function of a heath land ecosystem in the 
Netherlands. Spectral mixture analysis (SMA) was applied on hyperspectral AHS-160 imagery to investigate their appropriateness to 
characterize the spatial coverage and configuration of relevant heath land habitat types. SMA is examined as a possible technique 
that takes advantage of the high-dimensional spectral information content of imaging spectroscopy data to discriminate habitat types 
in complex ecosystems at the sub-pixel level and in a spatial continuous manner. In the discussion we will especially focus on  the 
opportunities for remote sensing to complement the traditional vegetation field surveys. 
 

2. MATERIALS AND METHODS 

2.1 Study site 

This research was conducted at the Eder and Ginkelse heath land Nature Reserve (5º 45’ E, 52º 03’ N), which is part of the Natura 
2000 site the Veluwe located in the centre of  the Netherlands. The Veluwe is situated at relatively higher located dry sandy soils and 
is one of the largest Natura 2000 sites in the Netherlands (91.200 ha). The area includes some highly valued habitats, e.g., inland 
sand dunes, dry and wet heath land, and dry deciduous forest. In addition, it provides habitat for several national and EU listed 
threatened and endangered species. The Eder and Ginkelse heath land  (400 ha) is known for its large area covered by dry heath land 
vegetation dominated by Calluna. The Ginkelse heath land is the area located to the south of the main road N224 going from Ede to 
Arnhem, and the Eder heath land is located to the North of this road (Figure 1).  
The heath land vegetation has developed during the Middle Ages as part of agricultural use. For many centuries, the organic layer 
was removed from the surface by sod-cutting. That organic layer was transported to farm stables where it was mixed with the animal 
manure and subsequently re-used on arable land. Due to overexploitation and mismanagement, the sandy soils lost fertility and 
extensive heath land and inland dune systems developed. This practice continued until the 19th century, in addition the area was 
used intensively for grazing. Starting already at the beginning of the 20th century, the study area was used as a military terrain and 
intensively used for exercises. As a result ecological processes are under pressure and this causes continuous change of the 
landscape. Currently, the area is managed and owned by the Dutch Ministry of Defence. 
 

Figure 1. Aerial photograph for study area Eder and Ginkelse 
heath land nature reserve including the location of the two 
AHS flight lines (line 1: red; line 2: blue) and the vegetation 
sampling plots. 

Especially as a result of increased atmospheric nitrogen 
deposition, the quality of the heath land declined rapidly during 
the 1980s as indicated by increasing grass and tree 
encroachment. Several management practices were carried out 
to reduce  the influence of these process: sod-cutting, ploughing, 
grazing etc. Based on an analysis of a time-series of aerial 
photographs, the management over the period 1982-2006 was 
reconstructed (Figure 2). Initially ploughing was applied on a 
large scale which still can be detected in the patch-like structure 
of the heath land in especially the Ginkelse heath land (Figure 
1). In the beginning of the 1990s less intensive practices like 
mowing and sod cutting were applied more frequently, however 
clearly with a lower surface coverage. 
 
 

 
Figure 2. Heath land management practices for the Eder and 
Ginkelse heath land area over the period 1982-2006 derived 
from a time series of aerial photographs.  
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Heathland: Calluna-dominated Hdc 
of predominantly young age Hdcy 
of predominantly adult age Hdca 
of predominantly old age (open) Hdco 
mixed age classes Hdcm 

Heathland: Molinia-dominiated Hgmd 
Grassland permanent with semi-natural vegetation Gpn 
Forest coniferous Fc 
Forest deciduous Fd 
Sand bare Sb 
Sand fixated dune with grass Sfg 

Table 1: Heath land habitat types present in study area  
 
The heath land vegetation in the study area (Table 1) consist mainly of Calluna vulgaris dominated dry heath land (Hdc). Due to 
succession within this habitat type different Calluna age classes can be distinguished: pioneer (Hdcy), climax (Hdca) and 
degenerating (Hdco). A heath land structure with a mixed composition of age classes (Hdcm) is considered as highly valuable. 
According to habitat assessment requirements for function and structure (Bijlsma et al., 2008), grass encroachment with Molinia 
(Hgmd) is considered a negative process while a scattered distribution (< 10%) of shrubs and trees (Fc and Fd) is considered as 
favourable. Finally, bare sand areas (Sb) and sand fixated dunes (Sfg) are important indicators for the occurrence of wind erosion 
processes which is considered an important process for the development of this landscape. 
 

2.2 Image data acquisition and processing 

Two flightlines with the AHS-160 (Airborne Hyperspectral Scanner) sensor were acquired over the Eder and Ginkelse heath land 
reserve on October 7, 2007, around 11:15 (UTC). Images were acquired by INTA from Spain using a CASA 212-200 airplane. For 
this study , 63 bands of the AHS-160 sensor were used divided over the visible and near-infrared (20 bands from 430-1030 nm with 
30 nm resolution), short-wave infrared region 1 (1 band from 1550-1750 nm with 200 nm resolution) and short-wave infrared region 
2 (42 bands from 1995-2540 nm with 13 nm resolution). Processing of the images from DN values to radiance and surface 
reflectance was carried out by the processing and archiving facility of VITO (Biesemans et al., 2006). The PARGE and ATCOR 
model were used for geometrical and atmospheric correction of the data, respectively.  The spatial resolution of the final images was 
2.4 m. A flightline mosaic was created for the study area. The bands in the 1995-2540 nm region showed a relatively higher noise 
component compared to the other bands of the sensor. In addition, illumination differences were observed along the edge of the 
flight lines which could not be attributed to objects in the field. 
 

2.3 Ground reference data 

Ground reference data to train and validate SMA were collected in the period after image acquisition between October 2007 and 
April 2008. Sampling locations were selected as regular grid over the study area with a sampling distance of approximately 250 m. 
Geographic coordinates for every location were collected with a Garmin handheld global position system unit. For every location a 
description of the habitat types was made according to the methodology established in the BioHab project (Bunce et al., 2008). For 
an area of 3 by 3 m we noted the lifeforms present and noted the percent coverage of dominant species for every lifeform. Based on 
this information a classification into habitat type was made (Table 1). A total of 104 plots were recorded in the study area and for 
every plot overhead and oblique field photos were taken. 
 

2.4 Endmember selection and spectral mixture analysis 

The endmembers were selected manually by extracting spectra from the AHS-160 image based on vegetation distribution 
information derived from the field observations. Candidate pixels were selected from locations were the habitat types appeared pure 
and had a relative homogeneous species composition. For all habitat types presented in Table 1, endmembers were selected as input 
for SMA. A minimum noise fraction (MNF) transformation was performed on the mosaiced AHS-160 image. MNF bands occurring 
after an 80% variance threshold were discarded from further analysis (band 15-63). In addition, bands that contained dramatic 
brightness differences between flightlines in the mosaic were also removed (band 4 and 6). SMA was performed on the preprocessed 
MNF mosaic with 7 endmember spectra as input. The heathland habitat types were treated as one endmember. SMA was 
implemented using ENVI and a high weight (10,000) was assigned to the unit sum constrained factor.  
To assess the accuracy of SMA two methods were used. First, the fit of the SMA model was assessed based on the spatial continuous 
map for the root mean square error (RMSE). Higher values of RMSE indicate regions that could contain lacking endmembers. 
Secondly, the dataset with field observed species and habitat abundances was compared to SMA modelled abundances for these 
locations. 
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3. RESULTS AND DISCUSSION 

3.1 Endmember selection 

At the main level (not including Hdc age classes) the identified habitat types for the study area (Table 1) show distinct canopy 
spectral characteristics (Figure 3). Grass related habitat types (Hgmd and Gpn) show relatively high reflectance in visible and SWIR 
compared to Hdc and the two forest classes (Fc and Fd). The latter have relatively low reflectance’s in the SWIR and high 
absorbance in the red band. Sand fixated with dune grass (Sfgm) shows relatively higher reflectance values in the red band and the 
SWIR compared to the other habitat types. Bare sand has high reflectance over the complete measurement range. The different age 
classes of the Calluna dominated heath land show relatively small differences in reflectance (Figure 3). Also the pattern is not 
consistent, e.g., we don’t observe an increasing NIR reflectance for older classes. An important reason for the small differences 
between the different Calluna age classes could be attributed to the late acquisition date of the AHS-160 image at the end of the 
growing season in October. At this moment, the heath land has already flowered (beginning September) and is quickly losing its 
photosynthetically active vegetative parts. In addition, the identified Calluna habitat type with mixed age classes (Hdcm) which 
from a conservation point of view is an important class will be difficult to distinguish as it is already a spectral mixture by definition. 
This point shows that it will not always be possible to implement ecological relevant definitions using a remote sensing based 
method. As a result, the different Calluna age classes were treated as one endmember in SMA.  
 

3.2 Fraction images for habitat types 

SMA generated seven fraction images and an RMS error image. Figure 4 shows the fraction maps for the main habitat types in the 
southern part of the study area, the Ginkelse heath land. SMA was reasonably successful in modeling the Calluna and Molinia 
coverage (R2 of 0.4 and 0.39, respectively, Figure 5). Values for RMS error were relatively low with some higher values along 
boundaries between sandy roads and vegetation. This could be caused by the effect of shadow, an endmember which was not 
included in our model. The Calluna coverage (Hdc) is clearly abundant over the complete area (Figure 4), however differences 
between plots resulting from former management practices can be observed. The spatial distribution of grass encroachment can be 
observed from the Hgm fractional image and suggests both natural processes due to wetness gradients and management related 
occurrence. Two intensively grazed areas with short grasses can be identified from the Gpn fraction image. Sand dunes fixated with 
grass (Sfg) are present throughout the area and are an indicator of management intensity but also of dynamic processes like heath 
land succession. All fraction images show to a certain extent the effect of mosaicing of the images with abrupt fraction changes 
along the boundaries of the two flight lines. This is mainly the result of across track illumination differences for both flight lines 
which results for example in relatively high Hdc fractions in the Western flight line compared to the Eastern flight line. This effect 
also partly explains the overestimation of some of the image  based Calluna fractions compared to the actual field coverage (Figure 
5). Because we didn’t completely constrain the SMA model, only unit sum was constrained, fractions smaller than 0 and larger than 
1 were calculated (Figure 5). Although care was taken to select most representative endmembers for the present habitat types, there 
still is within class spectral variation which has not been accounted for in this analysis. A possible alternative approach, would be the 
use of Multiple Endmember SMA (MESMA) which evaluates a list of candidate endmembers and selects the best fit for each pixel, 
thus avoiding overfitting due to too many endmembers (Rosso et al., 2005). 
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Figure 3. AHS-160 based endmember spectra derived for the heath land habitat types present in the study area. 
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Figure 4. Fraction images for the main habitat types of the Ginkelse heath land (Table 1) derived from the AHS-160 image. 
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Figure 5. Comparison of results from predicted fractions using SMA and fractions observed in field plots (n = 104) for Calluna 
associated with Hdc (left) and Molinia associated with Hdgm (right). The solid line is the regression line when considering all field 
points. The dashed line includes only points with nonzero percent cover in the regression. 
 

3.3 Assessment of habitat function and structure 

The ecological functioning of heath land ecosystems in the Netherlands is seriously hampered by the process of grass and tree 
encroachment. Management practices like grazing and tree removal can reduce the encroachment process, however, reserve 
managers require information on the spatial distribution of grass and tree densities. Next to the SMA fraction maps (Figure 4), 
fraction composites (Figure 6) can provide reserve managers with area estimates and the location of unfavourable processes. Remote 
sensing derived continuous habitat maps and their associated quality indicators can help to optimize sampling schemes and focus 
effort on rare and often inaccurately mapped habitat types. In this way costly fieldwork effort can be employed in a more efficient 
way.    
Based on the SMA results of this study, it was not possible to distinguish different Calluna heath land age classes (Table 1) which 
are an important indicator for the structural quality of the heath land habitat. Further analysis is required to investigate if alternative 
remote sensing based analysis methods would be appropriate. For example, Andrew and Ustin (2008) present the use of aggregated 
classification and regression tree models (CART) combining the results of mixture analysis based methods and spectral 
physiological indexes. The latter is relevant in the case of heath land age classes as photosynthesising biomass can differ 
substantially during the heath land succession cycle. Alternatively, techniques like directional remote sensing using the 
CHRIS/PROBA sensor could be successful to identify structural differences of the canopy structure between heath land age classes 
(Chan et al., 2008). CHRIS/PROBA images for the study area are available and will be studied further. 
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Figure 6. Fraction composite (right) for Hgmd (red), Sfg (green) and Hdc (blue) shows influence of management activities (top) on 

distribution of habitat function within the study area. 
 

4. CONCLUSIONS 

The results of this study show that spectral mixture analysis is a suitable technique for mapping heath land habitat types. The 
resulting fraction maps can be used to assess the quality of the habitat types related to structure and function. In addition, the 
resulting continuous maps can complement the traditional vegetation field surveys by optimizing sampling schemes and focus effort 
on rare and often inaccurately mapped habitat types. However, sensor type, quality of processing (e.g., mosaicing) and timing of 
acquisition (e.g., phenology of vegetation) have an important effect on the accuracy of the results. Further research activities will 
focus on the application of alternative SMA techniques (e.g., MESMA), transferability of SMA endmembers to other areas and 
automated derivation of indicators for habitat structure and function. 
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Annex C.3. Detailed report on field work, performed in 2009. 
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HABISTAT – WP5200 Validation 
Field protocol 2009 
 
 
Authors: Jeroen Vanden Borre (INBO), Toon Spanhove (INBO), Birgen Haest (VITO) 

 
 
 
Preliminary note: 
The basic components of a validation of a map are (Stehman & Czaplewski, 1998): 

- sampling unit: link between a spatial location on the map and the corresponding 
spatial location on the Earth (e.g. 100 m² circular plot) 

- sampling design: the protocol by which sampling units are selected into the 
sample (e.g. stratified random sampling) 

- response design: protocol for determining the reference class or reference data of 
a sampling unit 

- estimation and analysis procedure 
For a more extensive account of each component, see Stehman & Czaplewski (1998). In 
this field protocol, the sampling unit and the response design are made explicit. 
 
 
Part 1. General guidelines 
(inspired by Knotters et al., 2008) 
 
Objective: The general guidelines serve to ensure that the data collection in the field 
adheres to the rules of the chosen sampling design. 
 
Guidelines: 
1. The field worker will receive a list of coordinates of points, which were randomly 
selected. He will visit all these locations and carry out both response designs (part 2 and 
part 3, see below) at each point. 
 
2. A location is retrieved in the field using a GPS. The central point of the sampling unit is 
designated as the point for which the GPS-coordinates correspond best to the coordinates 
on the list. A central point should never be moved to another (e.g. more attractive) 
location, even if this stays within the uncertainty range of the GPS-device. 
 
3. A non-response can occur only if the point is inaccessible, due to its location within a 
privately-owned area. INBO has created a layer with inaccessible places (mainly based 
on aerial picture), but this layer may be not exhaustive. 
At all accessible sampling points, vegetation/habitat should be assessed, including at land 
cover types that were explicitly omitted in the classification (i.e. all urban classes: 
buildings, roads, railway tracks, asphalt, concrete,… ). To evaluate the overall accuracy 
of the map, a range can be given for a best-case and worst-case scenario (i.e. when all 
points in the omitted classes are respectively correctly or wrongly classified).   
 
4. In case of a non-response, the point is dropped from the sample and replaced by the 
first point on the list of substitute locations. It should never be replaced by the nearest 
substitute location, nor by a new location close by that is not on the list. 
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Part 2. Sampling design 
 
Objective: to determine the optimal number and spatial configuration of sampling units 
needed for a statistically sound validation of 1) the vegetation map and 2) the habitat 
map. 
 
Sampling units will be selected with a stratified random design. The stratification has two 
levels:  

1) the primary thematic stratification will be based on the mean vegetation 
classes (corresponding with level 1 classes)  

classes will be derived from an independent classification   
2) a spatial stratification based on compact geographic strata will be performed to 
select points within all vegetation classes (in collaboration with M. Knotters)  

 
 
Part 3. Response design: vegetation/land-cover class 
 
Objective: This response design is intended to determine the vegetation/land-cover class 
from the Habistat classification scheme that is present on the sample location. The data 
will be used for the validation of the pixel classifications. 
 
Sampling unit: A circle of 10 m diameter (5 m radius) around the central point. 
 
BioHab background info: 
This response design is partly based on the BioHab-methodology, which is a set of 
decision rules for mapping and describing vegetations in a uniform way throughout 
Europe. Vegetations are in first instance described by the Life Forms present. Within each 
life form, dominant species are then recorded, with their % coverage. See Bunce et al. 
(2005) for in-depth information and a full account of the decision rules. 
Some examples of frequently used Life Forms: 

- CHE: cespitose hemicryptophytes (most rushes, grasses and sedges, e.g. Juncus, 
Carex, Molinia, Eriophorum) 

- LHE: leafy hemicryptophytes (most dicotyledonous forbs, e.g. Rumex acetosella) 
- GEO: geophytes (often monocotyledons with bulbs or corms, e.g. Narthecium 

ossifragum), but also other species with rhizomes (e.g. the fern Pteridium 
aquilinum) 

- CRY: cryptogams (mosses and lichens, e.g. Cladonia, Sphagnum) 
- THE: therophytes (annual species, e.g. Aira praecox, Spergula morisonii) 
- SCH: shrubby chamaephytes under 30 cm height (e.g. Erica tetralix, young phase 

of Calluna vulgaris) 
- LPH: low phanerophytes (30 – 60 cm height) (e.g. Calluna vulgaris in full grown 

or old phases) 
- MPH: mid phanerophytes (0.6 – 2 m height) 
- TPH: tall phanerophytes (2 – 5 m height) 
- FPH: forest phanerophytes (> 5 m height) 
- Trees and shrubs (SCH, LPH, MPH, TPH and FPH) are further specified as one of 

these categories: 
 DEC: (winter) deciduous (e.g. Quercus) 
 CON: coniferous (e.g. Pinus) 
 EVR: evergreen (Calluna, Erica) 

- AQU: aquatic, open water 
- TER: terrestrial, includes both bare soil or soil covered with litter (distinction is 

made using the soil type qualifier, see below) 
 
Detailed protocol: 

- the location is given a unique ID number (starting from 2001). 
- the location of the central point is recorded with GPS. (accuracy approx. 1.5m) 
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- the unique ID of the central point is written on an aerial photo or map (mainly for 
practical reasons, to get an overview of which points were already sampled) 

- The sampling unit (circle of 10 m diameter around the central point) is delineated 
with bamboo sticks. 

- Some pictures are taken of the vegetation (1 or 2 photos) and of the surroundings 
(usually 2 or 3 photos). The filenames of the photos (assigned by the camera 
itself) are noted! Afterwards, the filename is changed to include the point name. 

- The date of field visit and name of observer are recorded. 
- For each distinct (uniform) vegetation type with a minimum cover of 20% (i.e. 

15,7 m²), a separate vegetation description will be made. For these vegetations, 
the following measures will be taken: 

- Cover within sampling unit (%) 
- Short description of the vegetation or land cover type(s) (e.g. a name of a 

phytosociological syntaxon) 
- If applicable, two/more alternative classes will be given if the level 4 

classification is not straightforward. 
- Abiotic conditions (soil moisture and pH), coded as in BioHab-method (no 

real measurements in the field) 
- Patchiness, as one of four classes: 

 Uniform: no patches of different species, dominance by one species 
 Coarse mosaic: vegetation is a mix of coarse patches of different 

plant species  
 Fine mosaic: vegetation is a mix of small patches of different plant 

species 
 Intensely mixed: single specimens of different plant species are 

mixed, no patches apparent 
- Height of the mean highest vegetation, i.e. the mean height of what are 

generally the highest culms in the entire vegetation patch. This sounds 
complicated but is rather intuitive (it’s what you would give if you were 
asked for the height of a certain vegetation). If necessary, two or more 
estimates can be recorded, e.g. one for lower (short-grazed) parts of the 
vegetation and one for higher, rough parts of the vegetation. 

- Management: coded as in BioHab-method 
- A general habitat category (GHC) (BioHab-method). This is given by the 

dominant life form or the combination of two or three dominant life forms. 
- All life forms covering 10 % or more, and their % cover estimated from a 

vertical perspective (adding up to maximum 100%, highest layer gets 
priority). 

- Dominant species per life form, with their % cover within the life form and 
within the total vegetation (both from a vertical perspective). 

- Additional species, with an indication of their abundance, using an 
(adapted) Tansley-scale: 

 S = sporadic (1-3 plants) 
 R = rare (4-10 plants) 
 O = occasional (10-20 plants) 
 F = frequent (> 20 plants, but less than 10% cover from a vertical 

perspective) 
 A = abundant (plants with more than 10% cover in their own 

vegetation layer, but less than 10% cover from a vertical 
perspective; e.g. a moss layer in a forest) 

 
Some important notes: 
- For Calluna vulgaris, a distinction is made between young, adult/full grown and 

old/open Calluna. The cover of Calluna in different phases is always estimated 
separately and the phase is recorded in the phenology-field: young (y), full-grown 
(f) or open (o). Young Calluna is always considered to be in the Life Form 
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SCH/EVR (thus < 30 cm); full-grown and old Calluna are in the Life Form LPH/EVR 
(30-60 cm, even if some plants occasionally reach higher). 

- Erica tetralix is always considered to be in the Life Form SCH/EVR (< 30 cm), 
even if some plants occasionally reach higher. 

- For some species, more in particular trees and shrubs (when additional species), 
the phenology state is also recorded: seedling (code: s; < 60 cm, equivalent to 
SCH or LPH), young tree/shrub under 2 m (code: 2; 0.60 - 2 m, equivalent to 
MPH), young tree/shrub under 5 m (code: 4; 2 – 5 m, equivalent to TPH), higher 
trees (code: f; > 5 m, equivalent to FPH). If the species is part of an already 
defined Life Form (i.e. not an additional species), then the phenology state does 
not need to be recorded. 

- Sphagnum cuspidatum and Drosera intermedia can grow under water. In such 
cases, their cover is estimated separately for plants above water level and below 
water level. The latter cover estimate is completed with the phenology state ‘u’ 
(under water). 

- Bare soil and litter both are part of the Life Form TER. Their cover is however 
estimated separately and completed with a soiltype code (164 = bare sandy soil; 
170 = litter-covered soil). This implies that the Life Form TER can occur twice in 
the relevé of one sampling unit. 

 
 
 
Part 4. Response design: habitat type and quality 
 
Objective: This response design is intended to determine the habitat type (or other 
biotope class) of the patch(es) that the sample location falls within, and its habitat 
quality (in case of a Natura 2000 habitat type). The data will be used for validation of the 
remote sensing-derived habitat map (more in particular: surface estimates of each 
habitat in the study area, habitat type and habitat quality for each patch). 
 
Sampling unit: 
A square of 20 by 20 m is laid out around the central point: starting from the central 
point, 14,14m is measured in each intercardinal direction (NE, NW, SE, SW) and the end 
point is indicated with a stick. These four points form the corners of the sampling unit of 
the habitat type and quality.  
The habitat patches and non-habitat vegetation patches that fall (partly) in this 20x20m 
square are considered as the sampling unit (total area will thus depend on the size of the 
habitat patch). 
 
 
Detailed protocol: 
 

- Based on Habitat criteria (Paelinckx et al. 2006, Sterckx et al. 2007, De Saeger et 
al. 2008), one or more habitat patches are delineated in the field (mentally) and 
on an 1/4000 aerial picture. A habitat code is given for each patch. If there is any 
doubt on the habitat classification, alternative habitats will be noted. 

- Within these habitats, vegetation patches are delineated based on an adapted 
Biohab method. If no habitat is present, all vegetation patches that lie (at least for 
a par) in the 20x20m patch are delineated. Criteria for patches/borders are as 
follows (for further details: see Bunce et al. 2005): 

- Minimum patch size: 50m², if the patch is less than 5m in width, it is 
considered as a linear element. The minimum length of a line should be 
30m, otherwise, it is considered as a point element. 

- Border are characterised by: 
 Difference in General Habitat Category OR 
 Change in environmental qualifier OR 
 Change in site qualifier OR 
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 Change in the occurrence of point elements OR 
 Change in management qualifier e.g. fence line or age of forest 

trees OR 
 Change of at least 30% in the cover of an individual species OR 
 Change in any other speciied habitat classification e.g. Annex 

1/Priority Habitat or EUNIS 
- A Biological Valuation Map code is given for every vegetation patch 
- The habitat type(s) are checked again with the Habitat Key based on Biological 

Valuation Map codes (De Saeger et al. 2008). 
- For each habitat type present in the sampling unit, the corresponding matrix for 

the assessment of Local Conservation Status is completed. For each criterion in 
the matrix, the required data are recorded (e.g. % of Molinia, presence of certain 
species) and a global score is derived (favourable or poor condition). 

- No detailed BioHab vegetation descriptions are made (i.e. all Life Forms with over 
10% cover and their dominant species)!  

 
 
 
Useful equipment 
 

- Orthophoto or map of the study area, on a scale 1:4000, with indication of sample 
points 

- List of coordinates of sample points 
 
- Habistat classification scheme (classes level 1-4) 
- List of habitat types according to European Habitat Directive 
- Legend of the Biological Valuation Map 
- Summary of general habitat categories and qualifiers of BioHab-method 
- Field forms of matrices for Local Conservation Status assessment 
 
- Topcon GMS-2 field computer with GPS 
- External antenna + pole? 
- Compass 
- Some light-weight sticks (bamboo) for delineation of the sample unit 
- A 2m pole marked in 0.1m intervals 
- Photo camera 
- Magnifying glass + Flora 
- Field forms: vegetation form: direct data entry in PDA 

Aerial pictures 
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Habistat – Classification scheme for the Kalmthout study area 
Class definitions, based on the 2007 field dataset 

 
Jeroen Vanden Borre, INBO 
10 march 2008 
 
Legend: 
 
Name: Name: short descriptive name of the class 
Code: Code: 1- to 4-letter code of class 
Level: Level: level to which the class belongs (1 to 4) 
Hab Dir 
Annex 1 

link to the habitat types listed in the Annex 1 of the European Habitat Directive 
(if applicable) 

Definition: description of the vegetation designated by the class 
Criteria: list of criteria used to select representative plots for this class from the 

Kalmthout dataset, in order to augment chances of correct classification. ‘Field-
based’ means plots are identifiable as belonging to that class in the field, by a 
combination of characteristics (e.g. species composition, vertical structure, 
surrounding matrix, abiotic conditions) that are hard to put into formal 
expressions. ‘Aerial photo interpretation’ means plots were designated on aerial 
photos. 
Mind: the criteria work only in one direction: the reference points that were 
assigned to the class, meet the criteria listed for that class, but in a later stage, 
classified pixels on the image can still be regarded as correctly classified, even 
without meeting all the criteria. Also, the criteria are only valid for the dataset of 
field releves 2006-2007 in the study area Kalmthoutse Heide, and should not be 
extrapolated to other areas or timeframes without further investigation. 

 
 
Classes: 
 
Name: Heathland Code: H Level 1 
Hab Dir 
Annex 1: 

Comprises habitat types of category 4. Temperate heath and scrub; as well as parts 
of subcategory 23. Inland dunes, old and decalcified. 

Definition: Vegetations of temperate climate zones dominated by dwarf shrubs, often of the 
Ericaceae-family. Includes also degraded forms with high presence or dominance 
of grasses (e.g. Purple moorgrass (Molinia caerulea), Wavy hairgrass 
(Deschampsia flexuosa)). 

Criteria: Field-based 
 
Name: Dry heathland Code: Hd Level 2 
Hab Dir 
Annex 1: 

Habitat types 2310 (Dry sand heaths with Calluna and Genista) and 4030 
(European dry heaths). Differentiation only possible using ancillary information 
(soil map). 

Definition: Dwarf shrub vegetation on dry, sandy, nutrient poor soil. Understorey of mosses, 
lichens and/or bare sand. Calluna is the most important dwarf shrub species. 

Criteria: Mainly field-based. Calluna-cover > 40% and > (3 x Erica-cover) 
 
Name: Calluna-dominated heathland Code: Hdc Level 3 
Hab Dir Habitat types 2310 (Dry sand heaths with Calluna and Genista) and 4030 
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Annex 1: (European dry heaths). Differentiation only possible using ancillary information 
(soil map). 

Definition: Calluna-dominated dwarf shrub vegetation on dry, sandy, nutrient poor soil. 
Understorey of mosses, lichens and/or bare sand. 

Criteria: Calluna-cover ≥ 60% 
 
Name: Calluna-stand of predominantly young age Code: Hdcy Level 4 
Hab Dir 
Annex 1: 

Conservation status of 2310/4030 (dominance of one age class is unfavourable). 

Definition: Calluna-dominated dwarf shrub vegetation with mainly seedlings or young plants 
of Calluna (= under 30 cm height). 

Criteria: Cover of young Calluna ≥ 60% and ≥ (3 x sum of cover of other Calluna age 
classes) 

 
Name: Calluna-stand of predominantly adult age Code: Hdca Level 4 
Hab Dir 
Annex 1: 

Conservation status of 2310/4030 (dominance of one age class is unfavourable). 

Definition: Calluna-dominated dwarf shrub vegetation with Calluna-plants mainly in full 
grown (adult) stage (= over 30 cm height and ample leaves and flowers). 

Criteria: Cover of adult Calluna ≥ 60% and ≥ (2 x sum of cover of other Calluna age 
classes) 

 
Name: Calluna-stand of predominantly old age Code: Hdco Level 4 
Hab Dir 
Annex 1: 

Conservation status of 2310/4030 (dominance of one age class is unfavourable). 

Definition: Calluna-dominated dwarf shrub vegetation with Calluna-plants mainly in 
degenerated (= old or open) stage (= branches falling open, leaves absent or only 
near branch tops, underlying soil becomes visible). 

Criteria: Cover of old Calluna ≥ 40% and ≥ (4 x cover of adult Calluna) and > cover of 
young Calluna 

 
Name: Calluna-stand of 2 or 3 mixed age classes Code: Hdcm Level 4 
Hab Dir 
Annex 1: 

Conservation status of 2310/4030 (mixture of age classes is favourable). 

Definition: Calluna-dominated dwarf shrub vegetation with structural variation through 
presence of several age classes of Calluna. 

Criteria: Total cover of Calluna ≥ 60% and two or preferably three age classes present in 
more or less equal proportions 

 
Remark: Hdc-plots can always be specified at level 4, unless information on the presence of 
age classes is lacking. 
 
 
Name: Wet heathland Code: Hw Level 2 
Hab Dir 
Annex 1: 

Habitat type 4010 (Northern Atlantic wet heaths with Erica tetralix) 

Definition: Dwarf shrub vegetation on moist to wet, sandy, nutrient poor soil. Understorey 
of mosses (a.o. Sphagnum) and/or wet bare sand. Erica is the most important 
dwarf shrub species but Calluna can be present. Molinia is nearly always 
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present. Hw includes also rare type with Narthecium ossifragum. 
Criteria: Mainly field-based. Dwarf shrub cover (= Erica+Calluna) ≥ 20% and Erica-

cover > Calluna-cover 
 
Name: Erica-dominated heathland Code: Hwe/Hwe- Level 3/4 
Hab Dir 
Annex 1: 

Habitat type 4010 (Northern Atlantic wet heaths with Erica tetralix) 

Definition: Erica-dominated dwarf shrub vegetation on moist to wet, sandy, nutrient poor 
soil. Molinia is nearly always present. 

Criteria: Erica-cover ≥ 60%. (Molinia up to 40% maximum.) 
 
Remark: Further division of Hwe may be necessary in the light of assessing conservation 
status of 4010. 
 
 
Name: Grass-encroached heathland Code: Hg Level 2 
Hab Dir 
Annex 1: 

Conservation status of wet and dry heathland (grass encroachment is 
unfavourable). 

Definition: Patches within heathland that have become dominated by grasses in recent 
decades. In Kalmthout study area: mainly Purple moorgrass (Molinia caerulea). 
Other heathland areas may have other grass species dominant (e.g. Deschampsia 
flexuosa). Differs from grassland through location within heathland matrix, lack 
of agricultural management and difference in dominant grass species. 

Criteria: Molinia-cover ≥ 80% (and open water (nearly) absent, in contrast with Wov) 
 
Name: Molinia-dominated heathland Code: Hgm Level 3 
Hab Dir 
Annex 1: 

Conservation status of wet and dry heathland (Molinia encroachment is 
unfavourable). 

Definition: Patches within heathland that have become dominated by Molinia in recent 
decades. 

Criteria: Molinia-cover ≥ 80% (and open water (nearly) absent) 
 
Name: Molinia-stand on dry soil  (presumed to have 

developed from former Hd/Hdc) 
Code: Hgmd Level 4 

Hab Dir 
Annex 1: 

Conservation status of 2310/4030 (Molinia encroachment is unfavourable). 

Definition: Patches within dry heathland that have become dominated by Molinia in recent 
decades.  

Criteria: Molinia-cover ≥ 80% and (presumed relict) presence of some Calluna 
 
Name: Molinia-stand on moist to wet soil  (presumed to 

have developed from former Hw/Hwe) 
Code: Hgmw Level 4 

Hab Dir 
Annex 1: 

Conservation status of 4010 (Molinia encroachment is unfavourable). 

Definition: Patches within moist/wet heathland that have become dominated by Molinia in 
recent decades. 

Criteria: Molinia-cover ≥ 80% and (presumed relict) presence of some Erica 
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Remark: A different approach to distinguishing Hgmd and Hgmw is also possible, using 
ancillary data like old vegetation maps and soil information. 
 
 
 
Name: Grassland Code: G Level 1 
Hab Dir 
Annex 1: 

Comprises habitat types of category 6. Natural and semi-natural grassland 
formations 

Definition: Vegetations dominated by grass species (Poaceae), often accompanied by forbs, 
and characterized by a management of haying and/or grazing. 

Criteria: Field and aerial photo interpretation 
 
Name: Temporary grassland Code: Gt/Gt-/Gt-- Level 2/3/4 
Hab Dir 
Annex 1: 

n/a 

Definition: Grasslands in very intensive agricultural use: fields are ploughed, manured and 
seeded with a highly productive grass species and used for growing hay or pasture 
for a few years. After that period, the field is ploughed again and used as an arable 
field (e.g. maize) or seeded with grass again. Rye-grass (Lolium spp.) is most 
frequently used, sometimes in combination with red/white clover (Trifolium 
pratense/repens). Vegetation canopy usually very homogeneous. 

Criteria: Field-based (homogeneity and dominant species) 
 
Name: Permanent grassland Code: Gp Level 2 
Hab Dir 
Annex 1: 

Comprises habitat types of category 6. Natural and semi-natural grassland 
formations 

Definition: Grasslands that are never ploughed, but are subject to a management of haying 
and/or grazing (or were until recently). Differs from Gt through a higher number 
of species present (grasses and other) and some heterogeneity in the canopy. 

Criteria: Field-based (heterogeneity and dominant species) 
 
Name: Permanent grassland in intensive agricultural use Code: Gpa Level 3 
Hab Dir 
Annex 1: 

n/a 

Definition: Permanent grasslands subject to modern agricultural practices like manuring, in 
order to ‘improve’ the productivity of the grassland. Can be used for growing hay, 
pasture or for both. 

Criteria: Field-based (heterogeneity, dominant species and management) 
 
Name: Species-poor permanent agricultural grassland Code: Gpap Level 4 
Hab Dir 
Annex 1: 

n/a 

Definition: Grasslands in agricultural use with only a few different species present, mainly 
grasses and very few forbs. Differs from Gt in being never ploughed and in 
having at least some heterogeneity in the canopy. Typical dominant grass species 
are Poa spp., Agrostis spp. and/or Holcus spp. 

Criteria: Field-based (heterogeneity, species richness and management) 
 
Name: Species-rich permanent agricultural grassland Code: Gpar Level 4 
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Hab Dir 
Annex 1: 

n/a 

Definition: Grasslands in agricultural use with a mixture of grass species and forbs, often with 
a flowering aspect in spring or summer. Differs from Gpn in that management is 
usually more intensive and manuring may be applied. 

Criteria: Field-based (heterogeneity, species richness and management) 
 
Name: Permanent grassland with semi-natural vegetation Code: Gpn Level 3 
Hab Dir 
Annex 1: 

Comprises habitat types of category 6. Natural and semi-natural grassland 
formations 

Definition: Grasslands with species-rich vegetation and/or presence of rare species, often as a 
relict of former extensive agricultural practices. Management is usually aimed at 
conservation of nature values through e.g. continuation of former agricultural 
practice (haying, extensive grazing). These vegetations usually do not support 
manuring. Several types depending on abiotic conditions (soil type and moisture, 
nutrient availability,…). 

Criteria: Field-based. In Kalmthout study area, only one dry type is present in enough 
quantity to be sampled appropriately. 

 
Name: Dry semi-natural permanent grassland Code: Gpnd Level 4 
Hab Dir 
Annex 1: 

Conservation status of 2330 (closed grass sward / absence of small patches of bare 
sand is unfavourable) 

Definition: Low, grassy vegetation dominated by Agrostis spp., accompanied by some forbs 
and mosses. Canopy closed. Bare sand usually absent. 

Criteria: Presence of grasses (Agrostis capillaris and/or A. vinealis) and mosses (mainly 
Polytrichum juniperinum) in more or less equal amounts. The sum of cover of 
grasses and mosses ≥ 60%. 

 
Name: Juncus effusus-dominated grassland Code: Gpj/Gpj- Level 3/4 
Hab Dir 
Annex 1: 

n/a 

Definition: Patches within grassland or heathland, on moist or wet soil, where Soft rush 
(Juncus effusus) has become dominant, often as a result of a change or a 
disturbance in the management or the water regime. 

Criteria: Field-based and aerial photo interpretation 
 
Remark: 
Forbs are herbaceous (= non-woody) flowering plants that are not graminoids (= grasses, 
sedges and rushes). Term often used in relation to grasslands, to refer to broad-leaved herbs 
(as a group opposed to graminoid herbs) (source: Wikipedia English version). 
 
 
 
Name: Forest Code: F Level 1 
Hab Dir 
Annex 1: 

Comprises habitat types of category 9. Forests (subcategory 91. Forests of 
Temperate Europe) 

Definition: Tall vegetations of woody species with a height over 5 m, either natural or planted.
Criteria: Cover of FPH (forest phanerophytes = trees over 5 m) ≥ 60% 
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Name: Coniferous forest Code: Fc Level 2 
Hab Dir 
Annex 1: 

n/a 

Definition: Plantations of coniferous (needle-leaved) tree species (Pinus, Picea, Larix,…). 
Criteria: Cover of FPH/CON (coniferous forest phanerophytes) ≥ 60% and preferably no 

FPH/DEC (deciduous forest phanerophytes) present 
 
Name: Pine forest Code: Fcp Level 3 
Hab Dir 
Annex 1: 

n/a 

Definition: Plantations of pine (Pinus spp.) on mostly dry, sandy soil. Understorey often 
species-poor, dominated by grasses (Molinia caerulea, Deschampsia flexuosa), 
mosses (Hypnum sp.), ferns (Dryopteris sp., Pteridium aquilinum) and/or litter. 

Criteria: Cover of Pinus spp. trees (over 5 m) ≥ 60% 
 
Name: Corsican pine forest Code: Fcpc Level 4 
Hab Dir 
Annex 1: 

n/a 

Definition: Plantation of Corsican pine (Pinus nigra laricio). Corsican pine is a non-
indigenous species in the Low Countries. 

Criteria: Cover of Corsican pine trees (over 5 m) ≥ 60% 
 
Name: Scots pine forest Code: Fcps Level 4 
Hab Dir 
Annex 1: 

n/a 

Definition: Plantation of Scots pine (Pinus sylvestris). Scots pine is assumed to be native in 
the Low Countries, and is therefore of greater ecological value than other pine 
species. 

Criteria: Cover of Scots pine trees (over 5 m) ≥ 60% 
 
Name: Deciduous forest Code: Fd Level 2 
Hab Dir 
Annex 1: 

Comprises habitat types of category 9. Forests (subcategory 91. Forests of 
Temperate Europe) 

Definition: Forests, woodlands and plantations of deciduous (broad-leaved) tree species 
(Quercus, Betula, Fagus, Acer, …) 

Criteria: Cover of FPH/DEC (deciduous forest phanerophytes) ≥ 60% and no FPH/CON 
(coniferous forest phanerophytes) present 

 
Name: Birch forest Code: Fdb/Fdb- Level 3/4 
Hab Dir 
Annex 1: 

Growing place suitable for development of habitat type 9190 (Old acidophilous 
oak woods with Quercus robur on sandy plains), but no good examples in the 
Kalmthout study area at present (mostly spontaneous tree establishment of young 
age) 

Definition: Woodlands dominated by Birch species (Betula pendula and/or B. pubescens). 
Understorey often dominated by Molinia. 

Criteria: Sum of cover of both Birch species (trees over 5 m) ≥ 60% 
 
Name: Oak forest Code: Fdq Level 3 
Hab Dir Comprises habitat types of category 9. Forests (subcategory 91. Forests of 
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Annex 1: Temperate Europe) 
Definition: Woodlands dominated by Oak species (Quercus spp.). In the Low Countries, 

Pedunculate oak (Q. robur) and Sessile oak (Q. petraea) are indigenous, Northern 
red oak (Q. rubra) is an often planted exotic species. 

Criteria: Cover of Oak species (trees over 5 m) ≥ 90% 
 
Name: Pedunculate oak forest Code: Fdqz Level 4 
Hab Dir 
Annex 1: 

Growing place suitable for development of habitat type 9190 (Old acidophilous 
oak woods with Quercus robur on sandy plains), but no good examples in the 
Kalmthout study area at present (understorey often dominated by invasive shrub 
species: Rhododendron ponticum, Prunus serotina) 

Definition: Woodlands dominated by Pedunculate oak (Quercus robur). In the Kalmthout 
study area: understorey often dominated by the invasive, non-indigenous 
Rhododendron ponticum. 

Criteria: Cover of Pedunculate oak trees (over 5 m) ≥ 90% 
 
Remark: mixed forests were explicitly avoided during sampling in order to facilitate the 
recognition of the most important tree species. 
 
 
 
Name: Sand dune Code: S Level 1 
Hab Dir 
Annex 1: 

Comprises habitat types of sub-category 23. Inland dunes, old and decalcified 

Definition: Open vegetations on actively shifting or recently fixated sand, consisting of 
mainly grasses and mosses. Pioneering vegetation involved in fixation of sand 
dunes. 

Criteria: Field and aerial photo interpretation 
 
Name: Bare sand Code: Sb/Sb-/Sb-- Level 2/3/4 
Hab Dir 
Annex 1: 

Conservation status of habitat types 2310 and 2330: the presence of bare sand 
indicates active shifting of sand, which creates new opportunities for the 
settlement of pioneering vegetations. In the absence of shifting sand, pioneering 
vegetations will evolve into other habitat types, unless appropriate management is 
applied. 

Definition: Bare, usually dry sand without or with very sparse vegetation. Sometimes partly 
covered with some coarse litter fragments. Can be of natural (influence of wind) 
or antropogenic origin (management, recreation, …). 

Criteria: Vegetation cover ≤ 10% (unvegetated sand ≥ 90%) 
 
Name: Fixated sand dune Code: Sf Level 2 
Hab Dir 
Annex 1: 

Habitat type 2330: Inland dunes with open Corynephorus and Agrostis grasslands 

Definition: Low, open pioneering vegetation of grasses, mosses and lichens on dry, nutrient 
poor, sandy soils. Contains very typical species that are highly adapted to extreme 
dry and nutrient poor conditions (e.g. Corynephorus canescens, Agrostis vinealis, 
Polytrichum piliferum,…). 

Criteria: Field-based (presence of bare sand and typical species) 
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Name: Sand dune fixated by grasses and mosses Code: Sfg/Sfgm Level 3/4 
Hab Dir 
Annex 1: 

Habitat type 2330: Inland dunes with open Corynephorus and Agrostis grasslands 

Definition: Low, open vegetations on (partly) fixated sand dune, consisting of both mosses 
and grasses 

Criteria: Cover of mosses and lichens ≤ 40% and cover of Corynephorus most often ≥ 30% 
 
Name: Sand dune with mosses as dominating fixators Code: Sfm Level 3 
Hab Dir 
Annex 1: 

Habitat type 2330: Inland dunes with open Corynephorus and Agrostis grasslands 

Definition: Low, open vegetations on (partly) fixated sand dune, consisting of predominantly 
mosses and lichens 

Criteria: Cover of mosses and lichens ≥ 60% 
 
Name: Fixated sand dune with predominantly Campylopus 

introflexus (Heath starr moss) 
Code: Sfmc Level 4 

Hab Dir 
Annex 1: 

Conservation Status of habitat type 2330 (and 2310): Campylopus introflexus is an 
invasive exotic moss species, accelerating fixation of sand dunes. Its presence is 
unfavourable. 

Definition: Patches of Campylopus introflexus on dry sand, usually within a matrix of 
Calluna- (habitat type 2310) or Corynephorus-vegetations (habitat type 2330) 

Criteria: Cover of Campylopus introflexus ≥ 60% 
 
Name: Fixated sand dune with predominantly Polytrichum 

piliferum (Bristly haircap) 
Code: Sfmp Level 4 

Hab Dir 
Annex 1: 

Part of habitat type 2330: Inland dunes with open Corynephorus and Agrostis 
grasslands 

Definition: Patches of Polytrichum piliferum on dry sand. Polytrichum piliferum is an 
indigenous, sand-fixating moss species. 

Criteria: Cover of Polytrichum piliferum ≥ 80% 
 
Remark: the subdivisions of Sf at level 3 and 4 are less important for Natura 2000 purposes, 
except for Sfmc which is highly important for the assessment of Conservation Status of 2330. 
 
 
 
Name: Water body (oligotrophic) Code: W/Wo Level 1/2 
Hab Dir 
Annex 1: 

Comprises habitat types of subcategory 31. Freshwater habitats – standing water 

Definition: Water bodies, comprising both deep water without vegetation and shallow water 
with submerged and emerged vegetation. In Kalmthout study area, only 
oligotrophic (nutrient poor) water bodies are of interest. 

Criteria: Field and aerial photo interpretation 
 
Name: Shallow, vegetated oligotrophic water body Code: Wov/Wov- Level 3/4 
Hab Dir 
Annex 1: 

Degraded forms of habitat types 3110 (Oligotrophic waters containing very few 
minerals of sandy plains (Littorelletalia uniflorae)), 3120 (Oligotrophic waters 
containing very few minerals generally on sandy soils of the West Mediterranean, 
with Isoetes spp.), 3130 (Oligotrophic to mesotrophic standing waters with 
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vegetation of the Littorelletea uniflorae and/or of the 
Isoëto-Nanojuncetea) and/or 3160 (Natural dystrophic lakes and ponds). No well 
developed examples present in Kalmthout study area. 

Definition: Banks of moorland pools with open water, submerged vegetation (mainly 
Sphagnum cuspidatum) and emerged vegetation (Molinia caerulea, Eleocharis 
multicaulis, Eriophorum angustifolium, Rhynchospora spp., Drosera intermedia). 

Criteria: Field-based 
 
Name: Unvegetated (deep) oligotrophic water body Code: Wou/Wou- Level 3/4 
Hab Dir 
Annex 1: 

Degraded forms of habitat types 3110 (Oligotrophic waters containing very few 
minerals of sandy plains (Littorelletalia uniflorae)), 3120 (Oligotrophic waters 
containing very few minerals generally on sandy soils of the West Mediterranean, 
with Isoetes spp.), 3130 (Oligotrophic to mesotrophic standing waters with 
vegetation of the Littorelletea uniflorae and/or of the 
Isoëto-Nanojuncetea) and/or 3160 (Natural dystrophic lakes and ponds). No well 
developed examples present in Kalmthout study area. 

Definition: Centres of moorland pools, without any vegetation. 
Criteria: Aerial photo interpretation 
 
 
 
Name: Arable field Code: A Level 1 
Hab Dir 
Annex 1: 

n/a 

Definition: Anthropogenic stands of agriculturally important plant species (‘crops’), or 
temporarily bare soil used for the cultivation of such plants. 

Criteria: Field and aerial photo interpretation 
 
Name: Arable field with crop Code: Ac Level 2 
Hab Dir 
Annex 1: 

n/a 

Definition: Arable fields of which field survey data on the crop type in 2007 are available.  
Criteria: Field-based 
 
Name: Arable field - maize Code: Acm/Acm- Level 3/4 
Hab Dir 
Annex 1: 

n/a 

Definition: Arable fields with maize crop in 2007 
Criteria: Field-based 
 
Name: Arable field - other crops  Code: Aco/Aco- Level 3/4 
Hab Dir 
Annex 1: 

n/a 

Definition: Arable fields with other crops than maize in 2007 (potato, wheat, beet, leek) 
Criteria: Field-based 
 
Remark: the distinction of arable fields into crop types is not important in the light of ecotope 
mapping or Natura 2000, but was taken into account in order to investigate confusion of 
certain crops with classes of interest. 
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Heathlands in western Europe have shown dramatic declines over the last century and there-
fore were given a high conservation priority in the EU Habitats Directive. Accurate surveying
and monitoring of heathland habitats is essential for appropriate conservation management,
but the large heterogeneity of vegetation types within habitats as well as the occurrence of
similar vegetations across habitat types hinders a straightforward, automated mapping based
on aerial images. In such case, a context dependent classification algorithm is expected to be
superior to traditional classification techniques. This paper presents a novel approach to map
the conservation status of heathland vegetation, by using a hierarchical classification scheme
that describes the structural dependencies in the field between the basic vegetation and land-
cover types that habitats are composed of. These dependency relationships are included as
contextual information in the classification process, using a Tree-Structured Markov Random
Field (TS-MRF) technique with a tree that reflects the hierarchy of the classification scheme.
Results of this approach for a heathland area in Belgium were compared with results from
more conventional classification approaches. Validation of the results showed that the struc-
ture of the scheme contained important spatial relationships, that were further reinforced
by using the contextual classification strategy, especially for the most detailed level of the
classification scheme. Accuracy increased and the classification results were more suitable for
visual interpretation.

1. Introduction

Atlantic lowland heathlands in Europe have dramatically declined since their max-
imal extent in the late 18th century (De Blust 2007). Not surprisingly, many of
the remaining heathland sites in western Europe have therefore been included in
the Natura 2000 network, a Europe-wide ecological network of protected sites that
harbour important remnants of rare or endangered habitats and species (European
Commission 2005). Following the Habitats Directive of the European Union (EU),
member states are committed to adequately conserve these Natura 2000 sites, un-
dertake surveillance of the conservation status of the targeted habitats and species,
and report regularly on the implementation of the measures taken under this Di-
rective (Vanden Borre et al. 2010). As a result, authorities across the EU are faced
with a need for data that cannot be fulfilled by field work alone.

Remote sensing has been recognized as a powerful, innovative tool to aid in
Natura 2000 habitat monitoring, but very few readily applicable procedures have
been developed so far. (Alexandridis et al. 2009, Bock et al. 2005, Langanke et al.
2005) . This is probably related to the complex nature of the Natura 2000 habitats:
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most habitat types should not be thought of as homogeneous vegetation patches
of a single or a few dominant species. Instead, they show a high variety in facies
at different scale levels. At a large scale, the facies of the same habitat may differ
between regions as a result of climatic or soil conditions. But also at a very fine
scale, most habitats are in fact intricate mixtures of different land cover types.

Earlier, we have developed a framework for heathland habitat mapping that deals
with the complete trajectory, from breaking down habitats into land cover types, to
reconstructing the habitat types and their conservation status from classification
results of these land cover types (Haest et al. 2011). That study covers the transi-
tion from habitat definitions and habitat quality aspects to land-cover types, and
discusses the translation of these land cover types back into habitat quality maps.
Classification of the land cover types is a key step in this procedure. This paper
specifically deals with the classification of the land cover types and, rather than
considering only one pixel at time, investigates the use of contextual information,
derived from a dedicated classification scheme, in order to increase the accuracy,
to facilitate visual interpretation of the classification result and to achieve a better
habitat characterization in the end.

In order to adequately describe the composition of the various heathland habitat
types, the typical components of each habitat type were arranged in a four-level
hierarchical land cover classification scheme. Aside from the information neces-
sary to identify each habitat type, the scheme also comprises relevant aspects of
the habitat quality. These include quality indicators specific for each habitat type
(e.g. age structure of Calluna vulgaris), as well as factors related to more general
pressures acting on several habitat types at a time (grass and tree encroachment,
occurrence of invasive species).

The choice for the hierarchical scheme opens up new possibilities for classifica-
tion. While it is possible to classify on each detail level separately, disregarding the
results from the higher levels of the scheme, it is also possible to classify using a
hierarchical tree that resembles the structure of the classification scheme. Classify-
ing hierarchically means that any pixel, classified as a certain class on a higher, i.e.
more general, level of the tree, is restricted to one of its child classes on the lower,
i.e. more detailed, levels. The hierarchy itself originates from expert knowledge
and represents groups of classes that stem from the same class on a lower level and
that are therefore often spatially interwoven on a smaller scale. As a consequence,
the scheme has the potential to reinforce the use of contextual information during
classification.

However, while contextual information is present in the structure of the classifi-
cation scheme, even hierarchical classification still processes each pixel separately,
disregarding its neighbourhood. Several strategies for including spatial information
in the classification process are available (Fauvel et al. 2008, Driesen et al. 2009).
One strategy is to incorporate relationships between neighbouring pixels as prior
information in a Bayesian framework. A popular implementation involves modelling
these dependencies as Markov Random Fields (MRF) (Berthod et al. 1996). In the
simplest form, the dependencies can be modelled by a single set of fixed parame-
ters (referred to as “flat” MRF models), describing the transitions between classes.
With this approach, however, the parameters do not adapt to the local statistics of
the image, nor do they adapt to specific class transitions. While adaptive methods
exist, their computational complexity is very high (Smits and Dellepiane 1999). The
Tree-Structured Markov Random Field (TS-MRF) technique, introduced by Poggi
et al. (2005), approaches this problem by modelling the hierarchy in the image
using a binary tree. As a result, the technique reduces a general MRF to multiple
binary MRFs, one for each node in the tree. The reasoning behind this approach

182



3

is the flexibility of the model parameters. Rather than the common flat approach,
a distinct (set of) model parameter(s) can now be used for each node of the tree,
fine-tuned to the separation of its two child classes and, at the same time, keeping
the problem tractable by reducing the number of parameter sets to the order of the
total number of classes. The tree structure is by no means restricted to the binary
case, but is selected in the experiments of Poggi et al. (2005) and Gaetano et al.
(2005) because of its relative simplicity, as it reduces the computational burden.

In this work, we aim to combine the strengths of the hierarchical classification
approach with those of the TS-MRF technique by forcing the algorithm to follow
the classification scheme, rather than selecting a tree at classification time. The
resulting tree is not binary, but has a structure that reflects the biological situation
in a more suitable way. Moreover, contrary to Poggi et al. (2005) and Gaetano et al.
(2005), the internal nodes of the tree (i.e. any nodes that are not end nodes) are
no longer “virtual” classes obtained by merging their descendant classes, but are
“real” classes in the classification scheme.

In the experiments, the two aforementioned aspects of including contextual in-
formation in the classification process are studied: First, the effect of performing
hierarchical classification in comparison to straightforward classification on a sin-
gle level of the classification scheme, and second, the use of MRF to exploit the
dependencies between neighbouring pixels. Both effects are studied separately and
combined with each other (the TS-MRF approach).

For validation, ground reference data are collected following a randomly strati-
fied approach. In order to compare the results of the described methods with each
other, each of the validation samples consists of a small area in which the percent-
age occurrence of every class is given, rather than just a single class label for an
isolated pixel. Consequently, this validation set provides information on the spatial
distribution of the classes and therefore facilitates the validation of the contextual
classification results.

Section 2. of this paper presents the hierarchical classification scheme in which the
data have been subdivided. In section 3., the TS-MRF model is described as well as
the link to the classification scheme. In section 4., the validation methodology and
the experimental results are discussed. Finally, section 5. summarizes and presents
the conclusions.

2. The hierarchical classification scheme

When trying to classify heterogeneous habitats such as heathlands, the classifica-
tion can be expected to perform better if narrow-defined land cover classes, rather
than complex habitat types, are used as end members for the algorithm, especially
if these classes are delimited based on attributes that strongly influence the spectral
signature. By doing so, not only the land cover, but also the inherent complexity
of such habitats can be documented from the remotely sensed data. Therefore, the
list of habitats present in the study area was translated into a list of “land cover
classes”, which can be interpreted as spatial units of homogeneous structure and
plant species dominance.

In a first step, a provisional list of expected ’land cover classes’ was drawn up
for the study area from the list of habitats present. Habitat definitions (European
Commission 2007) and ecological knowledge on quality indicators served as input
for this translation, and the resulting land cover classes can be interpreted as spatial
units of homogeneous structure and plant species dominance. The focus was on
quality indicators that relate to vegetation patterns and processes in the habitat,
and not to species composition, because the latter is concentrated on typical but
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usually rare plant species that hardly influence the spectral signature. This list was
completed with other land cover types in the study area that were not covered by
the Natura 2000 habitats. Field visits and additional terrain knowledge from local
experts ensured that all relevant land cover classes were considered, while very rare
ones were omitted. All classes were subsequently arranged in a hierarchical scheme
(see Table 1), based on the (dis)similarity of plant life forms or dominant species
present.

The scheme consists of four hierarchical levels. In the first level, the six classes
represent broad land cover classes: heathland, grassland, forest, sand dunes, water
and arable land. These six classes are gradually refined into 23 classes at the fourth
level, which are crucial for the assessment of habitat quality. Multivariate analysis
(TWINSPAN, Hill (1979) and Ward’s clustering, McCune and Mefford (2006)) of
a set of vegetation relevees supported the classification scheme for this study area.
The classification scheme can easily be adjusted for application in other heathland
areas, by adding site specific classes or altering threshold values for classes to better
correspond with the site’s field situation.

Noteworthy is that the classification scheme in table 1, by itself, already contains
“contextual information”, in the sense that it shows which lower level classes occur
together in the field, or, in other words, which class transitions can be considered
very important when doing contextual classification. For instance, “water” and
“non-water” pixels are easily separated on level 1 of the classification scheme by
considering their reflectances and classifying one-pixel-at-a-time. These water bod-
ies, however, depending on their size, usually contain a mixture of shallow and deep
waters (banks and centres). Consequently, the level 3 classes “Wov” and “Wou”
occur together and separating them is a much more difficult task, which is ex-
pected to benefit from considering contextual information between the two. In the
next paragraph, we will introduce a way of incorporating contextual information
in the classification process, while, at the same time, using the hierarchy of the
classification scheme.

3. Classification methodology

This paragraph first briefly reviews MRF, followed by an overview of the particu-
larities of the TS-MRF approach. To conclude, the approach of this paper, which
is heavily based on the TS-MRF method, is described, as well as the link with the
classification scheme.

3.1 MRF

In a Bayesian Maximum A Posteriori (MAP) classification framework, a configu-
ration of class labels ω is assigned by maximizing the posterior probability, given
by

arg max
ω

(p(ω|x)) = arg max
ω

(p(ω)p(x|ω)), (1)

where x is the measured data. While p(x|ω), the likelihood, can be estimated from
the training data, the prior probability p(ω) may be obtained by modelling the
dependencies between neighbouring pixels as MRF (Geman and Geman 1984).
The distribution of the prior probability then corresponds to a Gibbs distribution
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(Li 2001),

p(ω) =
1

Z
exp [−U(ω)] , (2)

where U(ω) is called the energy and Z the normalizing partition function,

Z =
∑
ω

exp [−U(ω)]. (3)

Given a certain neighbourhood relation, for example a 4-neighbourhood (also
referred to as first-order neighbourhood) or an 8-neighbourhood (also referred to as
second-order neighbourhood) on a regular lattice, a subset of neighbouring sites can
be defined, referred to as cliques. This concept is illustrated in Fig. 1. The energy
can then be expressed as a sum of potential functions Vc(ω) over the collection of
cliques C,

U(ω) =
∑
c∈C

Vc(ω). (4)

The form of the potential functions depends on the choice of the model and of
the types of cliques used. A simple and popular model, considering only two-site
cliques, is the generalized Ising/Potts model, defined by

Vc(ω) =

{
β, if ωr 6= ωr′ , {r, r′} ∈ c
0, otherwise.

(5)

Here, β is a penalty parameter that disfavours heterogeneous cliques by contribut-
ing to a higher energy. However, using just one single penalty parameter, does not
account for the difference in transitions between different classes. Consequently,
a unique β parameter, one for each pair of classes, is desirable, to describe class
transitions in a flexible manner. Unfortunately, apart from significantly increasing
the computational complexity, this also involves modelling penalty parameters for
classes that are not spatially interwoven. A solution for this problem is provided
by the introduction of TS-MRF (Poggi et al. 2005).

3.2 Tree-structured Markov Random Field model

For the details of the TS-MRF technique, the reader is referred to Poggi et al.
(2005). This paragraph provides a brief description of the method, in order to
highlight the differences with the approach used in our work.

As illustrated in Fig. 2, the TS-MRF approach reduces a complex MRF to mul-
tiple binary MRFs, by introducing a binary tree for hierarchical classification. In
this binary tree, nodes labelled 1 to 5 are the end nodes, while nodes A, B and
C are called the internal nodes. Hierarchical classification implies that any pixels,
previously classified as, for example, A, can only go to class 1 or 2. As a conse-
quence, the number of edge penalty parameters reduces significantly, because only
one parameter is required for each node of the tree, fine-tuned to the separation of
only two classes. More specifically, in the non-hierarchical approach, if there are N
classes in total, the total number of edge penalty parameters equals 1

2N(N−1). By
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contrast, in the TS-MRF approach, the number of edge penalty parameters reduces
to N − 1. In short, the TS-MRF technique offers more flexibility, in comparison to
the flat MRF approach and, at the same time, reduces the complexity.

The algorithm is largely based on iteratively estimating the penalty parameter β
from the previous classification ωk and constructing a new realisation ωk+1 based
on the estimated parameters. This iterative process is sequentially performed for
each group of pixels that are associated with an internal node of the tree (i.e. a
node that has child nodes) while moving through the hierarchy, and is illustrated
for the pixels associated with one single internal node by the flowchart in Fig. 3.
Essentially, the pixels associated with a node, are those pixels that are labelled
as the class associated with this particular node in a previous step. For example,
for the binary tree in Fig. 2, the pixels associated with the root node are all the
pixels in the image. After a preliminary classification (with β1 = 0), in which the
pixels are labelled as either ‘A’ or ‘B’, β1 and the classification map are iteratively
updated until convergence. The process is then repeated for all the pixels associated
with node ‘A’ (i.e. the pixels classified as ‘A’ in the previous run of the process),
and subsequently for the pixels associated with node ‘B’ and ‘C’.

A way to estimate the penalty parameters from the previous classification ωk

is Maximum Pseudo-likelihood Estimation (MPLE (Besag 1974)). This technique
estimates the β parameters that maximize equation 1, given ω = ωk. The prior
p(ωk) is calculated by equation 2. Unfortunately, the global partition function Z is
intractable. Instead, in MPLE, a local partition function is calculated for each pixel
neighbourhood by summing the energies over all possible values the central pixel
can assume, while keeping the labels of the neighbourhood pixels fixed. The global
partition function is then replaced by the product of the local partition functions.

A way to construct a new realisation ωk+1, based on the estimated parameters, is
Iterated Conditional Modes (ICM (Besag 1986)). ICM estimates ωk+1 that, given
the new β parameters, maximizes equation 1 locally, i.e. by assuming the posterior
probability from equation 1 is proportional to

p(ω|x) ∝
∏
r

p(ωr)p(xr|ωr). (6)

Finding the realisation ωk+1 for which the posterior probability is maximized,
reduces to finding ωk+1

r for which equation 6 is maximized at each pixel location r.
This process is iterative, because every new realisation has an effect on the prior
probabilities given by equation 2, which, in turn, may or may not change class
labels.

3.3 The extended TS-MRF

Rather than just using a random binary tree, determined at classification time,
this work implements an extended tree that follows directly from the hierarchy of
the classification scheme. This tree is depicted in Fig. 4. Moreover, the hierarchical
nature of this scheme, reflects, by itself, already the spatial relationships between
vegetation types in the field. The goal of the extended TS-MRF method, is to
reinforce these spatial relationships even further.

The implication is a trade-off between freedom in tree-structure and a larger
number of model parameters to be estimated. If one penalty parameter is selected
for the description of the transition between each pair of classes, then, for each
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node, the number of parameters would be

1

2
N(N − 1), (7)

where N now equals the number of child nodes instead of the number of classes.
For example, for the top node in the tree of Fig. 4, there are six child nodes and
therefore 15 penalty parameters are needed. According to this formula, the required
number of parameters is 35 for the complete tree. For the original, binary TS-MRF
approach, the number of parameters is only 22. However, in the original TS-MRF
approach, the model parameters are estimated over the whole image. In general,
this approach is too coarse to capture local structural variations.

For the purpose of better modelling these local variations, a raster is used to
divide the image in several smaller areas or sub-images. For each of these sub-
images, parameters are estimated. Additionally, the number of parameters per
node and per sub-image can be reduced to one without significant loss of flexibility.
Indeed, estimating one single parameter per node for each of the sub-images offers
more flexibility than estimating multiple parameters per node over the entire image.
For example, while the top node of the tree in Fig. 4 has six child nodes, these six
classes are very broad land cover classes. Even for a reasonably large sub-image,
just a few of these classes will occur together, rendering most parameters useless.
On the other hand, for different locations, textural patterns can be quite different,
even for the transitions between the same pair of classes. This is also illustrated
in Fig. 5 for the case of three classes. While three classes imply three pairwise
parameters according to equation 7, a single parameter suffices for each of the sub-
images because in almost all the sub-images only 2 classes are co-occurring. On the
other hand, depending on the location in the image, different spatial patterns are
occurring, which can be modelled more accurately by estimating a unique penalty
parameter for each sub-image. A practical measure for the window size is a size
proportional to the percentage of the classes, related to a certain node, that are
present in the training set or in the pixel-based classification result.

4. Experiments and results

4.1 Experimental setup

The performance of the hierarchical classification, the flat MRF and the TS-MRF
technique was tested in the “Kalmthoutse Heide” and “Klein schietveld”, two pro-
tected Natura 2000 sites in the north of Belgium (shown in Fig. 6). The central
heathland area of approx. 10km2 contains a mixture of wet and dry heath, inland
sand dunes and water bodies. Airborne hyperspectral data were obtained in 2007
with an AHS sensor with a ground resolution of approximately 2.5m. The range
of 450nm-2550nm is covered by 63 spectral bands. Ground reference data were
collected at the time of flight, but were not selected in a random stratified fashion.
However, to validate the classification results, random sampling is desirable, be-
cause it takes into account the true variation of land cover classes that are present
in the field (Gruijter et al. 2006). This issue was corrected in 2009, when new
ground reference data were collected in 586 plots, this time selected in a random
stratified way. Study revealed no drastic changes between newly collected ground
reference data and the image data from 2007. The few plots that showed changes
were removed from the data set. The plots were 10m in diameter, meaning that
each plot contained multiple pixels. This way, minor issues with the georeferencing
resulted in relatively smaller errors.
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Each plot was labelled according to the classification scheme described in section
2.. Because of the random way of collecting, the plots were often situated on class
edges and therefore contained multiple classes. Apart from the obvious workload
related to separately labelling all the fine scaled pixels in each plot at the very high
detail of the classification scheme, the assumption that the land cover classes fit
well into a grid of square pixels, can lead to a large disagreement in delineation
between the ground reference and the classification results, due to the randomness
of the pixel raster’s location (Lechner et al. 2009). Consequently, a percentage
composition of the various land cover types was estimated for each plot, rather than
just a single class label. These percentage compositions provide more information
about transition regions between classes than single isolated pixels, hence they
aid in the validation of contextual classification results, because preserving class
transitions is one of the key challenges for contextual classifiers such as MRF (Tso
and Olsen 2005). The plots were randomly split in a training and a validation set,
each containing approximately half of the plots.

To assess the accuracy of the classification result using the percentage composi-
tion of the plots in the validation set, a fuzzy error matrix was constructed, based
on the minimal percentage membership of classification data and reference data,
summed over each plot (Binaghi et al. 1999). If we adopt the notation from Bi-
naghi et al. (1999), the element M̃(m,n) on row m and column n of the fuzzy error
matrix M̃ is given by

M̃(m,n) =
∑
x∈X

min
(
µC̃m

(x), µR̃n
(x)
)

(8)

where X is the set of all validation sample plots. µC̃m
(x) and µR̃n

(x) are the

percentage memberships of sample plot x for the classification data C̃ in class m,
and for the reference data R̃ in class n, respectively. The Overall Accuracy (OA)
measure is extracted from the fuzzy error matrix in a similar way as with the
traditional error matrix, i.e. by taking the sum of all the elements on the diagonal
and dividing by the total number of plots:

OA =

∑N
n=1 M̃(n, n)

|X|
(9)

with N the number of classes and |X| the cardinality of the set of validation plots.
All classification results have been produced using the same spectral classifier,

namely a weighted Linear Discriminant Analysis (LDA) classifier. Because this
paper looks at the effects of hierarchical and spatial methods, relative to spec-
tral classification results, other classifiers may be used to produce similar results.
However, LDA was selected here for simplicity. The training plots, just like the
validation plots, are small areas for which only the percentage occurrence of each
class is given. Therefore, training is performed by weighting the plots according
to the occurrence of the classes. For instance, in case of the LDA classifier, if a
training plot contains 20% of class A and 80% of class B, this plot is taken into
account for 20% when calculating the mean vector for class A and for 80% when
calculating the mean vector of class B. Because the covariance matrix of an LDA
classifier is considered to be the same for all the classes, the percentages do not
need to be taken into account while computing it.

Looking at the classification results, two distinct effects are considered: First, the
effect of classifying on each level separately versus classifying hierarchically, i.e. the
influence of the classification scheme, and secondly, the effect of using a flat MRF
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approach versus TS-MRF. For both the flat MRF and the TS-MRF technique, a
second-order neighbourhood and two-site cliques were used. In order to make a fair
comparison, parameter estimation for the flat MRF has been performed, similarly
to the TS-MRF approach, for each sub-image that results from laying a raster
over the image as described in section 3.3. The four resulting techniques that are
compared are:

• a one-pixel-at-a-time classification performed on each level separately. (Direct)

• a classification performed on each level separately, using a flat MRF model.
(Flat MRF)

• a one-pixel-at-a-time classification, classified hierarchically using the classifi-
cation scheme. (Hierarchical)

• a classification using the TS-MRF technique with the extended tree that re-
sembles the classification scheme. (TS-MRF)

4.2 Results and discussion

Fig. 7 illustrates the classification result of Kalmthoutse Heide, for all 4 levels, using
the hierarchical approach. The six general classes that are present are heathland
classes (purple), forest (dark green), grasslands (light green), sand dunes (yellow),
water bodies (blue) and arable fields (red). Fig. 8 shows a more detailed view
of two small areas (50 × 50 pixels), classified at level 4 using the four strategies.
The hierarchical approach already shows more structure and less noise than the
result classified directly on level 4. Furthermore, we can see that both MRF results
provide smoother thematic maps, yet they also manage to preserve the transitions
between classes with respect to the spectral results. Consider, for instance, the
sandy road structures in the top row results of Fig. 8. Additionally, the TS-MRF
result benefits from the tree structure that reflects the dependencies in the field.

Aside from substantially facilitating visual interpretation, vegetation character-
ization is also improved, as can be seen from the accuracy assessment. Table 2
shows the OA on level 2, 3 and 4, respectively, for the classification result using
all four strategies. Apart from the OA for all the validation plots, the OA for
the homogeneous and the heterogeneous plots are shown separately. Homogeneous
plots are those plots that contain 100% of the same class, so no transitions oc-
cur. Heterogeneous plots are those plots that contain multiple classes, so one or
more transitions occur. Consequently, the homogeneous plots provide information
on how much smoothing has occurred, while the heterogeneous plots, in addition,
show how well transitions have been preserved. The table shows that hierarchi-
cal classification using the classification scheme improves the OA with respect to
direct classification, not only considering the homogeneous plots, but also consid-
ering the heterogeneous plots, especially as we move further down the hierarchy.
The level 4 result shows the largest effect from classifying hierarchically, which is
to be expected, because the hierarchy itself is the most extensive for this level.

The MRF result mainly provides smoothing at the higher levels of the hierarchy
(level 2 and 3), increasing the OA for the homogeneous plots, but less so for the
heterogeneous plots. For these levels, performances of Flat MRF and TS-MRF pro-
vide more similar results. While the differences between the results of the extended
TS-MRF and the flat MRF strategies are very small at level 2 of the hierarchy, the
increase in complexity is equally small. Only when descending down the hierarchy
of the tree, the complexity increases substantially and the effects of the extra pa-
rameters come into play. Additionally, at level 2 and 3, patches of ground cover
are relatively large and homogeneous. In other words, transitions between patches
are more similar, irrespective of the class they belong to. As a consequence, esti-
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mating multiple penalty parameters can be considered unnecessary at these levels,
because the difference between the parameters will not be very large. At level 4, on
the other hand, the benefits of using the hierarchical approach together with MRF
becomes much more clear. Although the accuracies for the homogeneous plots of
Flat MRF and TS-MRF results are comparable at this level, TS-MRF performs
better on heterogeneous plots. Considering all the plots together, TS-MRF provides
the highest overall accuracy on all levels.

5. Conclusion

In this paper, we presented a Tree Structured Markov Random Field technique
based on a tree that reflects the hierarchy of a classification tree built from ecolog-
ical knowledge. This way, the dependencies laid out in a meaningful hierarchical
scheme were incorporated in the classification process, while being further incorpo-
rated as contextual information for the classification. When applied to the classifi-
cation of a large heathland reserve, this method outperformed alternative methods
such as a flat MRF approach and a simple hierarchical classification approach. The
hierarchical classification approach shows improvements with respect to the per-
level classification, as does the extended TS-MRF method, especially on the most
detailed levels of the classification scheme. At the same time, the MRF approach
increases the ease of visual interpretation of the classification results.

Due to the flexibility of the classification scheme, which can easily be fine-tuned
to the local features of any heathland site, we expect that our approach will be well
suitable to map and assess the quality of a variety of heathland areas. Moreover,
the methodology may even prove valuable for other complex ecosystems such as
coastal dunes, scrubland or tidal areas, but this will require further investigations.
Irrespective of its performance in other ecosystems, we have shown that the hi-
erarchical and contextual classification method performs well, and can easily be
combined with the recently developed habitat classification framework. This will
definitely facilitate the mapping, monitoring and the assessment of the conserva-
tion status of natural heathlands, and may ultimately lead to a better management
and conservation of these natural areas.
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tra, L., Mücher, C.A., Paelinckx, D., Scheunders, P. and Kempeneers, P.,
2011, Hyperspectral remote sensing for detailed heathland habitat assessment in the
framework of NATURA 2000. (Preprint).

Hill, M., 1979, TWINSPAN: A Fortran Program for Arranging Multivariate Data in an
Ordered Two-way Table by Classification of the Individuals and Attributes (Ithaca,
NY, USA: Ecology And Systematics, Cornell University).
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Table 2. Overall accuracy for classification results on level 2, 3 and 4 using all four strategies

Direct Hierarchical Flat MRF TS-MRF
Level 2

All plots 67.08% 67.75% 68.56% 68.62%
Homogeneous plots 70.19% 71.10% 74.92% 75.48%
Heterogeneous plots 64.31% 64.76% 62.88% 62.49%

Level 3
All plots 61.19% 63.53% 63.90% 64.55%
Homogeneous plots 62.60% 65.87% 69.80% 70.56%
Heterogeneous plots 60.01% 61.56% 58.95% 59.50%

Level 4
All plots 45.39% 48.54% 50.78% 52.40%
Homogeneous plots 46.37% 48.77% 55.45% 55.04%
Heterogeneous plots 44.59% 48.35% 46.90% 50.21%

C1 C1

C2

C2

4-neighbourhood system 8-neighbourhood system

Figure 1. Single-site (C1) and two-site (C2) cliques, related to the central pixel in a 4-neighbourhood and
a 8-neighbourhood system in a regular lattice, respectively.

1 2 3 4 5

1 2

3 4

5

β15

β13 β24 β35

β14 β25

β12 β23 β34 β45

β1

β2 β3

β4

A B

C

Figure 2. Example of TS-MRF approach for five classes. The left figure shows the non-hierarchical ap-
proach with a penalty parameter for each pair of classes. The right figure shows the TS-MRF approach,
with a single edge penalty parameter for each node.
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no

yes
ωk

Figure 3. Flowchart of the TS-MRF algorithm for a single internal node of the tree

Hdcy Hdca Hdcm Hwe- Hgmd HgmwGt-- Gpap Gpar Gpnd Gpj- Fcpc Fcps Fdb- Fdqz Sb-- Sfgm Sfmc Sfmp Wov- Wou- Acm- Aco-

Hdc Hwe Hgm Gt- Gpa Gpn Gpj Fcp Fdb Fdq Sb- Sfg Sfm Wov Wou Acm Aco

Hd Hw Hg Gt Gp Fc Fd Sb Sf Wo Ac

H G F S W A

Figure 4. The hierarchical tree that follows from the classification scheme

1 2 3

β13

β12 β23

βββ β β β

β ββ
β

β β βββ β

β β

βββ β β β

Figure 5. Illustration of how parameter estimation can be improved by dividing the image in a raster of
small sub-images and estimating one single parameter per sub-image in order to incorporate local variations
(image on the right), rather than estimating one parameter between each pair of classes for the whole image
(image on the left).
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Brussels

Antwerp

Kalmthoutse
              Heide

Belgium

N

E

S

W

Figure 6. Geographical situation of the study area, and true colour AHS mosaic image of the study area,
used in this study. Urban areas were masked out prior to classification.
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1km0

(a) True colour

H G F S AW

(b) Level 1

Hd Hw Hg GpGt Fc Fd Sb Sf AcWo

(c) Level 2

Hdc Hwe Hgm GpaGt- Gpn Gpj Fcp FdqFdb Sb- Sfg Sfm AcmWouWov Aco

(d) Level 3
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ABSTRACT
In the remote sensing domain, data from many different
sources are often available. Each of these data sources are
characterized by their own sensor-specific and platform-
specific properties, for instance spectral range, or spatial and
spectral resolution. In this paper, we consider a low spatial,
but high spectral resolution satellite image, together with a
high spatial resolution RGB color image of the same area,
e.g. obtained by UAV. Spatial features are extracted from
the color image by combining the three color bands R, G
and B, ordering these color vectors, and introducing color
mathematical morphological profiles accordingly. This way,
the spatial information contained in the correlation between
the different bands is taken into account, completely preserv-
ing the shapes. In a classification experiment, the extracted
color morphological profiles are combined with the spectral
features of the hyperspectral image. We show that spatial
characterization of the color image is improved, compared
to extracting the morphological profiles of each of the color
bands separately.

Index Terms— Remote sensing, Classification, Multi-
source images, Color, Morphological profiles

1. INTRODUCTION

Over the years, a large number of methods has been devel-
oped to combine the information gained from all of these
sources, in order to improve classification results, generally
referred to as data fusion. One typical approach of data fu-
sion is data-level fusion, for instance the fusion of a high spa-
tial resolution panchromatic image together with a low spatial
resolution hyperspectral image, in order to obtain a single im-
age with higher spectral and spatial resolution, respectively
[1]. Another typical approach is decision-level fusion, i.e.
the process of improving classification by combining prelim-
inary classification results from multiple data sources [2]. In
feature-level fusion, several feature sets are integrated before
performing classification [3].

A specific situation in which the use of multi-source data
emerges, is the case in which either satellite or aerial hyper-

spectral imagery are available, together with data from Un-
manned Aerial Vehicles (UAV). Typically, aerial/satellite im-
ages show a high spectral, yet low spatial resolution. UAV,
on the other hand, are often equipped with relatively low-cost
RGB cameras, that, in spite of their low spectral resolution,
deliver images with very high spatial detail in the sub-meter
or even sub-decimeter range [4]. A suitable way of combining
images from both sources, is to extract contextual informa-
tion from the spatially detailed image and perform feature-
level fusion with the spectral information of the hyperspec-
tral image. As a strategy for extracting contextual informa-
tion, [5] introduced the concept of the morphological profile
(MP) to analyze the structure of an image, derived from high-
resolution panchromatic images. A single morphological fea-
ture is generated by performing a morphological opening or
closing by reconstruction on the original image. The MP
consists of multiple morphological features, generated with
a structuring element of increasing size. In [6], the MP con-
cept is extended to high-resolution hyperspectral images, by
considering several of the principal components (PC) of the
image and generating a MP for each of these PC separately.
By combining all these MP, an extended morphological pro-
file (EMP) is constructed.

In this paper, a MP is generated from a very high reso-
lution RGB color image. However, contrary to the EMP, the
color bands are not treated separately, but processed simulta-
neously using color morphology concepts, in which the well-
known grayscale morphological operators are extended. Most
important thing is not what spatial features are extracted, but
most important is that the spatial data bands are treated as
a whole instead of treating them separately to obtain spatial
features. By treating the RGB components as vectors, the cor-
relations between the bands are preserved, such that no dis-
turbing artefacts are introduced by the operators. The integra-
tion of high spatial and spectral data is necessary to achieve
accurate mapping and detection results. The resulting MPs
are combined with the spectral features from the hyperspec-
tral image and then classified using support vector machines
(SVM). The classification results are compared to classifica-
tion results using only the spectral features, classification re-
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sults of the hyperspectral image directly concatenated with
the three bands of the RGB color image, and, finally, results
from classifying the hyperspectral image combined with MPs,
generated by treating the R, G and B bands as independent.
An overview of recent advances in techniques for hyperspec-
tral image processing can be found in [7].

2. COLOR MORPHOLOGICAL PROFILES (CMP)

Mathematical morphology was originally developed for bi-
nary images. There exist different approaches for the exten-
sion of binary morphology to morphology for greyscale im-
ages. For more information about mathematical morphology
we refer to [8].The extension towards color images is not at all
straightforward. A first way to apply morphological operators
for greyscale images to color images is the component-based
approach of processing the morphological operators on each
of the color components separately. But this approach often
leads to artefacts because the existing correlations between
the different color components is entirely lost. This correla-
tion can be preserved by looking at the colors simultaneously,
namely as vectors, and order these color vectors in the color
model.

In [9], we have defined a new RGB color ordering≤RGB .
The colors in a RGB image can be sorted from dark to light,
with respect to their distance to the centre m(1/2, 1/2, 1/2)
of the RGB cube (as the middle of the black and white top)
and from this point it can be determinded if colors are lying
close to black or close to white. The morphological operators
can then be extended to vector-based operators acting on color
images, see [10]. For a color image A and a binary structur-
ing element B, we have defined the vector-based ‘color’ dila-
tion ~D(A,B), the vector-based ‘color’ erosion ~E(A,B), the
vector-based ‘color’ opening ~O(A,B) and the vector-based
‘color’ closing ~C(A,B). No false colors are introduced, and
what is more, more details from the original color image are
preserved and thus visible.

We now give definitions for the geodesic dilation, geo-
desic erosion, reconstruction by dilation, reconstruction by
erosion, opening by reconstruction and closing by reconstruc-
tion in order to determine the color morphological profiles
(CMP). The geodesic dilation ~D1

G(A,B) of size 1 with re-
spect to a mask G is defined as

~D1
G(A,B) = ~D(A,B) ∧RGB G.

The geodesic dilation of size n is obtained by performing n
successive geodesic dilations of size 1. Analogously, the geo-
desic erosion ~E1

G(A,B) of size 1 with respect to G is defined
as

~E1
G(A,B) = ~E(A,B) ∨RGB G.

Here ∧RGB and ∨RGB are the associated minimum and max-
imum operators based on the vector color ordering≤RGB , see

[9]. The reconstruction by dilation of A with respect to G is
performed by repeating a geodesic dilation of size one until
~Dn+1
G (A,B) = ~Dn

G(A,B), i.e. stability is achieved,

Rec ~DG(A,B) = ~Dn
G(A,B).

The reconstruction by erosion of A with respect to G is
performed by repeating a geodesic erosion of size one until
~En+1
G (A,B) = ~En

G(A,B),

Rec ~EG(A,B) = ~En
G(A,B).

Opening by reconstruction and closing by reconstruction are
defined so that if the structure of the image cannot contain
the structuring element B, then it is totally removed, else it is
totally preserved.
Opening by reconstruction of a color image A is defined as
the reconstruction by dilation of A from the erosion of size n
of A

Rec ~On(A,B) = Rec ~DA( ~En(A,B), B).

Closing by reconstruction of a color image A is defined as the
reconstruction by erosion of A from the dilation of size n of
A

Rec ~Cn(A,B) = Rec ~EA( ~Dn(A,B), B).

Finally, we define the opening profile ~OP and the closing pro-
file ~CP at a pixel x of the image A as the n-dimensional vec-
tors

~OPi(x) = Rec ~Oi(A,B)(x),∀i ∈ [0, n];

~CPi(x) = Rec ~Ci(A,B)(x),∀i ∈ [0, n].

The color morphological profile ~CMP of the color image
A is constructed by performing a series of opening and clos-
ings by reconstruction with increasing structuring element:

~CMP (x) =( ~CPn(x), ~CPn−1(x), ..., ~CP1(x),

A(x), ~OP1(x), ..., ~OPn−1(x), ~OPn(x)).

Each of these elements is a three-dimensional vector, so in
total, a 3 × (2n + 1)-dimensional feature vector is obtained,
containing spatial information. The CMP’s of the high spatial
resolution color image are added to the spectral features of
the hyperspectral image.

3. EXPERIMENTS

In our experiments, the Washington DC Mall image from the
Hyperspectral Digital Imagery Collection Experiment (HY-
DICE) sensor is applied. The range of 400nm-2400nm is
covered by 191 spectral bands, after removal of the water ab-
sorption bands. Seven classes are defined, namely roof, street,
path, grass, trees, water and shadow. For these classes, more
than 8000 ground reference points are available in a total of
59 plots. All classification results are produced using SVM.
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(a) Truecolor image (b) Spectral (c) Spectral + RGB

(d) Spectral + MP (e) Spectral + CMP
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Water

Shadow

Fig. 1. Classification results for Washington DC Mall data set.

Classification accuracy is assessed by splitting the collection
of ground reference plots in a training and validation set, cor-
responding to the hold-out strategy.

A truecolor image, extracted from the hyperspectral data
set is considered as the high spatial resolution RGB color im-
age. The spatial resolution of the hyperspectral image, in turn,
is downscaled by a factor of four, by averaging all the pixel
values that contribute to the output pixel. The resulting im-
age is considered as the low spatial resolution hyperspectral
image. In order to concatenate the contextual and spectral
features, the low spatial resolution hyperspectral image is up-
scaled again by a factor of four, using cubic convolution.

Figure 1 depicts part of the classification result for the
Washington DC Mall set. The results shown are using, re-
spectively, only spectral features from the hyperspectral im-
age (“Spectral”), spectral features concatenated with the high
spatial resolution RGB image (“Spectral + RGB”), spectral
features concatenated with MPs calculated independently for
the red, green and blue bands (“Spectral + MP”) and spec-
tral features concatenated with the CMP (“Spectral + CMP”).
Clearly, despite some thematic misclassification, “Spectral +
MP” and “Spectral + CMP” show the highest spatial detail.
However, for the “Spectral + MP” result, false color artefacts
caused the water basin in the centre to be completely misclas-
sified as “Shadow”.

Table 1 shows the overall accuracy and the Kappa coeffi-
cient for the various classification strategies. These numbers
confirm the visual results, with the “Spectral + CMP” return-
ing the largest overall accuracy of 93.9% and a Kappa coeffi-
cient of 90.9%.

Table 1. Accuracy of the classification results for Washington
DC Mall data set.

Overall accuracy Kappa coefficient
Spectral 84.7% 78.4%
Spectral + RGB 90.3% 85.9%
Spectral + MP 93.4% 90.2%
Spectral + CMP 93.9% 90.9%

4. CONCLUSIONS

This abstract demonstrates how classification of hyperspec-
tral data benefits from including contextual information us-
ing morphological profiles. In this work, these morphologi-
cal profiles are extracted from a high spatial resolution color
image. Furthermore, the profiles are generated by treating the
RGB color components as vectors, thereby avoiding the intro-
duction of artefacts. Experiments confirm that the introduc-
tion of these artefacts do indeed have an effect on the clas-
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sification, leading to thematic misclassification. Compared
to the other strategies investigated in this work, the proposed
method results in the highest accuracies.
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ABSTRACT

This work introduces a method to extract attribute profiles
from RGB color images with high spatial resolution, for
instance images acquired from Unmanned Aerial Vehicles
(UAV). The resulting Color Attribute Profiles (CAP) are in-
tended to improve the classification of low spatial resolution
hyperspectral images by merging the attribute features with
the spectral features of the hyperspectral image. Instead of
treating the R, G and B bands separately, the color image
is transformed into CIE-Lab space. In this color space, at-
tribute profiles are extracted from the ‘L’ band, while the
‘a’ and ‘b’ bands are kept intact, and the resulting images
are transformed back into RGB space. In our experiments,
classification results using this methodology are compared to
classification results using other strategies for extracting at-
tribute profiles in CIE-Lab space, as well as regular grayscale
attribute profiles.

Index Terms— Classification, hyperspectral, color, mor-
phology, attributes

1. INTRODUCTION

With the advent of Unmanned Aerial Vehicles (UAV), images
with extremely high spatial resolution have become available
at a relatively low cost. Typically, however, while the spa-
tial detail goes in the sub-meter or even sub-decimeter range,
these UAV are often equipped with simple, light-weight sen-
sors, such as RGB cameras [1]. As a result, the acquired im-
ages show very little spectral detail of the scene under study.
Nevertheless, in order to achieve satisfactory classification
results, sufficient spectral information is invaluable. Hyper-
spectral data have proven to be very useful for adequately
discriminating between detailed materials [2]. Unfortunately,
the high spectral detail of hyperspectral images comes with
the trade-off of a lower spatial resolution. A straightforward
way of combining both data sources, is by extracting mainly
contextual information from the RGB color image, acquired
by a UAV, and using the spectral features from the hyperspec-
tral image. Subsequently, the features from both sources can
be combined and classified to produce a thematic map.

Several strategies have been proposed for extracting con-
textual information from high-resolution images. These
strategies include Markov Random Fields [3], Gabor Fil-

ters [4] and Morphological Profiles (MP) [5]. Recently, the
concept of MP has been generalized to Attribute Profiles
(APs) [6]. Additionally, in [7], the concept of APs is further
extended to high-resolution hyperspectral images, by consid-
ering several of the principal components (PCs) of the image
and generating an AP for each of these PCs. By combination
of all the separate APs, an Extended Attribute Profile (EAP)
is constructed.

In this paper, a Color Attribute Profile (CAP) is generated
from a very high resolution RGB color image. The aim of
this CAP is to take into account the color information that is
present in the image. As a result, areas with a similar tone, but
very distinct brightness can still be easily distinguished. Con-
trary to the EAP, however, the AP is not generated on the ‘R’,
‘G’ and ‘B’ bands separately. Instead, the three bands are pro-
cessed simultaneously. To this end, the original RGB image
is transformed into CIE-Lab color space. In this color space,
an AP is generated for the ‘L’ (Lightness) component, while
the ‘a’ and ‘b’ components, containing the color information,
are kept unchanged. Finally, the processed ‘L’ component and
original ‘a’ and ‘b’ components are rejoined and the image is
transformed back into RGB space, resulting in a CAP.

In a classification experiment, combining attribute fea-
tures from a high resolution RGB image and spectral fea-
tures from a low resolution hyperspectral image, we show
that the classification accuracy benefits from using our CAP,
compared to using a grayscale AP or even compared to other
strategies for gathering AP in CIE-Lab color space, e.g. pro-
cessing all three of the ‘L’, ‘a’ and ‘b’ components separately.

Section 2 provides a brief review of APs. In section 3,
the CAP is introduced. Experiments and results are shown
in section 4. Finally, section 5 summarizes and presents the
conclusions of this work.

2. ATTRIBUTE PROFILES

In [6], morphological attribute profiles (APs) are proposed as
a more general approach to the extraction of contextual infor-
mation from high resolution images than conventional MPs.
Regular MPs depend strongly on the shape of a structural el-
ement and are mostly limited to the characterization of the
scale of objects in the scene. APs, on the other hand, are
not based on a predefined structural element. In addition, de-
pending on the choice of the attributes, various types of struc-
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tural information can be extracted. Possible attributes include
Area, i.e. the size of the regions, Moment of Inertia, which
models the elongation of the objects in the scene, and Stan-
dard Deviation, modeling region homogeneity. For instance,
the Area opening attribute preserves or removes regions from
the image, depending on whether, in this case, the area (here-
after referred to as the criterion) of these regions is larger or
smaller than a predefined value (referred to as the threshold),
respectively. An attribute opening profile is then generated
by acquiring an opening attribute for multiple values of the
threshold. Characterizing an image with several types of at-
tributes leads to a more complete and accurate description of
the spatial structures compared to conventional MPs.

In practice, the construction of APs is based on attribute
filters, as introduced by Breen and Jones [8], which test an in-
creasing criterion on the connected components of the image.
In the simple case of a binary image, a connected compo-
nent is a set of pixels in which each pair of pixels is con-
nected according to a connectivity rule, e.g. the four- and
eight-connectivity, where a pixel is said to be adjacent to four
or eight of its neighboring pixels, respectively. A criterion T
is increasing if the fact that region C satisfies T implies that
region D satisfies T , given that C ⊆ D. If the increasing cri-
terion is not met for a connected component, it is completely
removed. Vice versa, if the criterion is met, the connected
component is completely preserved.

More formally, the binary connected opening Γx(X) of a
binary image X extracts the connected component to which
the pixel x belongs and removes all the other connected com-
ponents. The binary trivial opening ΓT (C) of a connected
component C with criterion T returns the component C if C
satisfies T , while C is removed otherwise. Finally, the binary
attribute opening ΓT (X) of X with criterion T is given by

ΓT (X) =
⋃

x∈X

ΓT [Γx(X)] . (1)

From equation (1), it is clear that the attribute opening is
equivalent to performing a trivial opening on all connected
components in the image, i.e. removing all connected compo-
nents that do not meet the criterion. All the definitions above
can be extended to the respective dual transformations, to de-
termine the binary attribute closing. Generally, if the criterion
is non-increasing, we no longer speak of opening and closing,
but of thinning and thickening.

The extension from binary to grayscale attribute operators
is possible by thresholding a grayscale image at each of its
graylevels. This way, a stack of binary images is constructed.
On each of these binary images, the binary attribute operators
are applied. The grayscale attribute opening of a grayscale
image I is then given by the maximum graylevel of the results
of the filtering for each pixel,

γT (I)(x) = max{k|x ∈ ΓT [Thk(I)]}, (2)

where Thk(I) is the binary image obtained by thresholding I

at graylevel k. The grayscale attribute closing of a grayscale
image is defined analogously.
To conclude, the attribute opening profile ΠγT (I) for a family
of increasing criteria T = {Tλ, λ = 0, . . . , n}, where Tλ is
the criterion with threshold value λ, is defined as

ΠγT (I) = {ΠγTλ |ΠγTλ = γTλ(I),∀λ ∈ [0, . . . , n]}. (3)

Once again, the attribute closing profile is defined analo-
gously. For further details, the reader is referred to [6].

3. COLOR ATTRIBUTE PROFILES

Similar to grayscale MPs, the extension of grayscale APs to
multichannel images is not straightforward, because there is
no unambiguous means of defining the minimum and maxi-
mum values between two vectors of more than one dimension.
A simple way to extend the APs to multichannel data con-
sists in applying the approach for grayscale images on each
channel separately, a strategy referred to in literature as the
marginal approach [9]. However, in marginal processing, the
correlation among different channels, along with all extra in-
formation that could be used in order to improve the quality
of the result, is completely ignored.

A possible solution to this problem consists in applying a
decorrelation transformation prior to using marginal process-
ing for calculating the APs [10]. Principal Component Analy-
sis is implemented in [7] as a decorrelation transformation for
hyperspectral images, followed by a marginal calculation of
APs on the first PCs, which results in an EAP. For color im-
ages, on the other hand, more data specific color space trans-
formations exist to perform decorrelation of the ‘R’, ‘G’ and
‘B’ bands, for instance the transformation to CIE-Lab color
space, which is strongly related to human vision.

Working in CIE-Lab color space, the ‘L’ component,
which holds the luminance (intensity), is the most suitable
for extracting APs, because it largely contains the contour in-
formation of the objects in the image [11]. Working with the
hue information, which is contained in the ‘a’ and ‘b’ compo-
nents, is only desirable in situations where we are interested
in objects of a specific color. Consequently, in this work, the
luminance component ‘L’ has been used to find the grayscale
APs, while, to avoid the loss of color information, the ‘a’ and
‘b’ components are unprocessed. Recombining the ‘L’ APs
with the original ‘a’ and ‘b’ components and transforming the
image back into RGB color space, results in Color Attribute
Profiles (CAPs). Each CAP has nearly the same correlation
among its three components as the input color image. The
original color information of the remaining objects are pre-
served and, as a result, regions with similar luminance, but
distinct color information can still be distinguished. In the
following experiments, our proposed method is compared to
other strategies for extracting APs from color images.
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Fig. 1. Color Attribute profiles: CAP1, CAP2, CAP3

4. EXPERIMENTS AND RESULTS

4.1. Experimental setup

In our experiments, hyperspectral data from the Reflective
Optics System Imaging Spectrometer (ROSIS-3) are used.
The number of bands of the ROSIS-3 sensor is 115 with a
spectral range from 430nm to 860nm. The training and test
sets are collected in the area around the University of Pavia,
Italy. Each band has 610 rows and 310 columns. 12 noisy
bands have been removed, and the remaining 103 spectral
channels are used for classification. A truecolor RGB image
is extracted from the hyperspectral image. To simulate the
situation where we have a high spatial resolution color image
and a lower spatial resolution hyperspectral image, the hyper-
spectral image is subsequently downscaled by a factor of 5,
using a Gaussian filter.

APs are extracted using Matlab and classification is done
through an SVM classifier with an RBF kernel using LIB-
SVM [12] and the ImageSVM front-end for ENVI/IDL [13].
Three different attributes are used to construct the attribute
profile: 1) Area; 2) Moment of Inertia and 3) Standard Devia-
tion. Following values of λ are used to find the Area attribute:
49, 169, 361, 625, 961, 1369, 1849, and 2401. For the Mo-
ment of Inertia, following thresholds are used: 0.2, 0.3, 0.4,
0.5, 0.6, 0.7, 0.8, and 0.9. The Standard Deviation attribute is
built with the following threshold values: 5, 10 and 15.

In order to compare the classification performance of
the proposed CAPs, hereafter referred to as CAP1, other
approaches for extracting APs from an RGB color image
have been implemented. In addition to grayscale APs, using
a grayscale image directly generated from the RGB image
(Gray AP), and APs calculated on the ‘L’ component, with-
out recombining with ‘a’ and ‘b’ (L AP), two other strategies
were used that result in a (pseudo-)Color AP. These strategies,
as depicted in Fig. 1, include the original ‘L’ component, re-
combined with marginal processed ‘a’ and ‘b’ components
(CAP2), and APs resulting from marginal processing of ‘L’,
‘a’ and ‘b’ components (CAP3), both transformed back into
RGB space. To merge the features after calculating the APs
of the high resolution RGB image, the hyperspectral image

(a) University Area (b) Classification Result

Fig. 2. ROSIS data and classification result using Hyperspec-
tral Data and CAP1.

is upscaled again by a factor of 5, using cubic convolution.
Finally, the resulting features are classified into 9 classes.
In addition, the APs from the various strategies are also
classified separately, without merging with the hyperspectral
image.

4.2. Classification results

Table 1 provides a summary of the classification accuracies.
From this table, it is clear that CAP1 combined with the hy-
perspectral data yields the highest overall accuracy and the
highest kappa coefficient. A thematic map for this classifica-
tion result is depicted in Fig. 2. In addition to the contours
present in CAP1, the preserved colors clearly add a great deal
of information. This can be seen very well when comparing
with the accuracies of ‘Gray AP’ and ‘L AP’. Not only do
these results produce relatively low accuracies when classify-
ing without merging with the hyperspectral features, but the
accuracies also don’t end up as high after concatenation.

Considering CAP2, the accuracies when classifying be-
fore stacking with the hyperspectral data is reasonably good.
However, after stacking, improval is minimal, leading us to
the conclusion that these profiles add a lot of redundant infor-
mation to the hyperspectral image. Indeed, not a lot of useful
structural information is extracted from the image, because
the ‘L’ component in CIE-Lab space is not altered.

CAP3, finally, displays high accuracies, both before and
after stacking with the hyperspectral data, yielding results that
are only slightly lower than CAP1. This is not a surprise, be-
cause the methodology to produce CAP3 is the most similar
to the construction of CAP1. Just like in CAP1, structural in-
formation is extracted from the ‘L’ component and the ‘a’ and
‘b’ components are not discarded as well. However, in CAP3,
APs are constructed for the latter two components. Conse-
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Table 1. Classification Accuracies
Algorithm Overall Kappa

Accuracy OA Coefficient κ
Hyperspectral Only 87.77% 0.8423
Hyperspectral + CAP1 91.54% 0.8897
CAP1 77.93% 0.7194
Hyperspectral + CAP2 84.22% 0.7998
CAP2 83.52% 0.7875
Hyperspectral + CAP3 91.37% 0.8875
CAP3 76.02% 0.6989
Hyperspectral + Gray AP 89.67% 0.8664
Gray AP 66.4% 0.5823
Hyperspectral + L AP 88.95% 0.8573
L AP 68.23% 0.6038

quently, while the differences are small, this result demon-
strates that preserving the color information is more beneficial
than trying to extract contextual information from it.

5. CONCLUSION

This paper demonstrates how classification of multi-source
data benefits from including contextual information using
color morphological attribute profiles. In this work, attribute
profiles are extracted from a high spatial resolution RGB color
image in order to improve the classification of a low spatial
resolution hyperspectral image. Instead of working on the R,
G and B bands, the color image is transformed into CIE-Lab
color space. In this color space, color attribute profiles are
generated by constructing grayscale attribute profiles for the
‘L’ component, while the ‘a’ and ‘b’ components retain their
original content. The resulting components are subsequently
converted back into RGB space and concatenated with the
hyperspectral features. In a classification experiment, the
approach is compared to other strategies for generating color
attribute profiles and to the use of grayscale attribute profiles.
The experimental results show that our proposed strategy
displays the highest classification accuracy.
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Abstract

A new procedure for quantitatively assessing the geometric accuracy of the-
matic maps, obtained from classifying hyperspectral remote sensing data, is
presented. More specifically, the methodology is aimed at the comparison
between results from any of the currently popular contextual classification
strategies. The proposed procedure characterises the shapes of all objects
in a classified image by defining an appropriate reference and a new qual-
ity measure. The results from the proposed procedure are represented in
an intuitive way, by means of an error matrix, analogous to the confusion
matrix used in traditional thematic accuracy representation. A suitable ap-
plication for the methodology is vegetation mapping, where lots of closely
related and spatially connected land cover types are to be distinguished.
Consequently, the procedure is tested on a heathland vegetation mapping
problem, related to Natura 2000 habitat monitoring. Object-based map-
ping and Markov Random Field classification results are compared, showing
that the selected Markov Random Fields approach is more suitable for the
fine-scale problem at hand, which is confirmed by the proposed procedure.
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1. Introduction

In the past decades, classification of hyperspectral imagery has become
a major research topic in the remote sensing field. Over the years, a multi-
tude of algorithms has been developed and applied (Lu and Weng, 2007). In
addition, especially considering the strong increase in spatial resolution, re-
searchers have acknowledged the benefits of including contextual information
in the classification process. Indeed, instead of only considering isolated pix-
els, experiments have shown that also taking into account information from
neighbourhood relationships potentially leads to higher classification accura-
cies (Dell’Acqua et al., 2004). Furthermore, the results are often smoother,
show a clearer delineation of the boundaries between classes, and, as a result,
are much easier to interpret.

Among the many implementations for including contextual information,
three major strategies can be identified:

• Including morphological or texture information in the feature vectors
together with the spectral information (Murray et al., 2010; Dalla Mura
et al., 2010).

• Incorporating contextual information as prior information in a Bayesian
framework and modelling dependencies between neighbouring pixels as
Markov Random Fields (MRF) (Jackson and Landgrebe, 2002; Tso and
Olsen, 2005).

• Performing classification after first segmenting an image, referred to
as Object-based Image Analysis (OBIA) (Zhou et al., 2009; Yu et al.,
2006).

Regardless of the strategy selected, it is desirable to assess the accuracy
of the classification results. Traditionally, this is done by comparing classifi-
cation results with reference data collected on the ground and, subsequently,
representing the agreement between both sets of data in an error matrix or
confusion matrix (Congalton and Green, 1999). A popular statistical mea-
sure for the agreement of two classification results, derived from the confusion
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matrix, is the Kappa coefficient (Bishop et al., 1977). Unfortunately, collec-
tion of data in the field is very expensive and time-consuming. Consequently,
ground reference data usually consist of a limited number of isolated points,
containing little information on the transitions between classes (Foody, 2002).
As a result, these measures only provide information on the accuracy of the
labels, called thematic accuracy.

Therefore, in addition, visual inspection is often used in practice to assess
the geometric quality of a thematic map, i.e. the accuracy of the class transi-
tions. Unfortunately, this procedure is subjective and does not deliver quan-
titative evidence. Other procedures, which originate from the assessment of
segmentation maps, involve quantitative evaluation of manually delineated
reference objects, which are selected based on the high resolution property of
the aerial or satellite imagery (Esch et al., 2008; Li et al., 2010; Möller et al.,
2007).

Recently, Persello and Bruzzone (2010) have introduced a protocol for
the accuracy assessment of classification results of very high resolution im-
ages. This protocol adequately separates thematic accuracy assessment from
geometric accuracy assessment, in which the former separately measures the
contribution of homogeneous and transition regions. The latter, on the other
hand, is determined by selecting a number of reference objects by photo-
interpretation and using a set of measures to characterise the differences be-
tween the classification map and these reference objects. The set of measures
include oversegmentation, undersegmentation, edge location, fragmentation
error and shape error. Ultimately, thematic and geometric measures can be
combined in a global measure. It should be noted that the delineated ref-
erence objects do not need to contain a single class, nor should all classes
be included in all the reference objects, only those classes for which the ge-
ometric properties are relevant. For further details, the reader is referred to
Persello and Bruzzone (2010).

However, in certain applications, like for instance vegetation monitoring,
it can be very difficult to visually delineate areas on aerial or satellite images
at a scale that is appropriate to the detail of the land cover types under
study. Often, the resulting objects will be too coarse and contain a multitude
of smaller objects of many detailed classes, that cannot be perceived by eye.
For instance, it is possible to manually delineate the transitions between
a heathland and a forest area, transitions that are likely to be correctly
detected by many classification techniques. Within the resulting heathland
object, however, many land cover types (e.g. heather bushes, bare sand, moss
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patches, ...) are spatially interwoven at a very fine scale, most probably
leading to high fragmentation and oversegmentation measures, while shape
and edge correspondence measures are likely to be good, no matter which
classification strategy is used. Nevertheless, the spatial arrangements of these
small objects in the maps products can be very different, depending on the
classification methodology.

Still, knowledge of the constituent land cover types of a habitat object
is often desirable in vegetation monitoring, e.g. to assess and keep track of
the quality of a given habitat area. Moreover, numerous studies have linked
patch characteristics with biodiversity in general and, more specifically, with
vegetation diversity, species distribution and abundance, seed dispersal, ero-
sion and micro-meteorological properties (Favier et al., 2004; Andrén, 1994).
Unfortunately, in field mapping, it is simply too complex and time-consuming
to map all the individual land cover patches. Therefore, field mappers de-
lineate and label objects at a higher level, using e.g. predefined codes for
mosaics, and estimate cover of each of the subtypes in percentage (Bunce
et al., 2008; JNCC, 2007). Cover estimation is, however, known to be highly
influenced by between-observer variation, and can only be improved through
sustained training effort (Gallegos Torell and Glimskär, 2009). Moreover,
this methodology does not provide location-information for each of the land
cover types in the object, leaving thus very little reliable data for monitoring
of changes. Nevertheless, considering the above, patches are often considered
a key factor in the analysis of the landscape mosaic. Consequently, there is
a need to accurately classify vegetation patches and their intricate relation-
ship to each other, without the interference from classification noise. While
remote sensing has the potential to provide very fine-scaled mapping (Xie
et al., 2008), measures to assess their performance are still lacking, especially
considering the geometric properties of small, but meaningful objects.

To close this gap, this paper presents a method that characterises the
shapes of all objects, i.e. patches of connected pixels of the same class, in the
image. The method is directly aimed at assessing the accuracy of the classi-
fication results of any of the aforementioned contextual classification strate-
gies. To this end, a new, relative reference is defined, that allows comparison
of contextual classification strategies that use the same spectral classifier.
The effects of using contextual information are characterised by introduc-
ing measures for the change in edge shapes between objects with respect to
the reference. Moreover, the results are presented in a way that is closely
related to the representation of the confusion matrix, well-known from its
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application in thematic accuracy assessment. Note that the proposed refer-
ence is not absolute, hence it is not intended to be used as an alternative to
the references and methods described above. Rather, it serves as a valuable
addition to these other techniques, because it considers important elements
that these techniques cannot perceive.

Section 2 provides some background on the application the method is
intended to be used with. Section 3 describes the details of the methodology.
Section 4 shows the results of our experiments and discusses these results.
Finally, the conclusions of this paper are presented in section 5.

2. Background

The context in which the method is applied, is a Belgian multidisciplinary
project on habitat status monitoring, called Habistat (Haest et al., 2010).
Elements such as habitat loss, climate change and invasive alien species are
important causes of the current biodiversity crisis. The goal of the Habitat
directive of the European Union is to protect rare or endangered habitats or
species. One of the specific measures is the foundation of the Natura 2000
network (EEC, 1992), an ecological network of protected areas, spread over
the whole continent. Nature conservation for these areas is the responsibility
of the European member states, each of which needs to take appropriate
measures to bring and maintain the sites on their respective territory in a
good conservation status. Moreover, the member states are committed to
report on the status of the Natura 2000 sites, habitats and species on a
regular basis. This way, it is possible to keep track of the trends and take
conservation measures whenever appropriate.

The goal of the Habistat project is to investigate the use of remote sensing
as a tool to aid in Natura 2000 habitat monitoring. However, habitats are
usually not homogeneous vegetation patches of a single or a few dominant
species. Instead, they show a high variety in facies at different scale levels.
At a large scale, the facies of the same habitat may differ between regions
as a result of climatic or soil conditions. But also at a very fine scale, most
habitats are in fact intricate mixtures of different land cover types. Within
the project, a framework has been developed to deal with the complete tra-
jectory, from breaking down habitats into land cover types, to reconstructing
habitat types and their conservation status from land cover classification re-
sults (Haest et al., 2010). As a consequence, land cover classification is a key
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step within the framework, as is its accuracy assessment. Within the project,
the framework has been developed for Western European heathlands.

The amount of detail required to determine the habitat types, and ad-
ditionally, their status, leads to a high number of land cover classes. For
instance, several age classes of Calluna-dominated heathland (young, adult,
old, ...) are to be recognised. While these classes are spatially intertwined at
a very fine scale and, hence, they will most likely benefit from using contex-
tual classification techniques, distinguishing them by visual interpretation of
the image is non trivial. This situation leads to the example from section 1,
where only coarse objects with respect to the detail of the land cover types
can be delineated, while the land cover types form small, yet important, ob-
jects in their own right, which makes this application a perfect candidate for
our proposed accuracy assessment procedure. The next section describes the
methodology used to aid in the accuracy assessment of these types of maps.

3. Methodology

This section describes the proposed methodology, based on the two ele-
ments needed for accuracy assessment, namely a reference (section 3.1) and
a quality measure, to characterise the differences with respect to this refer-
ence (section 3.2). The methodology is specifically aimed at characterising
geometric accuracy, and is therefore to be used together with traditional
methods for thematic accuracy assessment (Congalton and Green, 1999).

3.1. Reference

In section 1, we established that a detailed reference is desirable to im-
prove geometric accuracy assessment, specifically for those applications in
which a visual delineation of reference objects is not feasible, at least not
without selecting objects that are too coarse with respect to the detail of
the land cover types that are the subject of interest. For a good comparison
between multiple contextual classification strategies, all the strategies under
study should use the same spectral classifier. A suitable reference, in that
case, is the classification result using this spectral classifier (i.e. the ‘pixel-by-
pixel’ classification result) without performing any contextual classification.
When using this type of reference, the assumption is made that the desired
shapes are present in the pixel-by-pixel classification result, but at the same
time, they are clouded with noise.
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(a)
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(b)

Figure 1: Two different definitions for assigning labels in an edge map in an eight-connected
neighbourhood: (a) assigning the number of unique class labels that are different from the
class label of the central pixel (b) assigning the number of labels different from the central
pixel label

With respect to the pixel-by-pixel classification result, the desired prop-
erties of the contextual classification techniques are:

• Removing the noise, i.e. increasing the thematic accuracy, as measured
by traditional methods, using independent ground reference data.

• Preserving the shape information, as measured by a suitable quality
measure, using the pixel-by-pixel classification result as a reference.

3.2. Quality measure

Because thematic accuracy is covered by traditional methodology, the
focus is on how to assess shapes in an appropriate fashion. One way to
look at a thematic map is by considering patches or objects, collections of
connected pixels with the same class label. The shape of any of these objects
is characterized by the edges between the object and its neighbours. As a
consequence, the shapes of the objects can be fully represented by an edge
map, using for instance a four-connected or eight-connected neighbouring
system, in which each pixel gets a value according to the complexity of the
edge.

A suitable strategy for reflecting the edge complexity of the objects, is by
assigning to each pixel in the edge map a value corresponding to the number
of unique class labels that are different from the class label of the central pixel
in the thematic map, as illustrated for an eight-connected neighbourhood in
Fig. 1(a). This definition of the edge map is not the same as assigning to
each pixel the number of labels different from the central pixel label, which
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Figure 2: Example of the effect of small object changes to the edge map: (a) edge map
with two single-pixel objects (b) edge map after these single-pixel objects disappeared

is illustrated in Fig. 1(b), once again for an eight-connected neighbourhood.
The latter definition does not adequately reflect how many objects meet at a
certain location and is therefore not a suitable measure for edge complexity.

It follows that the edge maps of both the classification result, using any of
the contextual strategies, and the reference can be compared to characterise
how well the edge shape has been preserved. The definition presented here
provides valuable information on how much each edge changes: Small changes
in patch shapes lead to smaller changes in absolute values of the edge map.
For instance, when an isolated single-pixel patch/object in a homogeneous
region disappears, its edge map value changes from 1 to 0. This is illustrated
in the example of Fig. 2. It is worth mentioning that all objects in the map
are taken into account when deriving the edge map, rather than considering
a limited number of reference objects.

Additionally, an intuitive way of representing this information is by using
an error matrix, allowing the extraction of more information than possible
from a single metric. The categories in this confusion matrix are no longer
vegetation classes, but one of the nine possible values the eight-neighbour
edge map can take. Not only does the confusion matrix indicate which
edges remain the same and which don’t, but it also indicates how drastic
the changes are. Table 1 shows an edge confusion matrix for the example
from Fig. 2, with Fig. 2(a) as the reference and Fig. 2(b) as the thematic map
under study (the observation). The columns of the error matrix correspond
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Observation
Reference
0 1 2 Total

0 20 14 0 34
1 0 25 1 26
2 0 0 4 4

Total 20 39 5 64

Table 1: Example edge confusion matrix

to the reference edge map, while the rows correspond to the observation edge
map. Empty rows have been omitted.

To summarize, the steps of the procedure are:

Step 1. Perform a pixel-by-pixel classification using the same classifier that
will be used for the contextual strategies. The result is selected as
reference.

Step 2. Generate the thematic maps under study using any of the contextual
classification strategies.

Step 3. Generate an eight-neighbour edge map for each of the observations
and for the reference.

Step 4. Construct a new edge confusion matrix for each of the observations,
with respect to the reference.

Once we have obtained all the edge confusion matrices, several measures can
be derived from them. Informative measures, which we have used in our
experiments, include:

• Mean edge complexity: The mean edge complexity C of an obser-
vation map is characterised by the frequencies in the last column of
the edge confusion matrix. For a square matrix M with (n + 2) rows
and columns, where n is the maximum edge value (for instance, n = 8
in case of an eight-connected neighbouring system), M(i, j) represents
the element of M on row i and column j. Then, C is given by:

C =
1

M(n + 2, n + 2)

n∑
i=0

M(i + 1, n + 2) · i (1)

Comparing two maps, a higher mean edge complexity is indicated by
a higher value of C. The mean edge complexity of an observation
map is the average edge value per pixel and, consequently, provides
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information on the scale of the objects in the map. A higher mean
edge complexity corresponds to a map with finer-scaled objects.

• Fragmentation: The element on the first row and first column of the
edge confusion matrix represents the agreement between homogeneous
areas in the observation and in the reference map. Fragmentation F is
defined as the ratio between the amount of pixels in homogeneous areas
of the reference map that are in disagreement with the observation map,
and the total amount of pixels in homogeneous areas of the reference
map:

F =
M(n + 2, 1) −M(1, 1)

M(n + 2, 1)
(2)

High values of F indicate a high fragmentation, meaning that a large
amount of edges in the observation are homogeneous areas in the ref-
erence.

• Oversmoothing: Related to fragmentation, oversmoothing O is de-
fined as the ratio between the amount of pixels in homogeneous areas
of the observation map that are in disagreement with the reference map
and the total amount of pixels in homogeneous areas of the observation
map:

O =
M(1, n + 2) −M(1, 1)

M(1, n + 2)
(3)

High values of O indicate a high oversmoothing, meaning that a large
amount of edges in the reference are homogeneous areas in the obser-
vation.

• Mean edge deviation: For measuring the edge dissimilarity, the el-
ements on the diagonal of the edge confusion matrix are taken into
account, but also the non-diagonal elements and their distance from
the diagonal, because the closer they are, the smaller the changes in
edge complexity with respect to the reference. Edge deviation D(j) is
defined as the Squared Deviation from the diagonal element with edge
value j:

D(j) =
n∑

i=0

M(i + 1, j + 1) · (i− j)2 (4)
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Figure 3: True colour mosaic of the Kalmthoutse Heide study area. White gaps are
masked-out urban regions.

The mean edge deviation D is then the square root of the mean of D(j)
over all j:

D =

√√√√ 1

M(n + 2, n + 2)

n∑
j=0

D(j) (5)

A high value of D indicates a high edge dissimilarity between the ob-
servation and the reference.

4. Experiments and results

The main study area of the Habistat project, is Kalmthoutse Heide, a
Natura 2000 heathland site in the north of Belgium, with a central heath-
land area of more than 10km2. Experiments with our accuracy assessment
strategy are performed on airborne hyperspectral data, obtained in June 2007
with an Airborne Hyperspectral Scanner (AHS) sensor with a ground reso-
lution of approximately 2.5m. The range of 450nm-2550nm is covered by 63
spectral bands. A true colour mosaicked version of the study area is depicted
in Fig. 3. The white gaps are masked-out urban regions. For this area, 1200
ground reference data points were collected in homogeneous plots of at least
10m in diameter at the time of flight. Subsequently, the collected data was
split into a set of training plots and a set of validation plots, following the
hold-out strategy (Bishop, 1995). Each of the data plots were labelled as
one of 24 classes. These classes are listed in Table 2. The pixel-by-pixel
classification result, which serves as the reference for the geometric accuracy
assessment, is produced using a simple Linear Discriminant Analysis (LDA)
classifier (Bishop, 2006). Contextual classification results are produced using
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Figure 4: Thematic maps for part of the study area: (a) True colour image (b) Pixel-by-
pixel classification result (c) Object-based classification result with low scale parameter
(256) (d) Object-based classification result with high scale parameter (2048) (e) MRF
classification result (f) Legend
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Abbreviation Explanation
Hdcy Calluna-stand of predominantly young age
Hdca Calluna-stand of predominantly adult age
Hdco Calluna-stand of predominantly old age
Hdcm Calluna-stand of 2 or 3 mixed age classes
Hwe Erica-dominated heathland
Hgmd Molinia-stand on dry soil
Hgmw Molinia-stand on moist soil
Gt Temporary grassland
Gpap Species-poor permanent agricultural grassland
Gpar Species-rich permanent agricultural grassland
Gpnd Dry semi-natural permanent grassland
Gpj Juncus effusus-dominated grassland
Fcpc Corsican pine forest
Fcps Scots pine forest
Fdb Birch (Betula pendula/pubescens) forest
Fdqz Pedunculate oak (Quercus robur)
Sb Bare sand
Sfgm Sand dune fixated by grasses and mosses
Sfmc Fixated sand dune with predominantly Campylopus introflexus
Sfmp Fixated sand dune with predominantly Polytrichum piliferum
Wov Shallow, vegetated oligotrophic water body
Wou Unvegetated (deep) oligotrophic water
Acm Arable field - maize
Aco Arable field - other crops

Table 2: List of land cover classes

an object-based approach and an MRF approach. For the object-based clas-
sification, the segmentation maps are constructed with an algorithm based on
statistical region merging (Nock and Nielsen, 2004). This algorithm allows
for easy control of the segmentation coarseness through a single dimension-
less scale parameter Q, which is directly related to the statistical complexity
of the model. A higher value of Q corresponds to a higher statistical com-
plexity and results in smaller segmented regions. Classification of the objects
is done using the aforementioned LDA classifier where each object is assigned
the mean spectrum of all its pixels. The MRF classification, on the other
hand, initially starts from a pixel-by-pixel classification result, containing
no contextual information. This classification result is updated iteratively
with class neighbourhood information, estimated from the previous classifi-
cation (Geman and Geman, 1984; Poggi et al., 2005; Thoonen et al., 2009).
The classifier, applied in this case, is the same LDA classifier used above,
corresponding to the requirements of our accuracy assessment procedure.

Shown in Fig. 4 is a part of the classified image, together with the cor-
responding classification results of, respectively, the pixel-by-pixel classifica-
tion, two object-based classification results with the scale parameter Q set
to a low (256) and a very high (2048) value, and the MRF classification
result. From visual inspection, we clearly see that the large-scale object-
based classification delivers a map where a lot of the detail is missing. While
the small-scale object-based result shows much more visually distinguishable
details, even in this case the map is still too coarse. The forest types in
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Per-Pixel Object (256) Object (2048) MRF
OA (%) 71.5 57.5 64.2 74.4
Kappa Coeff. 0.70 0.55 0.62 0.73

Table 3: Thematic accuracies of the classification results

the centre of the image clutter together and the heathland areas form large
homogeneous regions of a single land cover type. The MRF result, on the
other hand, stays much more true to the pixel-by-pixel classification result.
The shapes correspond very closely to what can be visually perceived, yet
the amount of salt-and-pepper noise is considerably reduced. In this partic-
ular case of many small-scale land cover types, the MRF result looks highly
suitable.

4.1. Thematic accuracy

Considering the thematic accuracy for the complete Kalmthoutse Heide
image, Table 3 shows the overall accuracies (OA) and kappa coefficients for
each of the thematic maps. These results confirm our earlier visual impres-
sion, with the coarse object-based map performing the worst. However, also
the more detailed object-based map still performs worse with respect to the
pixel-by-pixel classification result. The MRF result performs the best and
gains in thematic accuracy with respect to the per-pixel result.

4.2. Geometric accuracy

4.2.1. Field Survey

In order to support the hypothesis that the pixel-by-pixel classification
result can be thought of as containing a large amount of the important geo-
metric transitions in the image, albeit clouded by noise, a small field survey
has been performed (small due to the high cost and time consumption of de-
tailed field work), delivering data for four small square areas of 25×25 pixels
and providing information on class transitions absent in the validation data
set. For each of the small areas, the percentage of edge pixels that corre-
spond to an edge in the per-pixel classification result, is calculated. These
results are shown in Table 4. Correspondences are high, complimenting our
hypothesis.

4.2.2. Results

Table 5, 6 and 7 show edge confusion matrices for the rough-scale object-
based classification result, the fine-scale object-based result and the MRF
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Area Edge correspondence
1 75%
2 72%
3 72%
4 82%

Table 4: Percentage of edge pixels in the field survey areas that correspond to edge pixels
in the pixel-by-pixel classification result.

result, respectively. From these matrices, useful information about the per-
formance of the contextual classification strategies can be extracted:

• The complexity of the edges for the object-based maps can be observed
by the numbers on the last column. Clearly, the rough-scale result
has a very low edge complexity compared to the MRF result. These
observations are confirmed when we look at the derived measures in
Table 8. The mean edge complexity of the coarse object-based map is
very close to 0, while the edge complexity of the MRF result is closer
to 1.

• The elements on the first row and first column of the error matrices
represent the agreement between homogeneous areas in the observa-
tion and in the reference map. As is to be expected, this agreement
is larger for the rough-scale object-based result than for the fine-scale
object-based map, because larger objects imply less edges and, there-
fore, more homogeneity. However, the MRF result shows much more
agreement than the object-based results, even though the object-based
maps contain approximately double the amount of homogeneous areas.
Table 8 confirms this observation: The oversmoothing measure of the
MRF result is the lowest, and so is its fragmentation measure.

• The largest values for the object-based results can almost always be
found in the first row of the edge confusion matrix, implying that a lot

Observation
Reference

0 1 2 3 4 5 6 7 8 Total
0 1062691 1390360 912161 486575 186341 46660 7460 681 30 4092959
1 26424 118928 180646 159764 89053 30192 6324 795 31 612157
2 437 3241 7777 9249 6592 2906 798 132 9 31141
3 0 64 162 217 200 110 24 4 0 781
4 0 1 2 0 0 0 0 0 0 3
5 0 0 0 0 0 0 0 0 0 0
6 0 0 0 0 0 0 0 0 0 0
7 0 0 0 0 0 0 0 0 0 0
8 0 0 0 0 0 0 0 0 0 0

Total 1089552 1512594 1100748 655805 282186 79868 14606 1612 70 4737041

Table 5: Edge confusion matrix for rough scale object-based classification (Q =256)
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Observation
Reference

0 1 2 3 4 5 6 7 8 Total
0 1047139 1288438 800805 409516 151994 37752 6118 602 31 3742395
1 41350 215773 279910 222877 114805 36012 7103 815 32 918677
2 1050 8243 19547 22661 14760 5822 1316 184 7 73590
3 13 138 476 741 618 276 67 11 0 2340
4 0 2 10 10 9 6 2 0 0 39
5 0 0 0 0 0 0 0 0 0 0
6 0 0 0 0 0 0 0 0 0 0
7 0 0 0 0 0 0 0 0 0 0
8 0 0 0 0 0 0 0 0 0 0

Total 1089552 1512594 1100748 655805 282186 79868 14606 1612 70 4737041

Table 6: Edge confusion matrix for fine scale object-based classification (Q =2048)

Observation
Reference

0 1 2 3 4 5 6 7 8 Total
0 1088558 690116 203471 50897 9199 1072 58 3 0 2043374
1 992 817662 436580 152468 35763 4773 395 20 1 1448654
2 2 4802 455551 231968 66269 10955 1072 65 3 770687
3 0 14 5118 217173 88909 18011 1958 118 5 331306
4 0 0 28 3282 80921 23600 3070 196 10 111107
5 0 0 0 17 1118 21167 4179 342 5 26828
6 0 0 0 0 7 290 3843 456 7 4603
7 0 0 0 0 0 0 31 409 25 465
8 0 0 0 0 0 0 0 3 14 17

Total 1089552 1512594 1100748 655805 282186 79868 14606 1612 70 4737041

Table 7: Edge confusion matrix for MRF classification

of the complexity in the reference map corresponds simply to homoge-
neous areas in the object-based observations. The MRF result, on the
other hand, has its largest values very close to the diagonal, implying
high similarity, and only small changes in edge complexity. Once again,
this is confirmed by Table 8, where we see that the mean edge deviation
of the MRF result is lower than 1. For both object-based results, this
deviation is closer to 2.

Summarizing, these error matrices and the derived measures show that
the shapes of the objects in the MRF result are much closer to the shapes of
the objects in the reference map. Additionally, where the edge map values
are different, these differences are much smaller than for the object-based
results. Combined with the thematic accuracy, which is the highest for the
MRF classification, it follows that the MRF result is clearly the most suitable
of the compared methodologies, for this particular application, showing both
a high thematic and a high geometric accuracy. However, it is important
to notice that the selected object-based approach is not representative for
all object-based strategies. While the parameter of the statistical region
merging algorithm controls the statistical complexity of the model and, as
a consequence, the scale of the objects, there is no direct control over the
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Measure Value
Object (256) Object (2048) MRF

Mean edge complexity 0.14 0.23 0.97
Fragmentation 0.025 0.039 0.0009
Oversmoothing 0.74 0.72 0.47

Mean edge deviation 1.85 1.78 0.97

Table 8: Measures derived from the edge confusion matrices

size of the segmented regions. Moreover, the resulting scale is not directly
proportional to the value of the parameter. As a result, even a very high
scale parameter results in regions that are too coarse with respect to the
scale of the vegetation patches. However, the performance of this particular
algorithm may vary as well depending on the data set and the classification
problem at hand.

5. Conclusions

In this paper, a quantitative procedure for assessing the geometric accu-
racy of thematic maps, produced by modern contextual classification method-
ologies, was introduced. The method is built upon the selection of a detailed
reference, the per-pixel classification result generated with the same spec-
tral classifier as the contextual maps, and a new measure to characterise the
change of object shapes with respect to the reference. The procedure is not
stand-alone, but is intended as an extension to traditional methodology for
measuring thematic accuracy, and can also be used together with some of the
other recent methodologies for assessing geometric accuracy. With respect to
these other methods, the proposed procedure is especially useful, when visual
delineation of reference objects is too coarse in comparison with the spatial
detail of the classes. Such a situation is typical for vegetation mapping prob-
lems with lots of land cover types, that form spatially complex and visually
imperceivable patterns. The application in this paper, related to detailed
land cover mapping (24 classes) of heathland areas for Natura 2000 habitat
monitoring purposes, belongs to this type of vegetation mapping problems.
In the experiments, classification is performed using two popular contex-
tual strategies, object-based classification and Markov Random Fields. The
results show that, for this particular application, the selected object-based
classification strategy, even with a very fine scale parameter, delivers results
that are too coarse with respect to the land-cover detail, while the subtle
smoothing of the Markov Random Fields result is much more appropriate.
These results are confirmed by the proposed procedure and can be easily
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extracted from the intuitive representation of the results in the form of an
error matrix and a set of measures derived from this matrix. Additionally, a
small field survey was performed to support the hypothesis that allowed us
to use the defined reference.
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ABSTRACT 
Natura 2000 has as main objective the achievement or 
maintenance of a favorable conservation status of habitats 
protected by the EU Habitats directives. Within this 
framework, this study examines a strategy to characterize 
the status of heathland vegetation from airborne 
hyperspectral AHS data in the Kalmthoutse Heide, Flanders, 
Belgium. A hierarchical classification scheme was set-up 
with the highest detail focusing on vegetation structural 
elements that determine the conservation status of the 
habitat. Although conventional classification algorithms 
performed very well (accuracies > 90%) in discriminating 
broad land cover classes and habitat types (level 1 to 3), 
they failed in accurately distinguishing different heather age 
classes which are an important indicator for the structural 
quality of the heathland habitat (level 4). Since all heather 
life stages have their specific structural characteristics, a 
subpixel unmixing approach succeeded by a decision tree 
classification was implemented to map variations in 
heathland morphology and as such enhance the ecological 
value of information derived from remote sensing data.    
 

Index Terms— Natura 2000, unmixing, classification, 
AHS hyperspectral data, habitat status  

 
1. INTRODUCTION 

Intensification and industrialization of agricultural land use 
leads to serious losses of biodiversity. This problem has 
been recognized by environmental policies which has 
resulted in the liability of European Member States to 
maintain or restore the natural habitats and species of wild 
fauna and flora of Community interest [1]. Besides aiming 
to preserve habitats and species in a coordinated network, 
another main challenge for Natura 2000 network 
implementation is the design of accurate, simple and 
repeatable methods for habitat and species monitoring. Till 
now, most ecotope mapping tasks are derived from field 
observations in combination with aerial photo interpretation. 

This survey driven approach is labor-intensive and time 
consuming, and hence not suitable to be done frequently. 
Consequently, given the extent of the protected areas, 
remote sensing is often regarded as a valuable, accurate and 
repetitive tool to aid in the mapping and monitoring of 
habitat types and their conservation status assessment.  
Since heathlands are highly valued for a variety of reasons, 
including their value as cultural landscapes, their historical 
associations, their characteristic and frequently endangered 
biodiversity and their value as subjects for ecological study 
and research, many heathland sites, including the 
Kalmthoutse Heide in Belgium, were included in the 
European Natura 2000 program. This study attempts to 
characterize the conservation status of this heathland using 
remote sensing. However, conventional remote sensing 
classification methods still suffer from important limitations 
for detailed heathland  status mapping in several aspects.   

One major limitation is the degree of detail that can be 
monitored by conventional remote sensing classification 
methods. Pixel based classification methods lack the ability 
of acquiring detailed information, such as the age structure 
of the heather, an important factor for conservation status 
decision making. The life cycle of heather (Calluna 
vulgaris) can be described in terms of a pioneer, building, 
mature and degeneration stage [2]. The pioneer stage is 
characterized by small heather cover with other species of 
vascular plants reaching their greatest abundance. In the 
building phase, heather excludes all other species. Mature 
heather is typically less vigorous and the centre of the bush 
begins to open. Finally, in the degeneration stage which 
leads to death, the plant canopy continuous to open and 
exposes more ground or an undergrowing moss layer. In a 
heathland with a favorable conservation status, all stages of 
heather should be present in different amounts. Because of 
these specific age-related structural characteristics, much 
potential lies in the incorporation of subpixel classification 
or unmixing in the remote sensing study to enable quality 
assessment. Previous research [3], however, indicated that 
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traditional Spectral Mixture Analysis (SMA) failed in 
assessing the influence of phenology of the heather 
vegetation. The current study therefore presents a more 
advanced unmixing approach which includes the inherent 
spectral variability of age class endmembers to improve the 
assessment of the spectral differences in heather age classes 
as a habitat quality indicator at the local level. In first 
instance, efforts have been put on mapping vegetation 
species based on a supervised classification technique 
involving the evaluation of pixels as classification features. 
Afterwards, this classification framework is extended with 
the introduction of subpixel fraction estimates. Resulting 
features, i.e., percentages sand, shadow and heather, can due 
to the specific structural characteristics of heather life cycle 
stages, compensate for a lack of detailed structural or 
phenological information needed to define conservation 
status. Mature heather canopies, for example, are supposed 
to be more closed compared to young heather canopies, 
resulting in less influence of soil in the mixed spectral 
signature. A decision tree classification of the unmixing 
results can as such learn more about the structural 
characteristics of different heather age classes. 
 

2. MATERIALS AND METHODS 
Airborne Hyperspectral line-Scanner radiometer (AHS-160) 
images of the Kalmthoutse Heide, Flanders, Belgium (Lat.: 
51.41° N, Long.: 04.37° E), were acquired in June 2007. 
The AHS sensor was mounted on a CASA C-212 airplane 
operated by INTA, equipped with 63 spectral bands in the 
visual and near-infrared spectral domain (400 to 2500 nm). 
Images with a spatial resolution of 2.4 by 2.4m were 
radiometrically calibrated and accurately geo-referenced. 
Atmospheric correction was performed using software [4] 
equivalent to ATCOR4 [5]. 

The originally acquired AHS images were mosaicked into 
a seamless data product. The atmospheric influence on 
reflectance values caused by off-nadir viewing was reduced 
by using data from the image with the smallest View Zenith 
Angle (VZA) in overlapping areas. This mosaic approach 
can be justified because of the very large overlap between 
neighboring tracks. In order to calibrate the airborne data as 
well as to assess data quality, in-situ data were acquired 
during overflight. Following the user requirement analysis, a 
list of targeted vegetation types was drawn, and 
representative samples of these types were described in the 
field (in homogeneous circles of at least 10 m diameter). 
This list was not only inspired by the habitat types sensu 
stricto, but also by other land cover classes and by 
descriptors of habitat quality.  
 

3. CLASSIFICATION 
A heathland classification scheme was set-up 

hierarchically subdivided in 4 levels. Level 1 consists of 6 
classes representing broad land cover classes: heathland, 

grassland, forest, sand dunes, water and arable land. These 6 
classes are gradually refined into 27 classes at level 4, 
inspired not only by the definitions of the habitat types but 
also by the structures and functions that are crucial for the 
assessment of habitat quality. Classification was restricted to 
the nature area of the Kalmthoutse Heide, i.e., excluding the 
areas specified as agricultural land and built-up area. Also 
water surfaces were restrained from the classification 
analyses, resulting in a total amount of 678 samples to be 
classified till level 4.  

Supervised classification was performed on each level 
using Linear Discriminant Analysis (LDA), and a floating 
search algorithm (SFFS) to select the most relevant features, 
i.e. bands or wavelet features. Sequential floating forward 
selection (SFFS) first picks the variable with the best score 
for a criterion. This criterion can be the result of a 
classification or some measure for class separation. In this 
study, the probability of correct classification is calculated 
on a low dimensional space which is obtained by projecting 
the evaluated feature subset using linear discriminant 
analysis [6]. LDA minimizes the ratio of the within class 
over the between class scatter matrices. After the first 
variable is selected, a second variable is added for which the 
combination of both gives the best score for the criterion, 
and so on.  After each forward step, one or more backward 
steps are taken, i.e., removing a previously selected variable 
to see if the separability measure can be increased at that 
level [7]. This feature extraction algorithm is generic, in a 
sense that it performs well, regardless of the nature and 
complexity of the application and sensor characteristics (i.e., 
number and width of spectral bands) [8]. A ten-fold cross-
validation approach was used to determine the classification 
accuracy.  
 

4. UNMIXING 
Most current airborne hyperspectral sensors are 
characterized by a spatial resolution which limits an 
accurate determination of heather age classes in heathland 
ecosystems. The sub-pixel contribution of soil and shadow 
can help to identify the age class of the heather due to the 
specific structural characteristics associated with each life 
stage. The basic linear SMA describes a mixed spectrum (r) 
as a linear combination of pure spectral signatures of its 
constituent components (i.e., endmembers), weighted by 
their sub-pixel fractional cover and can be formulated as: 

ε+= Mfr   with  1
1

=∑
=

m

j
jf   and  10 ≤≤ jf   (1) 

In Eq. (1) M is a matrix wherein each column corresponds to 
the spectral signal of a specific endmember. f is a column 
vector [f1,…,fm]T denoting the cover fractions occupied by 
each of the m endmembers in the pixel. ε is the portion of 
the spectrum that cannot be modelled. The approach in this 
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study to solve Eq. (1) is the estimation of abundance 
fractions using least squares error (LSE) estimates [9]: 
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In Eq. (2) n is the number of available spectral bands. 
 
  Since it is well-known that traditional SMA fails to fully 
account for the spectral variability associated with spatial 
and temporal changes in soil and heather, this study will test 
the potential of Multiple Endmember Spectral Mixture 
Analysis (MESMA). Roberts et al. [10] proposed this 
algorithm to decompose spectral mixtures by using 
numerous endmember combinations in an iterative 
procedure. MESMA adopts as the best model the one that 
has a smaller root mean square error when compared to the 
spectral curve of the pixel [11].  

Endmembers were extracted from the AHS imagery from 
homogeneous plots identified by field observations. Based 
on the structural differences of different age classes, sand, 
shadow and Calluna heather were selected as endmembers. 
Since the shortwave infrared spectral region (i.e., bands 22-
63) and bands 16 and 17 were dominated by noise, these 
were excluded  from further analysis.     

Sub-pixel fraction estimates obtained by SMA and 
MESMA were subsequently used as input parameter in a 
decision tree classification model to assess the numerical 
trade-offs in endmember cover fractions between the 
different age classes. Tree-based classification was 
performed via the Rpart library [12-13] of the computational 
language ‘R’ (Version R210, 2010) available as freeware. A 
ten-fold cross-validation approach was used to determine 
the classification accuracy and the optimal size of the tree.  
 

5. RESULTS & DISCUSSION 
5.1. Classification 
Table 1 represents the overall accuracy and the kappa values 
of the LDA based supervised classification at the different 
hierarchical levels.  
 
Table 1: Overall accuracy and kappa index of the supervised 
LDA classification at different levels  
 

  Overall accuracy Kappa Index 

Level 1 0.96 0.95 

Level 2 0.94 0.93 

Level 3 0.90 0.90 

Level 4 0.84 0.79 

 
At first sight, these results are promising for all 
classification levels. Broad land cover classes: heathland, 
grassland, forest, sand dunes, water and arable land were 
almost perfectly classified. Also, more detailed habitat types 

(level 2 and 3) were classified with high accuracy. From 
Table 1, it can be decided that also at level 4, good 
classification accuracies were obtained. However, when 
looking more careful into the error matrix of the level 4 
classification performed on a level 3 classified heathland 
map, it becomes clear that most of the level 4 classification 
errors are attributed to a failure in discriminating different 
heather age classes. The error matrix, overall accuracy and 
kappa index of the level 4 classification for the most 
dominant vegetation class, i.e., Calluna vulgaris, is given in 
Table 2. Heather cover in the pioneer stage is labeled Hdcy. 
The building and mature were grouped in one age class, 
Hdca, because the distinction between these groups was not 
always possible in the field. No degeneration stage was 
taken into account, since only a very limited amount of 
ground truth pixels were observed for this class in the 
Kalmthoutse Heide.   
 
Table 2 Error matrix, overall accuracy and kappa index of the 
supervised LDA classification on Calluna vulgaris (Hdca: aged, 
Hdcm: mixed, Hdcy: young).  
 

  CLASS Hdca Hdcm Hdcy  

Hdca 68 28 0 

Hdcm 34 54 1 

Hdcy 3 1 80 
 
Since the presence or absence of different developmental 
stages of Calluna (Hdcm) determines the quality of the 
heather, it can be concluded from Table 2 that the 
conventional LDA classification technique is not optimal for 
detailed conservation status mapping. 
 
5.2. Unmixing 
To enable a more detailed look into heather quality, sub-
pixel unmixing analysis followed by a decision tree 
classification was applied on a level 3 classified heather 
image. Results of the classification of SMA as well as 
MESMA results are given in Table 3 and 4, respectively. 
 
Table 3 Error matrix, overall accuracy and kappa index of 
classified SMA on Calluna vulgaris (Hdca: aged, Hdcm: mixed, 
Hdcy: young).     
 

SMA Hdca Hdcm Hdcy  

Hdca 82 18 0 

Hdcm 9 57 7 

Hdcy 7 7 82 
 
 
 
 
 
 

Overall 
accuracy  

Kappa 
Index 

0.75 0.63 

Overall 
accuracy  

Kappa 
Index 

0.82 0.73 
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Table 4 Error matrix, overall accuracy and kappa index of 
classified MESMA on Calluna vulgaris (Hdca: aged, Hdcm: 
mixed, Hdcy: young).     
 
 
MESMA Hdca Hdcm Hdcy  

Hdca 78 12 10 

Hdcm 17 62 7 

Hdcy 3 8 72 

 
As can be concluded from Table 3 and 4, results are slightly 
better for the tree based classified unmixing approaches 
compared to the supervised classification method. The 
overall accuracy of the traditional SMA classification even 
reaches values above 80%. The lower accuracy of MESMA 
could probably be attributed to a suboptimal selection of 
endmembers in this preliminary study. The decision tree 
shown in Figure 1 represents the outcome of the classified 
unmixing, pruned back to three groups to allow a better 
interpretation.  
 
 
 
 
 
 
 
 
 

Fig. 1 Classification tree of the unmixing results 
 
The endmembers soil/sand and shadow are selected by the 
decision tree model to make a distinction between Hdca, 
Hdcy and Hdcm. Results indicate that heather pixels 
containing less than 13% sand mainly belong to the ‘aged’ 
class. At this stage, heather is indeed dense and well-
established and will cover most of the soil surface. Heather 
pixels with less than 13% sand are categorized in the young 
or mixed class. Young heather plants are small and they do 
not fully cover the underlying soil. The distinction between 
young and mixed habitats is finally made by the degree of 
shadow. Young, little heather plants are likely to cause less 
shadow than mixed pixels and are indeed classified as 
having ‘less than 31% shadow’. Pixels containing more than 
31% shadow are classified as Hdcm. As such, the results 
obtained from this classification exercise can be explained 
by natural heather structure.  
    

6. CONCLUSIONS 
This study illustrates the high potential of remote sensing 
methods for detailed habitat monitoring in the framework of 
Natura 2000. Supervised classification techniques enable an 
accurate mapping of broad habitat classes. A further 
refinement of the analysis towards habitat quality 
assessment has been illustrated by using subpixel unmixing 
techniques. The specific structural characteristics of the 

different heather age classes were thereby used to enhance 
the ecological value of information derived from remote 
sensing data. 
These results are, however, preliminary and further research 
is needed to demonstrate the full potential of techniques 
such as MESMA by e.g., optimizing the endmember 
selection procedure.  
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ABSTRACT: 
 
Habitat monitoring of designated areas under the EU Habitats Directive requires every 6 years information on area, range, structure 
and function for the protected (Annex I) habitat types. First results from studies on heathland areas in Belgium and the Netherlands 
show that hyperspectral imagery can be an important source of information to assist the evaluation of the habitat conservation status. 
Hyperspectral imagery can provide continuous maps of habitat quality indicators (e.g., life forms or structure types, management 
activities, grass, shrub and tree encroachment) at the pixel level. At the same time, terrain managers, nature conservation agencies 
and national authorities responsible for the reporting to the EU are not directly interested in pixels, but rather in information at the 
level of vegetation patches, groups of patches or the protected site as a whole. Such local level information is needed for 
management purposes, e.g., exact location of patches of habitat types and the sizes and quality of these patches within a protected 
site. Site complexity determines not only the classification success of remote sensing imagery, but influences also the results of 
aggregation of information from the pixel to the site level. For all these reasons, it is important to identify and characterize the 
vegetation patches. This paper focuses on the use of segmentation techniques to identify relevant vegetation patches in combination 
with spectral mixture analysis of hyperspectral imagery from the Airborne Hyperspectral Scanner (AHS). Comparison with 
traditional vegetation maps shows that the habitat or vegetation patches can be identified by segmentation of hyperspectral imagery. 
This paper shows that spectral mixture analysis in combination with segmentation techniques on hyperspectral imagery can provide 
useful information on processes such as grass encroachment that determine the conservation status of Natura 2000 heathland areas to 
a large extent. A limitation is that both advanced remote sensing approaches and traditional field based vegetation surveys seem to 
cause over and underestimations of grass encroachment for specific categories, but the first provides a better basis for monitoring if 
specific species are not directly considered.    
 
 

1. INTRODUCTION 

Timely and accurate habitat reporting is vital for monitoring the 
biodiversity and ecological quality of our environment. Within 
Europe, The Pan-European Biological and Landscape Diversity 
Strategy (PEBLDS, Council of Europe, 1996), initiated the 
creation of an ecological network of protected areas in the EU 
covering valuable natural habitats and species of particular 
importance for the conservation of biological diversity, also 
known as Natura 2000 sites. These sites find their legislation in 
Council Directive 79/409/EEC on the Conservation of Wild 
Birds (the EC Birds Directive), in 1979, and Council Directive 
92/43/EEC on the Conservation of Natural Habitats and of Wild 
Fauna and Flora (the EC Habitats Directive). As a consequence, 
EU member states have to embody the targets in their own 
legislation and develop instruments and procedures to achieve 
the goals. Thus, the implementation of the Habitats Directive by 
the designation and appropriate management of ‘Special Areas 
for Conservation’ (SACs) and the accurate reporting on the 
conservation status, which is now obliged every 6 years, is 
currently the main concern for European agencies and for most 
of the national and regional authorities, responsible for nature 
conservation. The assessment of conservation status is based on 
four parameters (European Commission, 2005; ETC/BD, 
2006a): i) area, being the sum of the patches that are actually 
occupied by the habitat; ii) range, being the region in which the 

habitat is likely to occur provided local conditions are suitable; 
iii) specific structures and functions, encompassing indicators 
of habitat quality; and iv) future prospects for the survival of 
the habitat in the member state’s territory. For all these 
parameters, the conservation status needs to be determined as 
‘favourable’, ‘unfavourable-inadequate’ or ‘unfavourable-bad’. 
Criteria and thresholds for identifying the state of a certain 
parameter are provided by the European Commission (2005). 
From the experience of the first assessment on the conservation 
status of habitat types by the EU member states it can be 
concluded that the ‘best available data’ have many 
shortcomings resulting in gaps and inconsistencies in the 
information provided to the EC (ETC/BD, 2008). The 
inconsistency in information is caused by the differences 
between the EU member states in the interpretation of the 
“Explanatory Notes and Guidelines for reporting, assessment 
and monitoring” (European Commission, 2005) and in the 
applied methods for data collection and data analysis. The 
question is how the information gaps can be filled and how the 
inconsistencies in information can be solved for the next 
reporting periods. As the financial sources are limited, there is a 
need for a cost effective (and consistent) approach, making use 
of the best available monitoring methods suited for this 
purpose. Field observations are an important source of 
information for the assessment of the conservation status of 
habitat types, but are both time consuming and costly.  
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Remote sensing observations have an added value and are 
complementary to field observations as they deliver a synoptic 
view and offer the opportunity to provide consistent 
information in time and space. Remote sensing methods and 
especially hyperspectral techniques could be utilized to this 
end, but existing data and classification methods fall short for 
the purposes of habitat reporting in several aspects: i) airborne 
hyperspectral data are suitable but coverage is still limited; ii) 
existing methods have not addressed the issue of habitat 
structure and functioning which is most important for assessing 
habitat quality; and iii) most existing remote sensing 
methodologies have not been tested vigorously for operational 
purposes. Opportunities for space-based remote sensing in 
habitat and biodiversity monitoring at the regional level have 
recently been described in two review papers by Duro et al. 
(2007) and Gillespie et al. (2008). However, monitoring of 
habitat quality at the local level (e.g., structure and function) is 
still a challenging application because this requires methods 
which can deal with complex transitional zones present in 
natural vegetation. As stated by Burnett and Blaschke (2003), 
natural complexity can be best explored using spatial analysis 
tools based on concepts of landscapes as process continuums 
that can be particularly decomposed into objects or patches. 
How we can define consistently our vegetation and/or habitat 
patches will be part of the discussion of this paper. Geospatial 
object based image analysis (GEOBIA), or in other words 
object-based image segmentation and classification concepts 
and tools (Burnett and Blaschke, 2003; Blaschke 2010), are in 
our opinion strong tools to identify the required patches in a 
consistent way. At the same time, instead of looking at 
vegetation as a group of classified patches with sharp 
boundaries, one could also treat compositional variation as a 
continuous field. Schmidtlein et al. (2007) combined ordination 
measures derived from floristic field data with spectral data 
from HyMap to derive continuous maps which represent abrupt 
transitions between habitats as well as within habitat 
heterogeneity and gradual transitions. Another approach for 
continuous field mapping is the use of spectral mixture analysis 
(SMA). This means, that the reflectance of a single pixel is 
considered to be a mixture of end members, each with a specific 
spectrum, for a vegetation or species class presented in the 
pixel. Because the same endmember can be used to analyze a 
time sequence, SMA has the capability to estimate changes in 
abundance (Rosso et al., 2005). The potential to estimate the 
spatial distribution and abundance of species or species groups 
has great value in monitoring aspects related to habitat structure 
and function (e.g., grass encroachment), because changes can 
be detected and quantified. 
This study assesses the integrated use of spectral mixture 
analysis and segmentation techniques based on hyperspectral 
imagery to evaluate the structure and function of a heathland 
ecosystem, with emphasis on grass encroachment. The 
proposed approach was applied on hyperspectral AHS-160 
imagery, to investigate their appropriateness to characterize the 
spatial coverage and configuration of relevant heathland habitat 
types. SMA in combination with segmentation techniques is 
examined as a possible technique that takes advantage of the 
high-dimensional spectral information content of imaging 
spectroscopy data to discriminate continuous processes, such as 
grass encroachment in vegetation patches in complex 
ecosystems. In the discussion we will specifically focus on the 
opportunities for remote sensing to complement the traditional 
vegetation field surveys. 

2. MATERIALS & METHODS 

Study area 2.1 

The Ginkelse and Ederheide is a heathland area in the 
southwestern part of the largest terrestrial Natura 2000 site in 
the Netherlands, called ‘Veluwe’ (91.200 ha). The site has 
central location in the Netherlands, but in the southern part of 
Veluwe. The study area Ginkelse and Ederheide is 
approximately 1000 ha in size and is known for its large area 
covered by Calluna heath vegetation. The Ginkelse Heide is the 
area located south of the main road N224 going from Ede to 
Arnhem. The Eder Heide is located north of this road. In 
addition to its ecological values, it has also archaeological 
values, such as urn fields dating back from 1100 - 500 BC. The 
heathland vegetation developed during the Middle Ages as 
result of agricultural use. For many centuries, the organic layer 
was removed from the surface by sod-cutting. This organic 
layer was transported to a stable, where it was mixed with the 
animal manure and re-used as fertilizer on arable land. Due to 
overexploitation and mismanagement, the sandy soils lost 
fertility and heathland and inland dune systems developed. This 
practice continued until the 19th century in combination with 
intensive sheep grazing. From the beginning of the 20th 
century, the Ginkelse & Ederheide became a military terrain 
and was intensively used for exercises. A historic milestone for 
the area was its use as a landing place for the paratroopers that 
liberated the Netherlands during the operation Market Garden 
in the Second World War. Heavy fighting took place in and 
around this area. During the last 30 years, military use has been 
combined with tourism (e.g., hiking, cycling). As a result 
ecological processes are under pressure and the landscape is 
continuously changing. Currently, the area is managed and 
owned by the Ministry of Defence. The current management 
objectives for the area are: 
- to keep heath land vegetation (Calluna and Erica) in its 

optimal condition (age differentiation); 
- to prevent grass encroachment; 
- to prevent natural generation of trees; 
- to prevent the loss of dynamic sand dunes; 
- to provide optimal environmental conditions for heath 

fauna. 
 

 
Photo 1. Sheep flock grazing on the Ginkelse heide. The problem of 
grass encroachment is clearly visible on the foreground (Molinia 
caerulea). 
 
The quality of the heath land declined rapidly during the 1980s 
due to increased nitrogen deposition resulting in grass and shrub 
encroachment. Several management practices were applied to 
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counteract this process: sod-cutting, ploughing, grazing etc. 
Analysis of a time-series of aerial photographs, in order to 
reconstruct the management over the period 1982-2006 
revealed that in the 1980s  ploughing was applied on a large 
scale. Traces of this can still be detected in the patch like 
structure of the heathland, especially in the Ginkelse heide. At 
the beginning of the 1990s, less intensive practices, such as  
mowing and sod cutting, came into use more frequently, 
however clearly at smaller spatial scales. 
 
The heathland vegetation in this study area (Table 1) consists 
mainly of dry heathland dominated by Calluna vulgaris (Hdc). 
Due to succession within this habitat type different Calluna age 
classes can be distinguished: a) pioneer (Hdcy); b) climax 
(Hdca); and c) degenerating (Hdco). A heath land structure with 
a mixed composition of age classes (Hdcm) is considered as 
highly valuable. According to habitat assessment requirements 
for function and structure (Bijlsma et al., 2008), grass 
encroachment with Molinia (Hgmd) is considered a negative 
process while a scattered distribution (< 10%) of shrubs and 
trees (Fc and Fd) is considered as favourable. Finally, bare sand 
areas (Sb) and sand fixated dunes (Sfg) are important indicators 
of the occurrence of wind erosion which is considered an 
important process for the development of this landscape. 
 

Heathland dry : Calluna-dominated Hdc 
 of predominantly young age Hdcy 
 of predominantly adult age Hdca 
 of predominantly old age Hdco 
 of mixed age classes Hdcm 
Heatland: Molinia dominated Hgmd 
Grassland permanent with semi-natural vegetation Gpnd 
Forest  F 
 coniferous (scots pine) Fcps 
 deciduous Fd 
Sand  S 
 bare Sb 
 fixated by grasses and mosses Sfgm 

 
Table 1: Heathland habitat types present in the study area as 
defined in the HABISTAT project  
 
2.2 Hyperspectral imagery 

Two flightlines with the AHS-160 (Airborne Hyperspectral 
Scanner) sensor were acquired over the Eder and Ginkelse 
heide around 11:15 a.m. on the 7th of October 2007. The 
aircraft, a CASA 212-200, was flown by INTA (Spain) at a 
height of approximately 1 km. For this study, 63 bands of the 
AHS-160 sensor were used, divided over the visible and near-
infrared (20 bands from 430-1030 nm with 30 nm resolution), 
short-wave infrared region 1 (1 band from 1550-1750 nm with 
200 nm resolution) and short-wave infrared region 2 (42 bands 
from 1995-2540 nm with 13 nm resolution). The spatial 
resolution was 2.4 m. Processing of the images from DN values 
to radiance and surface reflectance was carried out by the 
processing and archiving facility of VITO (Biesemans et al., 
2006). The PARGE and ATCOR model were used for 
geometrical and atmospheric correction of the data, 
respectively. The spatial resolution of the final images was 2.4 
m. A flightline mosaic was created for the study area, but the 
two flightlines remained clearly visible (Fig. 1), due to 
illumination differences along the edge of the flight lines.  

 
Figure 1 Location of the study area in the Netherlands. The 
hyperspectral image of the Ginkelse and Ederheide consists two 
flightlines with the AHS-160 sensor acquired on the 7th of October 2007 
around 11.15 a.m. 
 
2.3 

2.4 

Ground reference data 

Ground reference data to train and validate the SMA were 
collected in the period after the image acquisition between 
October 2007 and April 2008. Sampling locations were selected 
by laying out a regular grid over the study area with a sampling 
distance of 250 m. Geographic coordinates for every location 
were collected with a Garmin handheld global position system 
unit. For every location a description of the habitat types was 
made according to the methodology established in the BioHab 
project (Bunce et al., 2008). For each point location with a 
radius of 3m, the composition of plant lifeforms was recorded 
by their coverage in percentage (vertical projection) together 
with the dominant species of every lifeform. Based on this 
information, a classification into habitat type was made 
according to the typology described in Table 1. A total of 104 
plots were recorded in the study area and for every plot 
overhead and oblique field photos were taken. A geodatabase 
was available with vegetation and structure maps for different 
years obtained from Dienst Vastgoed Defensie (DVD). The 
vegetation maps contained the relevant phytosociological plant 
communities, and was available for 1997 with an update in 
2009. The structure maps indicate the degree of grass 
encroachment, and was available for 2003 with an update in 
2009. The maps were largely based on field surveys, supported 
by aerial photo interpretations. No information was available on 
the accuracies of these maps. 
 

Segmentation 

Since, terrain managers, nature conservation agencies and 
national authorities responsible for the reporting to the EU are 
not directly interested in pixels, but much more in information 
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at the level of vegetation patches, groups of patches or site 
level, a multi-resolution segmentation was performed on the 
AHS-160 hyperspectral data for the spatial identification of the 
vegetation and/or habitat patches. Segmentation (object 
recognition, based on spatial characteristics) is the process of 
identifying spatial units, which are mostly derived from satellite 
imagery (Lucas et al., 2007). As stated by Burnett and Blaschke 
(2003), natural complexity can be best explored using spatial 
analysis tools based on concepts of landscapes as process 
continuums that can be particularly decomposed into objects or 
patches. The segmentation was implemented with the software 
eCognition (eCognition Developer 8.0) which is an object-
oriented image segmentation and classification software for 
multi-scale analysis of Earth Observation data of all kinds 
(Definiens Imaging, 2005). As input for the segmentation 
process, the AHS mosaic was rescaled from a float to a 16-bit 
integer and a selection of 6 optimal bands was made in relation 
to vegetation characteristics, namely: b2 (blue: 0.4414-0.5220 
µm), b5 (green: 05276-0.6076 µm), b8 (red: 0.6122-06740 µm), 
b12 (NIR: 0.7262-0.8078 µm), b21 (SWIR: 1.4699-1.7017 µm) 
and b30 (MIR: 2.0237-2.0705 µm). Once the objects are 
obtained it provides all kind of possibilities for the 
characterization of the objects, not in the least by combining it 
with the information from the SMA analysis. 
 
2.5 

3.1 

Spectral Mixture Analysis 

An efficient method resulting in continuous data is Spectral 
Mixture Analysis (SMA), also called ‘spectral unmixing’ 
(Smith et al., 1985). SMA is a method to estimate the mixing 
components (endmembers) of a mixed spectral signal. The 
linear unmixing model makes assumptions that each pixel 
consists of a limited number of endmembers. The endmembers 
were selected manually by extracting spectra from the AHS-160 
image based on vegetation distribution information derived 
from the field observations. Candidate pixels were selected 
from locations were the habitat types appeared to be pure and 
had a relative homogeneous species composition. For all habitat 
types presented in Table 1, endmembers were selected as input 
for Spectral Mixture Analysis (SMA). A minimum noise 
fraction (MNF) transformation was performed on the mosaiced 
AHS-160 image. MNF bands occurring after an 80% variance 
threshold were discarded from further analysis (band 15-63). In 
addition, bands that contained dramatic brightness differences 
between flightlines in the mosaic were also removed (band 4 
and 6). SMA was performed on the preprocessed MNF mosaic 
with 7 endmember spectra as input. The heathland age classes 
were grouped as one endmember. SMA was implemented using 
ENVI and a high weight (10,000) was assigned to the unit sum 
constrained factor. To assess the accuracy of SMA two methods 
were used. First, the fit of the SMA model was assessed based 
on the spatial continuous map for the root mean square error 
(RMSE). Higher values of RMSE indicate regions that could 
contain lacking endmembers. Secondly, the dataset with field 
observed species and habitat abundances was compared to SMA 
modelled abundances for these locations. 
 
 

3. RESULTS AND DISCUSSION 

 
Classification and segmentation results 

At first, all six selected AHS bands were used in the 
segmentation process, but better results were obtained when the 
blue and green band were omitted. Best results were obtained 

with a scale parameter of 300 for the detailed vegetation 
patches (without using a shape and compactness factor). For 
more general habitat patches a coarser scale could be used (e.g. 
scale parameter of 1000). After the segmentation of the detailed 
vegetation patches, the maximum spectral difference algorithm 
was applied with a setting of 1500 (data range from 0 – 65535). 
The final result was exported to a shape file. As a reference for 
the segmentation a vegetation map of 1997 was used (source: 
Dienst Vastgoed Defensie, DVD).  
The best SMA results were obtained using 7 endmembers that 
were carefully selected on the western side of the AHS 
hyperspectral image. The 7 endmembers were: Hdca, Hgmd, 
Gpnd, Sb, Sfgm, Fd, Fcps (Table 1). Modelled errors were 
especially large along the edges on the western side of the 
image and in the woody areas, as well as pixels located 
alongside roads. The addition of a shadow endmember in the 
SMA did not significantly improve these modelled errors. North 
of the N224 road, at the Eastern edge of the Western flightline, 
some patches clearly have lower modelled heath fractions than 
the surrounding areas. When these are compared to field data, 
they correspond well with locations that are marked as very 
grass encroached. They can be found as relatively high 
modelled fractions in the Hgmd (Figure 2) and Gpnd images.  

 
Figure 2. The result for endmember ‘Hgmd’ (Molinia dominated 
heathland) obtained by spectral mixture analysis (SMA) on a AHS 
hyperspectral image of October 2007. 
 
In ARCGIS 9.3 the tool zonal statistics was used to calculate 
the percentage of each AHS end member within a zone (the 
object). Both the vegetation and segmentation map were used to 
provide the objects. The zonal statistics were subsequently 
joined (spatial join) with the original shape files of the objects. 
Figure 3 shows the structural information on grass 
encroachment for the vegetation map of 2009. Figure 4 shows 
the amount of grass encroachment obtained by spectral mixture 
analysis and segmentation of a AHS hyperspectral image. 
Comparison of both maps shows comparable patterns but also 
reveals some clear differences. In general, Figure 4 shows more 
detailed objects and has more equal classes of grass 
encroachment.  
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Figure 3. Vegetation structure map of 2009 indicating the amount of 
grass encroachment (for selected objects). Source: Dienst Vastgoed 
Defensie (DVD). 
 

 
Figure 4. The amount of grass encroachment obtained by spectral 
mixture analysis and segmentation of AHS hyperspectral imagery.  

3.2. Assessment of grass encroachment 
 
Assessment of the results for grass encroachment was first done 
by a comparison of the overall statistical figures of a) the 
structural information from the vegetation map of 2009, b) the 
spectral unmixing results analysed per vegetation 2009 object, 
c) the spectral unmixing results per segmentation object (all 
obtained from the AHS hyperspectral image of 2007) and d) 
from 104 field samples with a 3 m radius obtained by 
systematic field sampling in 2008. The field samples were 
adjusted for the total area by a multiplication factor of 854, to 
obtain regional statistics (Grnd_cor). The divisional classes of 
grass encroachment were: I) < 10%; II) 10-50 %; III) 51-90% 
and IV) 91-100%. 
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Figure 5. Statistical figures on grass encroachment for the Ginkelse and 
Ederheide obtained from a) the vegetation structure map of 2009 – 
Vegkrt09 (Source: Dienst Vastgoed Defensie); b) SMA zonal statistics 
for the vegetation map objects – Unmixveg; c) SMA zonal statistics for 
the segmental objects – Unmixseg; d) systematic field samples corrected 
for total area – Grnd_cor.  
 
Completely grass dominated areas (class IV) are more abundant 
in the vegetation structure map than in the three other data 
sources, while areas with little grass cover (class I) are more 
frequently mapped in both field-driven maps (Figure 5). Only 
for category III (51-90%) all sources are in agreement. 
Correlation analysis shows that the vegetation structure map has 
a stronger correlation with the ground samples (0.90) than the 
SMA analysis for segmented objects (0.75). At the same time 
the correspondence is much better for the SMA analysis per 
segmented object (0.75) than per vegetation map object (0.62). 
Therefore the SMA per vegetation map object (unmixveg) was 
omitted from further analyses. The confusion matrix between 
the field samples and the vegetation structure map shows that 
grass encroachment is overestimated in extreme situations for 
the structure map, e.g. for < 10% grass and more than 70% 
(Table 2). 
 

Vegetation map (structure) 2009
1: <10% G2: 10-50% 3: 51-90% 5: 91-100% 6: 91-100% 

Groundthruth Grass Grass Des flex Des flex Mol Cae Total
1:0-10% 55.7 18.6 16.9 8.9  100.0
2:10-20 74.0 8.7 17.3   100.0
3:20-30% 85.6   14.4  100.0
4:30-40% 31.7 68.3  0.0  100.0
6:50-60% 5.4 19.6  51.8 23.2 100.0
7:60-70% 50.0   0.0 50.0 100.0
8:70-80%  33.3   66.7  100.0
9:80-90%  35.0  30.0 35.0 100.0
10:90-100%    34.1 65.9 100.0  

 
Table 2. Confusion matrix between vegetation map for grass 
encroachment and the field samples.  
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However, it has to be noted here that the structure map makes 
an estimate for a complete patch while the field sample has only 
a radius of 3 m. In other words, large differences can occur 
within one patch as demonstrated by cat. 6 (50-60%) which 
falls for 50% in structural class 1 (<10%) and 50% in class 6 
(91-100%). Table 3 shows more balanced figures, in which 
segments with a low amount of grass encroachment are in 
reality also classified by the low amounts of grass 
encroachment by the SMA, and vice versa. Nevertheless, for 
specific classes, e.g. 8 and 9 (70-90%) the SMA shows a clear 
underestimation.  

SegHgmdclip (Segmentation and unmixing)
Groundtruth 0-10% 10-20 20-30 30-40 40-50 50-60 60-70 70-80 80-90 > 90 Total
1:0-10% 37.3 14.1 11.6 8.2 10.8 6.6 3.9 0.0 1.8 5.7 100.0
2:10-20 52.7 12.0 9.3 16.7 9.3 0.0 0.0 0.0 0.0 0.0 100.0
3:20-30% 15.5 45.4 13.4 25.8 0.0 0.0 0.0 0.0 0.0 0.0 100.0
4:30-40% 0.0 31.7 68.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 100.0
6:50-60% 17.9 7.1 23.2 0.0 3.6 0.0 48.2 0.0 0.0 0.0 100.0
7:60-70% 0.0 0.0 0.0 0.0 0.0 19.2 30.8 50.0 0.0 0.0 100.0
8:70-80% 31.0 0.0 2.4 66.7 0.0 0.0 0.0 0.0 0.0 0.0 100.0
9:80-90% 0.0 0.0 30.0 70.0 0.0 0.0 0.0 0.0 0.0 0.0 100.0
10:90-100% 0.0 0.0 0.0 0.0 0.0 34.1 0.0 34.1 31.7 0.0 100.0

 
Table 3. Confusion matrix between SMA zonal statistics for the 
segmental objects and the field samples. 
 

Seg & unmix
Vegmap 0-10% 20-30 20-30 30-40 40-50 50-60 60-70 70-80 80-90 >90
1: <10% 73.9 65.9 60.7 40.9 36.2 27.2 14.1 11.4 20.7 28.8
2: 10-50% 13.9 12.2 20.4 24.6 10.4 16.6 4.9 6.5 6.7 0.7
3: 51-90% 5.7 11.7 7.6 12.9 25.5 15.9 26.2 10.6 20.4 2.6
4: 91-100% 6.5 10.2 11.2 21.6 27.9 40.2 54.8 71.5 52.2 67.9

100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0  
 
Table 4. Confusion matrix between SMA zonal statistics for the 
segmental objects and the structural classes of the vegetation map. 
 
Table 4 is interesting and shows that the structural classes of the 
vegetation structure map tends to extremes. It has a strong 
preference for low categories (< 10 %) and high categories (> 
90%). The underestimation of cat II) 10-50 % is also confirmed 
by Figure 5. Although it is difficult to make directly 
straightforward conclusions, these results have consequences 
for monitoring of grass encroachment.  
 
 

4. CONCLUSIONS  

The objective of the study was to compare the results from 
spectral mixture analysis in combination with segmentation of 
hyperspectral AHS imagery to traditional vegetation mapping 
methods. Conclusions should be made with care and additional 
research is required. However, it is clear that grass 
encroachment can vary to a large extent within one patch of the 
vegetation map, and that segmentation within these objects in 
combination with the spectral mixture analysis can reveal this. 
It seems that spectral mixture analysis alone or in combination 
with the segmented vegetation patches can provide very useful 
information for terrain managers, although the accuracy needs 
improvement. An important advantage is that a broader range of 
categories (1:0-10%, .., 10: 90-100%) provides much better 
opportunities for monitoring than the original categories (I:IV) 
of the vegetation structure map, especially since the latter 
categories seem to be biased towards very high or low 
percentages of grass encroachment. Aggregation of the 
continuous fraction maps from the SMA analysis to vegetation 
patches provided by segmentation techniques will probably 
improve classification accuracies, but this requires more 
research. Discussions with ecological field surveyors indicated 
that the usually complicated patches obtained through 
segmentation techniques from satellite imagery or digital aerial 

photography are often not well appreciated (especially at 
habitat level). This indicates that it is probably wise to segment 
only at the sublevel of management units. Discussions also 
revealed that change detection by traditional methods is 
difficult if different surveyors monitor the same terrain in time, 
and that combination with expertise from remote sensing 
experts can be useful.    
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Abstract—Superresolution (SR) image reconstruction is a 

technique to obtain a high resolution (HR) image from a set of 

low resolution (LR) images. CHRIS/Proba is a transitional 

hyperspectral-oriented satellite which acquires multiple angular 

images of the same scene. The angular images acquired within a 

very short period of time are ideal for SR operation. Recent 

developments point to the possibility of a SR enhanced CHRIS 

data set at higher resolution. Apparently, the additional details 

are valuable information for many applications. This paper 

presents the preliminary evaluation of the SR CHRIS images for 

ecotope mapping and subpixel classification of sealed surface 

using two different scenes in Belgium. Accuracy obtained from 

SR CHRIS images is comparable to that of the original CHRIS, 

but with significantly more detail in the final classification map. 

In view of the demands for HR hyperspectral data sets, SR 

operation can be an interesting option to mitigate the lower 

spatial resolution of the current and future spaceborne 

hyperspectral images. Properties such as quick revisiting time 

and angular acquisition of a hyperspectral satellite are important 

for the success of SR operations.  

 

Index Terms—CHRIS/Proba, superresolution image 

reconstruction, hyperspectral images, multi-angle images, land 

cover classification, sub-pixel classification 

I. INTRODUCTION 

yperspectral remote sensing images with richer spectral 

properties provide new opportunities for the mapping of 

the Earth’s surfaces [1][2]. While airborne hyperspectral 

acquisitions can reach very fine resolutions, they are not cost-

effective for large-scale mapping. For large areal coverage, 

satellite images are still a preferred option. However, spatial 

resolutions of spaceborne hyperspectral data are often too low 

for many applications that require finer image details. NASA’s 

EO-1 Hyperion sensor provides 224 bands between 0.4-2.5µm, 

but only at 30m resolution 

(http://edcsns17.cr.usgs.gov/eo1/sensors/hyperion). Several 

future hyperspectral missions such as PRISMA by the Italian 
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Space Agency (ASI) 

(http://www.asi.it/en/activity/earth_observation/prisma_) and 

EnMap by the German Space Agency (DLR) 

(www.enmap.org) have also set spatial resolution at 30m 

resolution. To enhance spatial resolution of spaceborne 

images, researchers have suggested the use of SR image 

reconstruction methods. SR refers to the reconstruction 

methods that can be applied to obtain a HR image with several 

LR images. The objective is to achieve the best image quality 

possible from the LR images. 

The idea of SR was first suggested in the frequency domain 

[3] with theory built upon Fourier transforms of the LR 

images. However, SR theories based on spatial domain 

provide better flexibility in modeling noise and degradation, 

and are more suitable for our purposes [4]. SR methods have 

been applied to remote sensing images such as Landsat [3][5], 

SPOT [6], Quickbird [5], multi-looking thermal data [7], as 

well as hyperspectral data [8]. Most of the studies, however, 

are based on simulated or temporal data. For the LR temporal 

images, they are ideally acquired within a short period of time 

to minimize the occurrence of changes in between acquisitions. 

CHRIS/Proba is an ESA-operated transitional hyperspectral-

oriented satellite capable of angular scanning. CHRIS/Proba 

provides multiple observations of the same scene at five 

different angles (+55°, +36°, 0°, -36°, -55°). As the multi-

angle images are acquired in a very short time, they can be 

ideally used as the LR input images for SR operation. In mode 

1, CHRIS acquires 62 bands between 0.4-1 µm. However, the 

spatial resolution is only 34m. The highest spatial resolution of 

CHRIS can be obtained in mode 3 at 17m, but then the number 

of spectral bands will be limited to only 18.  

Novel SR algorithms have been applied to multi-angle 

CHRIS to obtain a 9m resolution data set [9][10] and the SR 

enhanced data sets have been tested for classification and 

unmixing purposes [11][12][13]. It has been shown that for 

detailed land cover classification at ecotope level, accuracy 

obtained from SR CHRIS imagery is comparable to that of the 

original CHRIS. The former, however, provides more image 

detail. In [14] and [15], an automatic registration procedure for 

angular CHRIS images using a hybrid feature-based and 

region-based approach was described. The procedure has 

achieved high registration accuracy and has been incorporated 
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in the SR operation of CHRIS [9]. For applications that 

require a higher spatial resolution, improvement in spatial 

resolution using SR approaches will open up new 

opportunities. 

In this paper, we present the first assessments of SR CHRIS 

images generated by the method as described in [9] using 

results from two cases of land cover classification. The first 

case study is sub-pixel classification of sealed surface in an 

urban area. The second case study is ecotope mapping of a 

natural reserve with predominantly heathland. The SR method 

used in this study is introduced in Section II. Section III 

describes the result of a sub-pixel classification of sealed 

surface and Section IV the result of ecotope mapping. Both 

sections III & IV will focus in the validation methods. We will 

arrive at some preliminary conclusions about the use of SR 

images in Section V.  

II.  SR METHODOLGY 

SR refers to the reconstruction methods that can be applied 

to obtain an image with higher spatial resolution through the 

use of several LR images. The application of SR algorithms is 

effective only if the LR images are sub-sampled, that means if 

aliases exist, and if the LR images have sub-pixel shifts. SR 

techniques are closely related to the problems of image 

restoration and image interpolation. The purpose of image 

restoration is to recover a degraded image without changing 

the dimension of the image. SR can be considered as a second 

generation of image restoration techniques which also 

increases the size of an image. However, the quality of a single 

LR image is limited and interpolation based on an 

undersampled image does not allow recovery of the lost high-

frequency information. Hence multiple observations of the 

same scene are needed. If we have N LR images and Yk is the 

matrix form of the kth LR image and X is the matrix form of 

the HR image, then their relationship can be formulated as: 

k k kk kY D B M X V= +   k = 1,…, N,         (1) 

where Mk is the warp matrix that represents the shift and 

rotation of the LR images, Bk is the blur matrix that represents 

the blurring effects during the acquisition and Dk is the 

subsampling or decimation factor. An ordered noise vector Vk 

is added at the end.  

Many approaches have been proposed to conduct 

superresolution image reconstruction [4]. In this paper, we use 

the intuitive Iterative Back-Projection (IBP) described in [16]. 

IBP is based on a similar idea to computer-aided tomography, 

where a 2-D object is reconstructed from its 1-D projections. 

The method involves a registration procedure, an iterative 

refinement for displacement estimation, and a simulation of the 

imaging process (the blurring effect) using a point spread 

function. The process starts by producing an initial guess of 

the HR image. This initial HR image can be generated from 

one of the LR images by upsampling. In the case of 

CHRIS/Proba, the nadir image sets were upsampled as the first 

hypothetical ‘true’ HR image. This HR image is then down-

sampled to simulate the observed LR images using the motion 

estimation and blurring component. The simulated LR images 

are subtracted from the observed LR images. If the initial HR 

image is the real observed HR image, then the simulated LR 

images and the observed LR images would be identical and 

their difference zero. If they are not identical, the computed 

differences can be “back-projected” to improve the initial HR 

image. The back-projecting process is repeated iteratively to 

minimize the differences between the simulated and the 

observed LR images, and subsequently produce a better HR 

image. 

The iterative procedure can be described by 
1

( )
n n BPX X G H X Y
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Fig. 1.  Fraction of sealed surface. LEFT: 18m CHRIS. RIGHT: 9m SR-enhanced CHRIS 
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BP
G represents the back-projection filter, 

1n
X

+

 is the 

improved HR image at the (n+1)th iteration, and 
n

X is the HR 

image at the nth iteration. IBP is intuitive, hence it is easy to 

understand. In this study the back-projection filter was 

represented by a transpose of a PSF approximated by a 7 x 7 

Gaussian filter. The geometric distortion of the high off-nadir 

images at ±55° is reportedly too serious and their inclusion did 

not improve the results of SR operation [9]-[11]. Hence only 

the 0° and ±36° images were used. The IBP SR was applied 

band by band and then the 18 bands were stacked. 

III. CASE STUDY I – SUBPIXEL CLASSIFICATION 

A cloud free CHRIS/Proba image was acquired on the 1st 

April, 2009 of Brussels, Belgium. The image covers the capital 

region and its suburban area in Woluwe. A large part of the 

Sonian forest in the southeast is also included. The CHRIS 

image was atmospherically corrected using the BEAM tools 

provided freely from the ESA website 

(http://www.brockmann-consult.de/cms/web/beam/). A 

recently updated classification map derived from a IKONOS 

image at 1m resolution with four classes (sealed surface, 

vegetation, bare soil and water) was used as ground truth.  

Ten thousand samples were randomly extracted using a 

stratified sampling approach. The samples were then equally 

divided into a training and a validation set. Since the 

endmember proportions were different for the original and the 

SR images due to the difference in resolution, training and 

validation were performed independently for each data set. 

Artificial neural networks have been applied in remote sensing 

related research, especially in land-cover classification. Multi-

layer perceptrons (MLP) are one of the most widely used and 

popular methods. The advantages of MLP are that there is no 

assumption on the data distribution and its ability for complex 

learning. MLPs are reportedly outperforming conventional 

statistical approaches. Recently, MLP have been applied for 

estimating sub-pixel impervious surface fractions [17]. 

Although there are some well-known drawbacks of neural 

network approaches such as their black-box nature and issues 

concerning parameter tuning (weight initialization, learning 

rates, and architecture), the results show that they are robust 

and work well with medium to high resolution images. The 

application of MLP for unmixing is very similar to a 

supervised classification problem. First, a training set is 

prepared. Instead of the discrete labels, proportions of classes 

are used. The activation rates of each neuron at the output 

layer, after being normalized to a summation of one, are used 

as the fraction estimates for each target class. The commercial 

Neuralworks Predict® was used to generate the two MLP sub-

pixel classifiers. For each input band, the software 

automatically performed simple mathematical transforms 

including (linear) identity function, hyperbolic tangent 

function and fuzzy function. The final set of input variables 

was selected using a genetic-based variable selection algorithm 

[18]. The MLP topologies used for the 18m and 9m data sets 

are 63-5-4 and 69-8-4, respectively. The 4 output nodes are 

fixed: each for Vegetation, Sealed Surface, Soil and Water. 

Fig. 1 shows the estimated sealed surface fractions derived 

from the two data sets. Both images show a good 

representation. Built-up areas and the road network are well 

separated from vegetated areas. A clear gradient in terms of 

building density from the suburban to the rural areas can be 

observed. Comparatively, the result from the SR image 

provides a better delineation of the road network and of built-

up structures. As the SR-enhanced image has four times as 

many pixels as the original, there is a substantial increase in 

the amount of detail. The objects such as ponds in the park are 

better delineated with sharper edges. Though the SR image 

cannot be treated as a real 9m resolution image, it provides a 

more vivid representation of the scene with added information. 

The Mean Absolute Error (MAE) and Mean Error (ME) 

measures were used to assess the accuracy of the sub-pixel 

sealed surface fractions: 
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where 

 N: the total number of pixels in the validation sample; 

Pj: sealed surface fraction inside validation pixel j, derived from the 

high-resolution classification (ground truth); 

P’j: sealed surface fraction inside validation pixel j, estimated by the 

sub-pixel classifier. 

  
Fig. 2.  The fraction of sealed surface estimated by sub-pixel classification as compared to the groundtruth. LEFT: 18m CHRIS. RIGHT: 9m 

SR-enhanced CHRIS. 
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The MESealed_Surface gives an indication of possible bias in the 

estimation of proportions (over or underestimation), while 

MAESealed_Surface quantifies the amount of error and can be 

interpreted as a mean error percentage (error magnitude). Fig. 

2 shows that both unmixing results have good correlations 

between the predicted and the reference sealed surface 

fractions. The mean absolute error of the sealed surface 

fraction derived from the original CHRIS is 0.116, and that of 

the SR image is 0.15. MESealed_Surface of the original CHRIS is -

0.017, and -0.033 for the SR image. For the entire study area, 

the fraction of sealed surface predicted from the SR image is 

38% as compared to 42% obtained from the groundtruth. For 

the original CHRIS, the predicted fraction is 39% as compared 

to 40% obtained from the groundtruth. This increase in the 

error is considered normal due to the increase in resolution. 

For the sake of comparison, the unmixed SR images were 

merged to form 18m pixels. The absolute error resulting from 

the SR image is 0.121. The absolute errors for bare soil are 

0.038 (CHRIS) and 0.083 (SR) indicating that spectral 

confusion between bare soil and sealed surface cover is largely 

avoided. 

IV. CASE STUDY II – ECOTOPE MAPPING 

The second case study is ecotope classification in a nature 

reserve of Belgium. “Kalmthoutse Heide” and “Klein 

Schietveld” are two Natura 2000 sites in northern Belgium 

consisting mainly of dry and wet heathland habitat, inland 

dunes, water bodies and forests. A classification scheme with 

ten classes was devised: (1) Calluna, (2) Erica, (3) Molinia, (4) 

Grassland, (5) Coniferous forest, (6) Deciduous forest, (7) 

Bare sand and mosses, (8) water with vegetation, (9) water 

without vegetation, and (10) Cropland. A CHRIS image set of 

the study site of excellent quality was acquired on 1st July 

2008. The CHRIS image was atmospherically corrected and 

de-noised using the BEAM toolbox. An ensemble classifier 

Random Forest was used for the classification routine. 

Following the recommendation in [18], the number of random 

features at each split is 5, a number close to the square root of 

the input variable (eighteen in the case of CHRIS/Proba as it 

has 18 bands). 

 One hundred trees (ensemble classifiers) were built for 

classification. Due to the process of SR, there were slight 

differences in training samples. A total of 922 and 926 training 

samples were obtained from the original CHRIS image and the 

SR CHRIS image, respectively. Table 1 shows the confusion 

matrices of the classification results using the Out-of-Bag 

method. In Random Forest, the built-in Out-of-Bag method 

uses two-thirds of the training samples to build a tree classifier 

and validates on the remaining one-third [19]. The final 

outcome is the average of the hundred trees. While this 

validation method provides a convenient estimate of the 

classification accuracy, especially when there are only a 

limited number of training, it is reckoned that the accuracy 

from a real blind test set would be comparatively lower. The 

overall accuracy of the classification obtained from the SR 

CHRIS is 82% marginally lower than that from the original 

CHRIS, at 83.4%. The SR CHRIS however provides much 

more classification detail with better delineation of land 

parcels as shown in Fig. 3. The marginally lower accuracy of 

SR CHRIS can be explained by the fact that after the SR 

process, intra-class spectral variability has increased making it 

  

  
Figure 3.  TOP LEFT: 18m CHRIS. TOP RIGHT:9m SR-enhanced CHRIS. BOTTOM LEFT: Ecotope classification of 18m CHRIS. 

BOTTOM RIGHT: Ecotope classification from 9m SR images. 
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slightly more difficult for classification. The improvement in 

the spatial resolution from 18m to 9m, however, largely 

outweighs the cons in terms of the loss in accuracy.  

V. CONCLUSIONS 

Angular CHRIS/Proba images acquired within a short 

period of time are useful for SR image reconstruction. Our 

initial results of applying SR-enhanced CHRIS for land cover 

classification are encouraging. In both case studies, the 9m SR 

data sets arrived to comparable accuracy with the 18m data 

sets but provide substantially more detail. While it is not clear 

that if SR operation can always provide a better data input for 

an automatic classification method, the additional spatial 

details obtained are valuable for visual interpretation in many 

applications. SR operations can be considered to mitigate the 

limitation of spatial resolution set by current spaceborne 

hyperspectral sensors. 
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TABLE 1 

TOP: RESULT FROM ORIGINAL CHRIS IMAGE. OVERALL 

ACCURACY = 83.4%, KAPPA=0.8107. 

BOTTOM: RESULT FROM SR CHRIS IMAGE. OVERALL 

ACCURACY = 82.0%, KAPPA=0.7941 

 

 1 2 3 4 5 6 7 8 9 10 

1 53 5 5 7 0 0 12 0 0 0 

2 6 76 1 0 0 0 0 3 0 0 

3 7 1 12 0 0 0 2 1 0 2 

4 6 1 1 118 0 1 7 3 0 16 

5 0 0 0 0 85 1 8 4 0 0 

6 1 0 0 0 1 78 0 0 0 0 

7 5 4 1 1 1 0 152 1 0 1 

8 2 7 1 0 6 0 0 41 0 0 

9 0 0 0 0 1 0 0 0 44 0 

10 0 0 0 12 0 1 7 0 0 110 

 

 1 2 3 4 5 6 7 8 9 10 

1 53 6 6 7 0 0 11 1 0 0 

2 4 71 0 0 0 0 1 8 0 0 

3 7 1 13 2 0 0 1 1 0 0 

4 10 1 0 121 0 0 5 2 0 16 

5 1 0 0 0 83 3 9 2 0 0 

6 1 0 1 0 3 75 0 0 0 0 

7 4 4 0 4 1 0 152 1 0 2 

8 2 9 1 1 5 0 1 38 0 0 

9 0 0 0 0 1 0 0 0 44 0 

10 0 0 0 13 0 1 7 0 0 109 

. 
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ABSTRACT 

Iterative backprojection superresolution (SR) image 
enhancement was applied to single-date and multi-date 
hyperspectral CHRIS imagery. SR enhanced imagery 
provides substantial increase in image detail and better 
characterization of image objects, in particular man-made 
objects such as buildings and roads. In terms of increase in 
signal to noise ratio, bi-temporal input produces only 
marginally better results than single-date input. However, 
better contrast in transition zones of rural habitat types is 
observed with the former. SR enhanced CHRIS imagery 
could potentially broaden the scope of application of this 
type of hyperspectral-oriented image data. 

Index Terms— superresolution, CHRIS/Proba, 
hyperspectral, multi-angular  
 

1. INTRODUCTION 
While spaceborne hyperspectral images are becoming 
increasingly available, spatial resolutions at present are 
limited to between 18-30m. HYPERION has over 200 bands 
between 0.4-2.5 m at 30 meter spatial resolution. 
CHRIS/Proba, a hyperspectral-oriented data set, acquires 18 
bands in mode 3 between 0.4-1 m. While these spatial 
resolutions may be sufficient for some applications, they are 
not adequate for detailed land-cover mapping. Recent 
studies have shown that substantial spatial enhancement can 
be obtained by applying superresolution (SR) image 
reconstruction methods to multi-angle CHRIS imagery 
[1][2][3]. In [1], multi-angle CHRIS imagery is used as 
lower resolution input to various SR methods. In spite of 
some reduction in signal quality, the SR enhanced 9m 
CHRIS imagery provides higher information content. First 
experiments demonstrated that SR enhanced CHRIS imagery 
with a spatial resolution around 10m not only reveals more 
detail, both in visual interpretation and in classification 
output, but also produces higher accuracies in spectral 
unmixing [2],[3].  

Naturally, using more images for SR image 
reconstruction might produce better SR results. For a single 
date CHRIS acquisition, a maximum of five images (all 
viewing angles) can be used. The high-angle off-nadir 
images at ±55°, however, are reportedly ineffective when 
incorporated in a SR routine according to previous studies. 

Similar findings were obtained in [4] where a SR method 
was tested on simulated multi-angle images, and images 
acquired at angles higher than 48° are not recommended. 
Previous experience shows that using only 3 multi-angle 
images, nadir and the ±36°, provided the best results. To 
further improve SR results by increasing the number of input 
data, multi-temporal imagery might be used. SR has been 
tested on multi-temporal imagery acquired from a single 
sensor [5]. In this study, the use of bi-temporal multi-angle 
CHRIS imagery for SR image reconstruction will be 
investigated. 

 
2. METHODOLOGY 

2.1. Registration 
Accurate co-registration of low resolution input data is a 
prerequisite for successful SR image reconstruction. In [6], a 
sophisticated procedure for automatic ground control point 
selection is described for registration of high-angle off-nadir 
CHRIS images. In this study, we have chosen to use only 
three angular CHRIS (nadir and ±36°) images. Also our 
study area shows little topographic variation. Hence, a more 
simple, intensity-based approach was found adequate for 
accurate registration of the images. When the observed 
image data consists of a pair of images f(x,y) and g(x,y), the 
data can be modeled as: 

 

1 2 3 4( , ) ( , )x yf x y g m x m y t m x m y t= + + + +
 

(1) 

The difference between f(.) and g(.) is approximated using a 
first-order truncated Taylor series expansion. Then the 
coefficients (mi) are calculated directly with the least squares 
method. However, since the error function being minimized 
is only an approximation, it is improved using a Newton-
Raphson style iterative scheme. Furthermore, the derivatives 
of the first-order Taylor series have finite support thus 
limiting the motion flexibility of the estimation. A coarse-to-
fine scheme would be adopted to deal with larger motions. 
For more details of the method, the reader is referred to [7]. 
 
2.2. Iterative backprojection superresolution image 
reconstruction 
There are many approaches to conduct superresolution 
image reconstruction. First proposed in [8], iterative 
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backprojection (IBP) is based on a similar idea as computer-
aided tomography, where a 2-D object is reconstructed from 
its 1-D projections. The method involves a registration 
procedure, an iterative refinement for displacement 
estimation, and a simulation of the imaging process (the 
blurring effect) using a point spread function.  

The process starts by producing an initial guess of the 
high resolution (HR) image. This initial HR image can be 
generated from one of the LR images by decimating the 
pixels. In the case of CHRIS/Proba, the nadir image could 
be used as the first guess [1]. The HR image is then down-
sampled to simulate the observed LR images using the 
motion estimation and blurring components. The simulated 
LR images are subtracted from the observed LR images. If 
the initial HR image is the real observed HR image, then the 
simulated LR images and the observed LR images would be 
identical and their differences zero. In normal circumstances 
it is not, and the computed differences are “back-projected” 
to improve the initial guess. This back-projection process is 
repeated iteratively to minimize the differences between the 
simulated and the observed LR images, and subsequently 
produce a better HR image. 

The iterative procedure can be described by 
 

 )(1 YHXGXX BPnn
−−=

+

                (2) 
 

where  
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BPG represents the back-projection filter,

1+nX  is the 

improved HR image at the (n+1)th iteration, and
nX is the 

HR image at the nth iteration. Y stands for the set of LR 
images. Dk is the sub-sampling matrix. Ck represents the blur 
matrix and Fk the warp matrix. IBP is an intuitive approach 
and easy to understand. However, because of the ill-posed 
nature of IBP, the solution it provides is not unique. The 
choice of the back-projection filter is empirically 
determined.  

A PSF is usually used as an estimate for the deblurring and 
convolution process. However, as the real blurring tends to 
be spectrally and spatially variant, unless the blurring factor 
is known a priori, it is difficult to have an exact 
approximate. In [4], a two-dimensional circular Gaussian 
function was initially chosen to approximate the system PSF 
at the nadir position, assuming no distortion of the optics. 
Then, the PSFs from any off-nadir image were adjusted with 
an affine transform function. It is common to assume a 
space-invariant blurring function to obtain an efficient and 
stable estimation [9].  

In this study an invariant PSF was used for all the bands. 
Absence of optical errors is assumed, so that the blurring is 

invariant within the image. After some initial investigation, a 
PSF represented by a two dimensional Gaussian filter (7 by 
7 pixels) with a variance of 1.6 pixels was chosen.  
 
2.3. Definition of change mask 
An important concern in using multi-temporal imagery for 
reconstruction is to account for the changes that may have 
occurred in between acquisitions. In [5], these “outlier” 
pixels were identified by an estimation of the photometric 
and geometric parameters. In this study, a straightforward 
image differencing technique was used to identify change 
pixels. Difference images were created for each of the bands 
and changes larger than 20% were are used as a threshold to 
create a change mask. 
 
2.4. Evaluation 
To evaluate the SR methods, we first simulated a set of LR 
images from the original multi-angle CHRIS image sets. 
This was done with a convolution procedure, followed by a 
downsampling with a factor of two. Then SR image 
reconstruction was applied to the simulated LR image set 
using the nadir image as a reference. In order to allow for a 
critical assessment of multi-frame SR, we also produced a 
single-frame SR image using the bicubic resampling method 
[1],[4]. It should be noted that since the same convolution 
filter is used in the downscaling step of the simulation, the 
tested SR methods are assumingly having the ‘correct’ 
blurring estimates in the reverse process. 

A quantitative measure, increased signal to noise ratio, is 
used for the evaluation [4]. If z is the observed HR image, 

z  is the SR image, and s the degraded image, then the 
increase in SNR (measured in dB) can be expressed as: 

 
2

10 2

[ ]
( , , ) 10 log

[ ]

z s
ISNR z z s

z z

−

=

−

. 
 

(3) 

It measures the difference between ‘degraded’ image s (the 
bicubic interpolated image) and the observed HR image z as 

well as the difference between the restored image z and the 
observed HR image z. 
 

3. RESULTS AND DISCUSSION 
Two CHRIS data sets were acquired on 24th June, 2008 and 
1st July, 2008 (Fig.1). The study area is located at 
Kalmthout, Belgium which covers mainly heath grassland, 
cultivated fields and suburban houses. Both data sets were 
preprocessed using the de-stripping and atmospheric 
correction routines available in the BEAM software 
(http://www.brockmann-consult.de/cms/web/beam). Then 
the overlapping area between the two acquisitions was 
masked out for analysis. Since a high resolution image was 
not available, we tested the SR method with simulated data. 
Six sets of images, three angular images from each date, 
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were downscaled by a factor of 2. Then IBP SR was applied 
to reconstruct the original image. Firstly, we performed the 
SR routine on each of the single-date image sets. Figure 2 
shows the results for a single-date SR in terms of ISNR for 
each band. The increased ISNR was calculated between the 
IBP SR images and the bicubic SR images. For both dates 
we observe an increase in SNR after SR enhancements for 
all the bands. To avoid the inclusion of outliers, caused by 
changes that occurred between the two acquisition dates, a 
change mask was created (Fig.1). After normalization of 
brightness differences between the two dates, areas with a 
difference higher than 20% were excluded from the analysis. 

Most of the changes were found in agricultural area and are 
caused by mowing, ploughing, harvesting and natural growth 
of the vegetation. 

Figure 3 shows the SR result on the bi-temporal data set 
using the results obtained for the first date (24th June) as a 
reference. The ISNR was calculated band by band between 
the bi-temporal and the single-date SR images. The plot 
shows the averaged difference between the SR image and 
each of the six inputs. The mean ISNR shows that the image 
quality of the multi-date SR images is marginally higher as 
compared to the quality of single-date SR imagery. Visual 
comparison indicates better contrast and enhancement of 
detail in various parts of the image for the bi-temporal result 
(the simulation results are not shown due to the length 
restrictions of the paper).  

Figure 4 shows the SR results using the original images as 
input. Compared with the original 18m image, SR images at 
9m resolution show substantial improvements in object 
boundary delineation, particularly for man-made objects 
such as houses and roads. While the use of bi-temporal input 
does not lead to significant improvement in terms of SNR, 
better contrast is observed in transition zones of rural 
habitats, for instance between different types of grassland. 
More experiments are needed to provide more evidence on 
this observation. Theoretically, the amount of improvement 
depends on whether additional information is available from 
each additional input. Inputs providing similar information 
would naturally limit potential enhancement. 

 
 4. CONCLUSIONS 

In this paper the use of SR reconstruction methods on single 
and multi-date CHRIS images was tested. SR images with 
increased spatial resolution successfully enhance object 
boundary delineation and textural contrast. Only marginal 
increase in SNR is observed when using bi-temporal images. 
This might be attributed to a relatively limited amount of 
extra information gained from additional input from a 
second date. However, visual inspection of the imagery 

   
24th June 2008 1st July 2008 change mask 

Fig. 1.  The nadir CHRIS images (bands 2,3 & 4) and the change mask created through change detection 

 
Fig. 2. ISNR for single-date SR. Solid lines represent results 

from 24th June and broken lines those from 1st July 2008.  

 
Fig. 3. ISNR of SR on bi-temporal data set as compared to 

single-date data set. 
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indicates better characterization of transition zones in rural 
habitats. With substantial enhancement in object detail and 
image quality, the use of SR CHRIS data could potentially 
expand the scope of applications of this type of imagery. 
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1st July IBP SR IBP SR on bi-temporal images 

Fig. 4.  IBP SR enhancement applied to the single-date and bi-temporal CHRIS images. 
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ABSTRACT 
Compact High Resolution Imaging Spectrometer onboard the Project for On-board Autonomy, or CHRIS/Proba, 
represents a new generation of satellite images that provide different acquisitions of the same scene at five different 
angles. Given the hyperspectral-oriented waveband configuration of the CHRIS images, the scope of its application 
would be much wider if the present 17m nadir resolution could be refined. This paper presents the results of three 
superresolution methods applied to multiangular CHRIS/Proba data. The CHRIS images were preprocessed and then 
calibrated into reflectance using the method described in [1][2]. Automatic registration using an intensity variation 
approach described in [3] was implemented for motion estimation. Three methods, namely non-uniform interpolation 
and de-convolution [4], iterative back-projection [5], and total variation [6] are examined. Quantitative measures 
including peak signal to noise ratio [7], structural similarity [8], and edge stability [9], are used for the evaluation of the
image quality. To further examine the benefit of multi-frame superresolution methods, a single-frame superresolution 
method of bicubic resampling was also applied. Our results show that a high resolution image derived from 
superresolution methods enhance spatial resolution and provides substantially more image details. The spectral profiles 
of selected land covers before and after the application of superresolution show negligible differences, hinting the use of 
superresolution algorithm would not degrade the capability of the data set for classification. Among the three methods, 
total variation gives the best performance in all quantitative measures. Visual inspections find good results with total 
variation and iterative back-projection approaches. The use of superresolution algorithms, however, is complex as there 
are many parameters. In this paper, most of the parameter settings were tuned manually or decided empirically.  

Keywords: CHRIS/Proba, hyperspectral, superresolution, non-uniform interpolation and de-convolution, iterative back-
projection, total variation 

1. INTRODUCTION
Hyperspectral remote sensing images are effective in many application domains where conventional broadband multi-
spectral imagery finds its limits. For examples, in a study of mapping detailed ecotopes, hyperspectral images are 10% 
higher in overall accuracy compared to simulated Landsat images [10]. Hyperspectral analyses in urban land cover types 
draw similar conclusions. In a detail study on spectrometry for urban area [11], Herold et al. concluded that current 
multispectral systems such as IKONOS and Landsat ETM+ only provide marginal ability to resolve the separation of 
important urban land features. Despite the comparative advantages of hyperspectral images for land cover mapping in 
both rural and urban areas, their use for operational mappings remains limited. One reason is that the availability of 
hyperspectral data at high resolutions is still scarce. Though airborne hyperspectral acquisitions provide very fine 
resolution data, its use for large-scale mapping, at national or continental scales for examples, is not practical not just 
because of cost, but also because of technical issues concerning data consistency. Comparing with spaceborne data, 
airborne acquisitions are less flexible in regular revisiting, and the mosaicking of airborne data are often not 
straightforward due to distortions in spectral properties at the edge of the scans. Hence, for the mapping of large areal 
coverage, satellite images are still a preferred option. Among the more well-known spaceborne hyperspectral-oriented 
data is CHRIS/Proba which provides multiple observations of the same scene at five different angles (+55, +36, 0, -36, -
55). The mode 3 (land channel) acquisition consists of 18 bands between 0.4-1 m. Its multiple acquisitions can be used 
as inputs for superresolution image reconstruction which is a technique to produce a high resolution (HR) image from 
several low resolution (LR) images [12]. Superresolution methods have been applied to remote sensing images such as 

cheung.wai.chan@vub.ac.be; phone +32 2629 3556; fax +32 2629 3378 
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Landsat [13][14], SPOT [15], Quickbird [14], multi-looking thermal data [16], as well as hyperspectral data [17]. Most 
of the previous studies are based on multitemporal data. To date there is no work on SR’s application on CHRIS/Proba 
images. In this paper, we present the latest results of applying different SR methods on CHRIS/Proba images. The 
objective is to further our understanding of a high resolution CHRIS image derived from conventional SR methods. 
Quantitative indices as well as visual assessments are used to evaluate the SR image results. The pros and cons of the 
conventional methods are also discussed. 

2. SUPERRESOLUTION METHODS 
SR techniques are closely related to the problems of image restoration and image interpolation. The purpose of image 
restoration is to recover a degraded image without changing the dimension of the image. Based on similar theories as 
image restoration, SR can be considered as a second generation of image restoration techniques which also change image 
dimension. Image interpolation techniques can be used to increase the size of an image. However, the quality of a single 
LR image is limited and interpolation based on an undersampled image does not allow recovering the lost high-
frequency information. Hence multiple observations of the same scene are needed. 

Superresolution refers to the reconstruction methods that can be applied to obtain an image with higher spatial resolution 
through the use of several lower-resolution (LR) images. The main objective is to achieve the best image quality possible 
from several LR images. However, not all LR images are useful for SR. The application of SR algorithms is possible 
only if aliases exist, and the images have sub-pixel shifts. There are many different SR techniques and they can be 
applied in the frequency domain or the spatial domain. However, the latter provides better flexibility in modeling noise 
and degradation, we focus our analysis in the spatial domain [18]. Conventional spatial domain methods include the non-
uniform interpolation approach, the regularization reconstruction approach, the projection onto convex sets approach, 
hybrid approaches and others [12]. SR can also be applied on a single-frame LR image [19], which is more commonly 
referred to as image scaling, interpolation, zooming and enlargement.  

An important step in SR is to provide a model of the relationship between the original high resolution image and a set of 
LR images of the same scene. If we have p LR images, then the relationship between the LR images yk and the HR image 
X can be formulated as follows: 

kkkkk nXFCDy  , for pk1           (1) 
or  

ppppp n
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FCD
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                                        (2) 

where ky stands for the kth LR image written in lexicographical notion as the vector T
Nkkkk yyyy ],....,[ ,2,1, , N is the 

pixel number of LR image, X stands for the high resolution image, kD is sub-sampling matrix, kC  represents the blur 
matrix, kF is a warp matrix and kn is the image noise. 

The mathematical formulation of SR problem is well suited for the description of image degradation, namely, blurring, 
noise and sub-sampling. Only by modelling this degradation in a rigid way can we conquer these constraints and enhance 
image resolution in the end. Based on the model given above, different approaches can be formulated. We have chosen 
three of the more classic and intuitive methods for our experiments. 

2.1 Registration 

The main procedure of SR consists of three steps: registration, interpolation and restoration. Registration is an important 
step and a prerequisite for successful SR implementations. The method we used is an intensity-based approach which 
considered also intensity variations of the same location in LR images. The method was first proposed in medical 
imaging and the affine transform is automatically estimated. We use the toolbox provided by the authors for our 
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registrations and motion estimation [http://www.cs.dartmouth.edu/farid/research/registration.html]. For the details of the 
method, the reader is referred to [3]. 

2.2 Non-uniform Interpolation and De-convolution 

As the relative shifts between the LR images are arbitrary, it is natural that the interpolation is non-uniform. This is the 
most intuitive method of SR. The first step is to estimate the shift. It is followed by a non-uniform interpolation to 
produce a HR image. The last step is a deblurring process [4].  

Interpolation and de-convolution methods treat SR as a resampling problem where a high resolution (HR) image is first 
simulated and then interpolation was carried out. To further reduce the blurring effects of the result of interpolation, a de-
convolution process is needed. We used a constrained least squares de-convolution technique based on Tikhonov 
regularization, where the priori information makes sure the second derivative of the solution image is minimized [20].  

Comparing to other techniques, this method is cheaper in computational costs. However, since the errors at the 
interpolation process is not accounted for during the de-convolution, it does not guarantee an optimal solution. 
Furthermore, this approach applies only to the case when the blur and the noise effects are constant over the lower 
resolution images. Hence, the use of degradation models is limited in this approach. 

Our implementation

We estimated the shift using the automatic intensity-based method [3]. For the interpolation, the griddata function in 
Matlab is used with the option of triangle-based cubic interpolation. This interpolation function is based on the Quickhull 
algorithm described in [21]. The de-convolution step is done using a point spread function decided empirically. 

2.3 Iterative Back-Projection (IBP) 

First proposed in [5], IBP is based on a similar idea as the computer-aided tomography where a 2-D object is 
reconstructed from its 1-D projections. The method involves a registration procedure, an iterative refinement for 
displacement estimation, and a simulation of the imaging process (the blurring effect) using a point spread function.  

This approach begins by guessing an initial HR image. This initial HR image can be generated from one of the LR 
images by decimating the pixels. This initial HR image is then downsampled to simulate the observed LR images. The 
simulated LR images is subtracted from the observe LR images. If the initial HR image was the real observed HR image, 
then the simulated LR images and the observed LR images would be identical and their differences zero. Hence, the 
computed differences can be “back-projected” to improve the initial guess. The back-projecting process is repeated 
iteratively to minimize the difference between the simulated and the observed LR images, and subsequently produce a 
better HR image. 

The iterative procedure is described by 

)(1 YHXGXX BPnn                             (3) 

where 

py

y
Y

1

and

ppp FCD

FCD
H

111

.

BPG  represents the back-projection filter, 1nX is the improved HR image at the n+1 iteration, and nX is the HR image 
at the n iteration. 

IBP is intuitive hence easy to understand. However, its ill-posed nature means that there is no unique solution. The 
choice of back-projection filter is arbitrary. Compared to other approaches such as regularization approaches, it is more 
difficult to incorporate prior information.  
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Our implementation

The same intensity-based registration is used [3]. We treated the back-projection filter as a transpose of a PSF which is 
approximated by a 7 x 7 kernel with variance set at 1.6.    

2.4 Total Variation

Superresolution is a typical ill-posed problem because of the insufficient LR images and ill-conditioned blurring factors. 
There are infinite solutions satisfying (1). Regularization is not only a means to pick up a stable solution, but also helps 
to improve the rate of convergence. One of the most successful regularization methods is total variation (TV). TV is a 
conventional approach that uses maximum a posteriori (MAP) method and a regularization function to regulate the 
degree of smoothness of the HR image. In reference [6] a 1L norm for estimation of high resolution image is proposed, 
and the overall solution for robust SR is expressed as 

p
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R

Rl

R
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m
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l
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1
0

0
1

||||
1

      (4) 

where is a scalar to weight properly the first term (similarity cost) against the second term (regularization cost). is
the scalar weight factor to give a spatially decaying effect to the summation of the regularization term. l

xS and m
yS  are 

shifts of X by l and m pixels in horizontal and vertical direction, respectively. R is the maximum shift. The solution to 
the minimization problem in (6) can be found by steepest descent algorithm: 
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where is a scalar defining the step size in the direction of the gradient. l
xS  and m

yS  define the transposes of matrix 
l
xS and m

yS , respectively, and have a shifting effect in the opposite directions as l
xS and m

yS .

The use of regularization means that incorporation of a priori knowledge is possible. The regularization component of 
TV stabilizes the inversion of the ill-posed SR problem, putting a constraint to the space of solutions and subsequently 
enables a fast convergence. The use of the 1L norm, instead of 2L norm, to measure data fidelity improves robustness to 
outliners. Parameter tuning and long computing times are disadvantages of this method. 

Our implementation

The procedure of TV is similar to IBP with an addition of a regularization factor. Our implementation followed closely 
the descriptions in [6]. The parameter settings used in our experiments are as follow: = 0.6, 004.0 , 0.02 and 
R 2. The blurring effect is estimated by a Gaussian PSF using a 7 by 7 kernel with a variance value of 1.6.    

3. DATA 
A CHRIS image set from Ginkelse of the Netherlands was acquired on the 20th Oct., 2007. The images were acquired 
with Mode 3 (land channel) with 18 bands at 17m spatial resolution (Fig. 1). The CHRIS images were first preprocessed 
to filter noise and then calibrated to reflectance using algorithms described in [1][2]. A HR airborne AHS hyperspectral 
data acquired on the 10th Oct., 2007 of the same area was available for the evaluation of the SR derived images. The 
AHS data have 20 bands between 0.4-1 m with a spatial resolution of 2.5m (Fig. 1). The airborne data is of good quality 
with perfect weather condition and was acquired within 10 days of the CHRIS acquisition. Due to the differences in band 
configurations, some adaptations have been made for the comparison (Table 1).  

Proc. of SPIE Vol. 7109  710904-4 258



Sc

1I
.A._.

1•
 +36° -36° +55° 

-55° nadir overlapping area with AHS 
Fig. 1. Atmospherically corrected CHRIS images at five different acquisition angles. The figure at the lower right corner shows the 

overlapping area between the CHRIS and the airborne AHS data which are masked out for the calculation of the quantitative 
measures. The red box is the zoom used in Figure 2. 

4. EVALUATION METHODS 
Evaluation of SR techniques with real remote sensing examples are difficult due to the fact that a higher resolution image 
during the same period of time does not always exist or available. Our investigation of hyperspectral images makes it 
more complicated since the evaluation have to be done on each band with presumably matching band configurations. 
The AHS data was downscaled and then re-projected on the SR image. Hence, the measures were calculated at the 
resolution of the SR images at 8.5m. Furthermore, some bands are combined and then averaged to make comparison 
possible (Table 1). For instances, bands 3 and 4 of CHRIS are merged into one band, and so are bands 9, 10 and 11, 
bands 12 and 13, and bands 15 and 16. The bands were combined in a way that their bandcenters are as close to those of 
the HR airborne data as possible. 

Very little has been done concerning the evaluation of SR techniques on hyperspectral images. In this study, we use 
quantitative measures as well as visual assessment. In order to understand the additional advantages of using multi-frame 
SR image reconstruction, we also present the SR results using only one LR image. The single-frame SR is performed on 
the nadir image set which is with the highest quality. Below are the three measures recommended in [19]. 

a. Peak signal to noise ratio (PSNR).  

PSNR is based on the mean squared error (MSE), which is the mean of the squared differences for every pixel 
between the SR image and our airborne image [7]. Let z stands for the observed (airborne) image, z is the SR image, 
and s is the maximum pixel value, 

MSE
sPSNR

2
log10            (6) 
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Table 1. Matching bands between the CHRIS/Proba and airborne AHS data. Shaded cells represent bands that have been merged for 
the sake of comparison. Units are in nanometer. 

CHRIS/Proba AHS 
Band From To bandcenter bandwidth Band From To bandcenter bandwidth 

1 438 447 442 9 1 420.0 494.3 457.2 74.3 
2 486 495 490 9 2 450.0 522.2 486.1 72.2 
     3 470.0 550.0 510.0 80.0 
3 526 534 530 9      
4 546 556 551 10      

3+4 526 556 541 30 4 498.2 580.0 539.1 81.8 
5 566 573 570 8 5 530.0 607.6 568.8 77.6 
     6 555.6 636.1 595.85 80.5
6 627 636 631 9 7 583.0 664.8 623.9 81.8 
7 656 666 661 11 8 612.2 694.0 653.1 81.8 
8 666 677 672 11 9 640.3 722.3 681.3 82.0 
9 694 700 697 6      

10 700 706 703 6      
11 706 712 709 6      

9+10+11 694 712 703 18 10 670.0 751.5 710.8 81.5 
12 738 745 742 7      
13 745 752 748 7      

12+13 738 752 745 14 11 700.0 778.6 739.3 78.6 
14 773 788 781 15 12 730.0 807.9 769 77.9 
     13 760.0 835.4 797.7 75.4
     14 790.0 866.1 828.05 76.1
     15 813.7 895.4 854.55 81.7

15 863 881 872 18      
16 891 900 895 10      

15+16 863 900 882 37 16 850.0 924.2 887.1 74.2 
17 900 910 905 10 17 871.1 954.4 912.8 83.3 
     18 900.6 983.4 942 82.8
     19 930.2 1015.6 972.9 85.4

18 1002 1035 1019 33 20 960.0 1044.8 1002.4 84.8 

where 
N

zz
MSE

2
2

ˆ
. The N here represents the pixel number in the HR images. Higher PSNR values represent 

better image quality. 

b. Structural similarity (SSIM). 

SSIM calculates the similarity in a linked local window by combining differences in average and variation and 
correlation [8]. The use of SSIM is recommended because of its higher correlation with the visual degradation as 
compared to MSE. SSIM is formulated as follow: 

))((
)2)(2(

2
22

1
22

2ˆ1

ccmm
ccmm

SSIM
zzzz

zzzz          (7)

zz  is the covariance between z and z , and zm and zm are their means. z  and z  are the variances of the 
image z and z respectively. The value of the two small constants c1 and c2 are there to avoid zeros at the 
denominator. The window size is set at 11 x 11 and parameters c1 and c2 are 0.01 and 0.03, respectively. The local 
similarity measures are then averaged over all possible window offsets and all channels to obtain the mean structural 
similarity (MSSIM) for the whole image. The value of MSSIM ranges between 0 and 1. A higher value means a 
higher structural similarity and hence better image quality. 

Proc. of SPIE Vol. 7109  710904-6 260



c. Edge Stability (ES) 

Since blurring distortion is the most common distortion in SR, edge stability which is most sensitive to blurring is 
found to be suitable as an evaluation criterion [9]. ES is formulated as follow: 

n

i
ii ezze

n
ES

1

2)(1           (8) 

where ez  is the original (airborne HR) consecutive edge map, ze (SR) is the compared consecutive edge map, n is 
equal to the number of edges that are detected in at least one of these two edge maps. ES measurement uses five 
canny edge detectors with different blur deviations to obtain an ordered set of five edge maps. The blur deviations 
used in this paper are 1.19, 1.44, 1.68, 2.0 and 2.38. Lower ES values represent higher image qualities. 

5. RESULTS AND DISCUSSION 
Since CHRIS/Proba has five acquisitions at angles ± 55º, ± 36º and nadir, it is possible to use all 5 multi-angle images. In 
our initial experiments, we tried all different inputs and the results show that better results are always with the images 
acquired at ± 36º together with the nadir image, but not the whole set with five angles. It is noted in the simulated results 
of [16] that images acquired at angles higher than 40º will have to be treated differently (e.g. special atmospheric 
correction is needed), otherwise it could bring serious distortions. It is not conclusive whether or not CHRIS images at ± 
55º are redundant for SR because there might be other ways to incorporate them. We have not investigated further in that 
respect and all the results in this paper are derived from 3 LR images, ± 36º and nadir.  

All three methods are applied and HR images from different SR method are generated. The result SR images of Band 18 
are presented in Figure 2. In order to see the benefits of using multi-frame SR methods, we also generated a HR image 
with only one LR image, using the nadir image. Each of the three quantitative measures, namely PSNR, ESSIM, and ES 
are calculated. Only the overlapping area between the CHRIS images and the airborne AHS images is used which 
accounts for 437,340 pixels covering approximately 21.5 km2 (Fig. 1). Table 2 lists the scores and the last row shows the 
average result. The average results of PSNR show that multi-frame SR methods are at best at par (in the case of TV) with 
single-frame method. However, for some bands, especially starting from band 12 (738 nm), PSNR improves with both 
TV and non-uniform approaches. The two other measures which are more sensitive to motion distortion (MSSIM) and 
structure similarity (ES) show better enhancements with multi-frame approaches. TV improved image quality in both 
measures. Though IBP improved image quality in most of the bands with ES, its averaged value is lower than that of TV. 
TV approach also has more consistent results over all the three measures making it a preferred technique. More 
experiments with additional data sets are needed for more conclusive statements. 

Visual comparison between the original image (17m) and the SR images (8.5m) finds significant improvements in terms 
of details. The differences between one-frame and multi-frame SR methods are more subtle. Better enhancements are 
found at the edges and boundaries of objects. Visual inspections also conclude that the bands that show improvements 
with multi-frame SR methods are those with good image quality. Hence, quality multi-angle acquisition seems to be a 
prerequisite for superior performance with multi-frame SR methods. 

While non-uniform interpolation method is simple and easy to implement, it is most sensitive to registration errors and it 
needs more LR images to perform well. When the interpolation was performed using only three inputs, many pixels in 
the HR image have no values. The interpolation hence becomes difficult. Even after de-convolution which is used to 
remove artifacts and noise caused by insufficient LR images, our results are not satisfactory. 

IBP is an intuitive method which can be thought of as a maximum a posteriori (MAP) approach by assuming the 
difference between the LR images and the HR image can be statistically modeled. It incorporates more information from 
the LR images than the other two methods. It also has a faster computing time than TV. Its performance, however, relies
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a. Original image (17m) b. Bicubic image (8.5m) 

c. Non-uniform (8.5m) d. IBP (8.5m) 

e. Total Variation (8.5m) f. Airborne AHS (8.5m) 
Fig. 2. The results of band 18 are presented (b to e). (a) The original CHRIS image at 17m resolution. (b) High resolution images by 

single-frame method. (c) HR image by non-uniform interpolation and de-convolution. (d) HR image by iterative back-
projection method. (e) HR image from total variation. (f) Airborne AHS image. 
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Table 2. A comparison of image quality measures between single-frame bicubic resampling method and multi-frame SR 
methods. Higher values of PSNR and SSIM, and lower values of ES represent better image quality. The bolded 
figures represent results that are better than the single-frame SR method. 

PSNR MSSIM
Band no. Bicubic IBP TV NON band no. Bicubic IBP TV NON 
1 24.8730 25.7612 23.8349 23.6816 1 0.99951 0.99960 0.99938 0.99936
2 27.1724 26.0084 26.2319 26.1833 2 0.99972 0.99963 0.99965 0.99965
3+4 24.6721 25.8949 24.7693 23.9201 3+4 0.99950 0.99963 0.99951 0.99940
5 30.2272 29.9900 29.9795 28.5382 5 0.99989 0.99988 0.99988 0.99982
6 29.2417 25.5282 29.1638 27.7063 6 0.99984 0.99959 0.99983 0.99976
7 29.6473 26.7050 28.9162 28.2011 7 0.99985 0.99969 0.99982 0.99979
8 30.1961 25.8745 29.4657 28.9583 8 0.99987 0.99962 0.99985 0.99983
9+10+11 26.0727 25.5275 25.9783 24.8499 9+10+11 0.99967 0.99962 0.99966 0.99955
12+13 21.0831 22.8465 23.4538 23.6025 12+13 0.99895 0.99935 0.99945 0.99947
14 22.9871 22.8684 23.2921 23.3211 14 0.99938 0.99936 0.99944 0.99944
15+16 20.2785 19.8265 20.3865 20.5053 15+16 0.99872 0.99857 0.99877 0.99879
17 19.8348 19.2460 19.9554 20.0003 17 0.99856 0.99834 0.99862 0.99862
18 18.0474 18.0565 18.1719 18.6861 18 0.99778 0.99779 0.99786 0.99809
average 24.9487 24.1641 24.8923 24.4734 average 0.99933 0.99928 0.99936 0.99935

 ES 
band no. Bicubic IBP TV NON 
1 5.9978 5.9298 5.6959 6.1549
2 6.2306 6.0898 6.1634 6.2214
3+4 6.2370 6.1836 6.3458 6.2614
5 6.1028 6.1558 6.2112 6.1851
6 6.2077 6.1523 6.2348 6.2758
7 6.3268 6.3675 6.2924 6.4210
8 6.2273 6.2982 6.2772 6.3442
9+10+11 5.8023 5.8093 5.8087 5.8529
12+13 5.9972 5.5268 5.4109 5.6964
14 5.6375 5.5399 5.4286 5.7306
15+16 5.6132 5.5133 5.3967 5.6944
17 5.6339 5.5369 5.4117 5.7210
18 5.9118 5.8217 5.7004 5.9632
average 5.9943 5.9173 5.8752 6.0402

on an accurate registration process. By assuming all the LR images have the same importance, it utilizes maximum 
information. But this could become a disadvantage if the image quality was bad and noise existed. Another difficulty of 
IBP is related to the back-projection filter which has no fixed definition and the choice of it seems to be rather arbitrary. 
In our case, we have used a PSF  which could be a suboptimal choice. TV is a regularization approach which chooses a 

1L norm fidelity measure within the regularization component. It also belongs to the category that uses Partial 
Differential Equations (PDE). One of the LR images, normally the one with the best quality, is chosen as the reference 
image. TV incorporates information from the LR images into the HR image only when they are similar to the reference 
image. Compared with non-uniform method and IBP, TV is less sensitive to registration errors. By posing the SR 
problem as an inverse problem, it is also easier to incorporate a priori information. However, it has more parameters to 
set and takes longer to run. In our study, we used a fix set of parameters for all the bands. Varying the parameters for 
each band might further improve the results.  

Finally, an important question about application of SR on hyperspectral imagery is how it is going to affect the spectral 
profile of land cover classes. Possible change, or distortion, of the spectral signatures would have negative effects on the 
SR image’s capability for land cover classification. Figure 3 compares the spectral profiles of several typical land cover 
classes extracted from the original nadir image and the SR images. The plots show almost no changes in the profiles 
meaning that the original signatures have been preserved. Closer examinations show that signatures extracted from the  
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Fig. 3. Spectral profiles of selected land covers extracted from the original CHRIS images and superresolution images. 

original image sets acquired at different angles resemble closely to each other. This might explain the minor effect after 
SR. Further experiments to use the SR image for land cover classification can shed more lights on this issue. 

6. CONCLUSIONS 
Hyperspectral data are more effective than conventional multispectral data in many application domains. Multiangular 
CHRIS imagery offers the possibility of applying SR algorithms which can increase its spatial resolution. In this study, 
we compared the spatially enhanced images derived from three SR methods. We also provide the result of single-frame 
SR method. Visual assessments show that the results from IBP and TV are comparable and both are better than the 
single-frame SR image with better contrasts at object boundary. The results from the three commonly-used image quality 
measures show that TV approach has more consistent results compared to the non-uniform interpolation and de-
convolution, and the IBP approaches. When compared with the single-frame SR image, TV scores better in MSSIM and 
ES, but only on par in PSNR. Non-uniform interpolation does not generate the same quality images as the other two SR 
methods. A possible reason is that three LR images are too few to generate adequate information for a proper 
interpolation. Visual assessments also suggested that a condition for multi-frame SR methods to outperform single-frame 
SR method is good LR image quality.  

The use of SR, unfortunately, is not straightforward and there are many parameters to tune. Common to all is the Point 
Spread Function (PSF) which is used to estimate the system blurring. Though IBP and TV can produce quality results, 
parameter settings which are required to be tuned manually are an obvious disadvantage for these methods. Even more 
efforts in parameter settings are required for the regularization approach with TV. Future research efforts should try to 
automate or semi-automate this tuning process. 

In general, the results are quite encouraging. The HR images derived from different SR reconstruction methods are with 
good quality. Examination of the spectral profiles of selected land cover classes from the SR images did not find 
significant distortions. Given the importance of hyperspectral data, CHRIS images at higher spatial resolutions will 
substantially expand its application possibilities. Our experiments show that that might be possible by the use SR 
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methods. More experiments with additional data sets are needed to examine the usefulness of the SR enhanced CHRIS 
images.  

ACKNOWLEDGEMENTS 
The authors would like to express their grateful thanks to Dr Luis Guanter who helped to generate the reflectance images 
used in this study. This study is partially supported by the Belgian Science Policy Office under the framework of 
STEREO II program - project HABISTAT (contract SR/00/103). 

REFERENCES 
[1] Guanter, L., Alonso, L., and Moreno, J., “A method for the surface reflectance retrieval from PROBA/CHRIS data 

over land: application to ESA SPARC campaigns,” IEEE Transactions on Geoscience and Remote Sensing, 43, 
2908-2917 (2005). 

[2] Guanter, L., Alonso, L., and Moreno, J., “First results from the PROBA/CHRIS hyperspectral/multiangular 
satellite system over land and water targets,”IEEE Geoscience and Remote Sensing Letters, 2, 250-254 (2005). 

[3] Periaswamy, S. and Farid, H., “Medical Image Registration with Partial Data” Med. Image Analysis, Epub 2005 
Jun 23, 10(3), 452-464 (2006). 

[4] Ur, H. and Gross, D., “Improved resolution from sub-pixel shifted pictures,” CVGIP: Graphical Models and 
Image Processing, 54, 181-186 (1992). 

[5] Irani, M. and Peleg, S., “Improving resolution by image registration[J]”, CVGIP: Graphical Models and Image 
Proc., 53(5), 231-239 (1991). 

[6] Farsiu, S., Robinson, D., and Elad, M., “Fast and robust multi-frame super-resolution”, IEEE Trans. Image 
Process., 13(10), 1327-1344 (2004). 

[7] Candocia, F.M. and Principe, J.C., “Superresolution of images based on local correlations”, IEEE Trans. Neural 
Networks, 10(2), 372-380 (1999).  

[8] Wang, Z., Bovick, A.C., Sheikh, H.R. and Simoncelli, E.P., “Image quality assessment: from error visibility to 
structural similarity”, IEEE Trans. Image Process., 13(4), 600-612 (2004). 

[9] Canny, J.F., “A computational approach to edge detection”, IEEE Trans. Pattern Analysis and Machine 
Intelligence, 8(6), 679-698 (1986). 

[10] Chan, J.C.-W. and Paelinckx, D., “Application of Machine Learning Techniques for Ecotope Classification based 
on Hyperspectral Images”, Technical Report, Department of Electronics and Informatics, Vrije Universiteit 
Brussel, June 2005, 113 pages (2005). 

[11] Herold, M., Roberts, D.A., Gardner, M.E. and Dennision, P.E., “Spectrometry for urban area remote sensing: 
Development and analysis of a spectral library from 350 to 2400 nm”, Remote Sensing of Environment, 91, 304-
319 (2004). 

[12] Park, S.C., Park, M.K. and Kang, M.G., “Super-resolution image reconstruction: A technical overview”, IEEE 
Signal Process. Mag., 20(3), 21-36 (2003). 

[13] Tsai, R.Y. and Huang, T.S., “Multipleframe image restoration and registration”, in Advances in Computer Vision 
and Image Processing. Greenwish, CT: JAI Press Inc., 317-339 (1984). 

[14] Merino, M.T. and Núñez, J., “Super-resolution of remotely sensed images with variable-pixel linear 
reconstruction”, IEEE Trans. Geosci. and Remote Sensing, 45, 1446-1457 (2007). 

[15] Latry, C. and Rouge, B., “Super resolution: quincunx sampling and fusion processing”, Proc. Int. Geoscience and 
Remote Sensing Symposium (IGARSS), Toulouse, France, 315–317 (2003). 

[16] Galbraith, A., Theiler, J., Thome, K. and Ziolkowski, R., “Resolution enhancement of multi-look imagery for the 
multispectral thermal imager”, IEEE Trans. Geosci. and Remote Sensing, 43, 1964-1977 (2005). 

[17] Akgun, T., Altunubasak, Y. and Mersereau, R.M., “Super-resolution reconstruction of hyperspectral images”, 
IEEE Trans. Geosci. and Remote Sensing, 14(11), 1860-1875 (2005). 

[18] Papathanassiou, C. and Petrou, M., “Super resolution: an overview”, Proc. Int. Geoscience and Remote Sensing 
Symposium (IGARSS), Seoul, Korea, 25-29 July 2005, vol. 8, 5655-5658 (2005). 

[19] van Ouwerkerk, J.D., “Image super-resolution survey”, Image and Vision Computing, 24, 1039-1052 (2006). 
[20] Hunt, B.R., “The application of constrained least squares estimation to image restoration by digital computer”, 

IEEE Trans. Computers, C-22(9), 805-812 (1973). 
[21]  Barber, C. B., Dobkin, D.P. and Huhdanpaa, H.T., “The Quickhull Algorithm for Convex Hulls”, ACM 

Transactions on Mathematical Software, 22(4), 469-483 (1996). 

Proc. of SPIE Vol. 7109  710904-11 265



 

Annex C.14. Chan, J. C.-wai, Ma, J., Kempeneers, P., Canters, F., Vanden Borre, J., 

Paelinckx, D. (2008). An Evaluation of Ecotope Classification using Superresolution Images 

Derived from Chris/Proba Data. IGARSS 2008 - 2008 IEEE International Geoscience and Remote 

Sensing Symposium (p. III - 322-III - 325).  
  

266



AN EVALUATION OF ECOTOPE CLASSIFICATION USING SUPERRESOLUTION IMAGES 
DERIVED FROM CHRIS/PROBA DATA 

 
Jonathan Cheung-Wai Chan1, Jianglin Ma1, Pieter Kempeneers2, Frank Canters1, Jeroen Vanden 

Borre3 and Desiré Paelinckx3 

 
1 Cartography & GIS Research Group, Department of Geography, Vrije Universiteit Brussel, Pleinlaan 2, 1050 Brussels, 

Belgium 
2 Centre of Expertise in Remote Sensing and Atmospheric Processes (TAP), Flemish Institute for Technological Research 

(VITO), Boeretang 200, 2400 Mol, Belgium 
3 Research Institute for Nature and Forest (INBO), Kliniekstraat 25, 1070 Brussels, Belgium 

 
ABSTRACT 

 
This paper discusses the application of superresolution (SR) 
image reconstruction on multi-angle Chris/Proba images. 
The goal is to increase the spatial resolution of Chris/Proba 
images, with 18 bands from 0.4-1.0 m in the hope to obtain 
a better ecotope classification. The SR approach chosen for 
this study is Total Variation [1], an iterative method which 
models the relationship between the desired high resolution 
image and the low resolution images, with the following 
components: a subsampling factor, a point spread function, 
an estimated rotation and shift, and a regularization term. 
This regularization approach is fast in implementation and 
flexible in handling noise. Efficient gradient descent 
methods can be used to find the desired high resolution 
image. The spatial resolution of the original image is 
improved from 25m to 12m using Total Variation. 
Subjective assessment through visual interpretation shows 
substantial improvement in detail. A tree-based ensemble 
classifier Random Forest [2] is used for the classification of 
18 ecotopes. Overall accuracy shows a 10% increase with 
the SR derived Chris/Proba images, compared with a 
classification based on the original imagery. Our results 
demonstrate that SR methods can improve spatial detail of  
multi-angle images, and subsequently classification 
accuracy.  
 

Index Terms— Superresolution, Chris/Proba, ecotope 
classification, Random Forest 
 

1. INTRODUCTION 
 
An efficient reportage of habitat status requires repeatable, 
stable and sustainable methods for long-term monitoring. In 
order to obtain adequate information on the diverse 
ecological and biological conditions within habitats, detailed 
land-cover classification at the ecotope level is needed. 
Ecotopes are landscape features with distinct ecological 
properties. The challenge of mapping ecotopes is that they 

have many classes and variants, making it very difficult, if 
not impossible, to classify them using conventional 
broadband multi-spectral data. Previous reports show that 
hyperspectral data with rich spectral information content 
offer interesting opportunities for detailed classification of 
ecotopes [3][4]. For an operational monitoring of 
environmental status using remotely-sensed data, not only 
stable and timely acquisitions are important, large areal 
coverage is also needed to provide mosaic snapshots of the 
environment. While space-borne images cover large areas, 
the spatial resolution of the imagery is often too coarse for 
regional-scale to local-scale applications. Airborne 
acquisitions can obtain data of higher spatial resolution, but 
they are not cost-effective. Today, it is still not realistic to 
suggest airborne hyperspectral images for a nation-wide 
survey, mainly because of prohibitive costs.  
 
Recently, remote sensing images are acquired from different 
angles for spectral calibration pertaining to view angle 
effects on surface reflectance [5]. Chris/Proba represents one 
of the latest developments in multi-angle remote sensing, 
providing spectral information of the same scene from five 
different angles. The additional information provides a 
means to quantify the uncertainty in variable retrieval from 
remote sensing data. Another possible application of multi-
angle acquisition, perhaps not anticipated as an initial 
objective of multi-angle observation, is to enhance the 
spatial quality of the images by using reconstruction 
methods widely known as superresolution algorithms [6]. 
Superresolution (SR) is a technique developed in the 
machine vision and image processing communities to 
enhance image resolution using images acquired at a sub-
pixel shift. As such, SR techniques can be applied to multi-
angle images. The potential of SR methods for Chris/Proba 
images has not been investigated before. It nevertheless is an 
important subject because it could improve the applicability 
of space-borne multi-angular data. In this study, we 
investigate the benefit of SR image reconstruction for 
detailed classification of ecotopes using Chris/Proba data. 
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Fig 1. A block diagram to show the model relating the LR images to HR images 
 

2. BACKGROUND OF SUPERRESOLUTION 
 
Superresolution refers to the reconstruction methods that can 
be applied to obtain an image with higher spatial resolution 
through the use of several lower-resolution (LR) images. 
The main objective is to achieve the best image quality 
possible from several LR images. However, not all LR 
images are useful for SR. The application of SR algorithms 
is possible only if the LR images satisfy the following 
conditions: the LR images are sub-sampled, that is to say 
aliases exist, and the images have sub-pixel shifts.  
 
SR techniques are closely related to the problems of image 
restoration and image interpolation. The purpose of image 
restoration is to recover a degraded image without changing 
the dimension of the image. Based on similar theories as 
image restoration, SR can be considered as a second 
generation of image restoration techniques which also 
change image dimension. Image interpolation techniques can 
be used to increase the size of an image. However, the 
quality of a single LR image is limited and interpolation 
based on an undersampled image does not allow recovering 
the lost high-frequency information. Hence multiple 
observations of the same scene are needed. An important 
step in SR is to provide a model of the relationship between 
the original high resolution scene and a set of LR images of 
that scene. If we have N LR images and Yk is the kth LR 
image and the HR image is X (X and Yk are their matrix 
form), then this relationship can be formulated as follows: 
 

kkkkk VXMBDY +=   k = 1,…, N           (1) 

 
where Mk is the warp matrix that represents the shift and 
rotation of the LR images. Bk is the blur matrix that 
represents the blurring effects that occur during the 
acquisition and Dk is the subsampling or decimation factor. 
Vk is the ordered noise vector. This model can be illustrated 
as a block diagram in Fig 1. 
 
The main procedure of SR consists of three steps: 
registration, interpolation and restoration. Based on the 
model given above, different approaches can be formulated. 
Conventional methods include the non-uniform interpolation 
approach, the frequency domain approach, the regularization 

reconstruction approach, the projection onto convex sets 
approach, hybrid approaches and others [6]. It is important 
to note that SR can also be applied on a single-frame LR 
image [7]. However, in such case, it is more often referred to 
as image scaling, interpolation, zooming and enlargement. 
Superresolution reconstruction is an active subject and has 
already been applied to remote sensing images such as 
Landsat [8][9], SPOT [10], Quickbird [9], and multi-looking 
thermal data [11]. In this paper, we focus on its application 
to multi-angle Chris/Proba images. 
 

3. DATA AND STUDY AREA 
 
A Chris/Proba image was acquired on 18th Sept, 2007 using 
Mode 3 Land Channels, which are designed for land-cover 
classification in general. Data was registered in eighteen 
bands between 0.4-1.0 m at 5 different angles [-55º, -36 º, 
0 º, +36º, +55º]. The five observations were used as LR 
inputs for the SR reconstruction. Figure 2 shows the original 
Chris image acquired at nadir. The data were preprocessed 
using the de-stripping program implemented under BEAM, a 
pre-processing package for Chris data 
(http://www.brockmann-consult.de/beam/downloads.html). 
Then the multi-angular images were hand-registered and a 
subset that overlapped with our study site was masked out 
for our experiments. Our case study is ecotope mapping 
based on a classification scheme currently applied in 
Belgium for producing the biological valuation map. Within 
our study area at the Kalmthout site, 18 ecotopes were 
identified (Table 1). The number of samples used for the 
training and validation is listed in Table 1.  
 

4. METHODOLOGY 
 
We applied different off-the-shelf SR methods on the 
Chris/Proba images. The method we have found to provide 
the best results is Total Variation [1], which can be 
described as a regularization approach. Regularization is not 
only a means to pick up a stable solution, but also helps to 
improve the rate of convergence. Our implementation 
basically follows the methodology described in [1] where an  
L1 norm of total variation is implemented with a fast 
regularization component that substantially reduces 
computational loadings. 
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 Ecotope Classes Samples in 

Chris/Proba 
Class 

accuracy 
Samples in the SR 

reconstructed image 
Class 

accuracy 
1 Arable field 735 88.9 2712 93.7 
2 Bare sand 84 89.7 267 96.5 
3 Deciduous forest – Beech 17 33.3 49 81.8 
4 Deciduous forest – Mixed oak-birch forest 279 55.5 977 76.9 
5 Coniferous forest – Scots pine 1922 84.8 7478 88.5 
6 Coniferous forest – exotic conifers 186 58.8 647 94.1 
7 Grassland - temporary 445 69.3 1685 83.6 
8 Grassland – permanent agriculturally improved, 

species poor 
885 75.3 

 
3296 85.5 

 
9 Grassland – permanent agriculturally improved, 

species rich 
115 44.9 

 
338 84.8 

 
10 Grassland – permanent, semi-natural 21 0.0 65 79.2 
11 Heathland – wet, open 388 61.9 1422 72.8 
12 Heathland – dry, open 242 45.9 839 76.4 
13 Heathland – dry, with trees 408 53.6 1439 78.6 
14 Heathland – grass encroached, open, dry 451 55.8 1680 73.4 
15 Heathland – grass encroached, open, wet 495 55.2 1821 74.8 
16 Heathland – grass encroached, open 748 60.8 2827 73.0 
17 Urban 164 94.6 536 98.7 
18 Water - oligotrophic 337 99.4 1288 99.8 

Table 1. Description of the ecotopes. The number of samples used for training and validation before and after the application 
of SR reconstruction. Class accuracies before and after SR reconstruction is also shown. 
 
Using the notation in [1], the formulation of the problem is 
as follows: 
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where X is the desired HR image and Yk are the LR images. 
The three components used to describe the relationship 
between the HR image and the LR images are D, B and M 
which represent the sampling factor, the blurring effects, and 

the warping matrix respectively. l
xS  corresponds to an edge 

image that shows the shift of X by l pixels in the horizontal 

direction, and m
yS corresponds to one that shows the shift by 

m pixels in the vertical direction. 
 
The solution for the problem is obtained by the steepest 
descent method: 
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This method first uses Fourier transformed SR images to 
estimate the rotation and shift which are the parameters for 
Mk. Then Bk was approximated by a Point Spread Function 
defined by a Gaussian distribution with a variance of 1.6 

under a 7 x 7 window. The downsampling factor D was set 
at 2. The rest of the parameters are empirically defined and 
for this experiment were set as follows:  = 0.6,  = 0.02,  
= 0.004.  
 

5. RESULTS AND DISCUSSION 
 
Our experiments showed that common SR algorithms cannot 
be applied successfully without a manual registration 
process. This probably is due to the large geometric 
distortion and variation in irradiance caused by the different 
acquisition angles. Sometimes this also implies huge 
differences in atmospheric conditions caused by moisture 
content and haze. Multi-angle remote sensing adds 
considerable complexity to the SR problem. In additions to 
geometric distortion due to different viewing angles, pixel 
resolution is not constant over the image and pixels are 
subjected to different blurring and noise effects. These 
problems are partially solved by registration. Initial 
experiments showed that while each of the five observations 
provides different information, the use of all images does not 
generate good SR results. In [11], it is stated that acquisition 
angles over 40º may pose problems for SR methods. Our 
results confirm this observation and our final HR image was 
obtained by using images taken at three angles only: the 
nadir, -36º and +36º. The derived SR images show apparent 
improvement in detail. Figure 2 shows the SR reconstructed 
image of band 18. The zoom illustrates clear improvements 
in image details for an increase in spatial resolution from 25 
m to 12m.  
 
For the ecotope classification we used the powerful tree-
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Original image (25m) SR image (12m) zooms 

Fig 2. SR derived Chris/Proba image, band 18. The top zoom is from the SR image, the bottom zoom from the original image.  
 

based ensemble classifier, Random Forest. Due to the small 
number of training samples for certain classes, we validated 
our results using out-of-bag estimates within Random Forest 
[2]. The number of samples in the HR image increased after 
the SR reconstruction (Table 1). Compared to the original 
Chris/Proba data which is 25m in spatial resolution, the 
classification accuracy obtained with the SR image is about 
10 percent higher (84%) for an increase of the pixel 
resolution to 12m. Accuracy improvements for certain 
classes are quite substantial. Though the accuracy would be 
a bit lower with a blind test set, which was not available in 
this experiment, improvement through the use of SR images 
may still be expected to be substantial, which is very 
encouraging.  
 
Visual assessment of the SR derived image clearly shows 
enhanced quality. Moreover, our first classification results 
show that the application of SR algorithms to space-borne 
multi-angle images might be able to improve the scale of the 
mapping as well as the classification accuracy. There are, 
however, many aspects of SR techniques that need to be 
investigated in more detail, e.g. the influence of atmospheric 
correction has not been thoroughly dealt with in this study 
due to the lack of ground measurements, parameter setting is 
still complicated and it is time-consuming to find the best 
combination of parameters, most algorithms are 
computationally heavy, etc. Proper evaluation of SR 
methods is also a problem since a high resolution data set 
with corresponding wavebands, and ideally acquired during 
the overpass of Chris/Proba, is mostly unavailable. More 
research is therefore needed to enhance our understanding of 
the subject as it may have important implications for the 
successful utilization of space-borne multi-angle 
hyperspectral data for reporting on the status of our 
environment. 
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ABSTRACT: 

 

Subpixel image registration is the key to successful multi-angle remote sensing image applications such as image fusion, 

superresolution and classification. However, multi-angle remote sensing images pose some difficulties for automatic image 

registration, namely, 1) precisely locating control points (CPs) is difficult as large view angle images are susceptible to resolution 

change and blurring; and 2) local geometric distortion caused by variations in platform stability makes rigid transform models such 

as the projective model unreliable. In this paper we propose a two-stage automatic registration scheme for multi-angle remote sensing 

imagery. In the first step, CPs are gathered via the scale invariant feature transform (SIFT). However, CPs collected by SIFT may be 

too few or unevenly distributed. Therefore, another CPs collecting procedure based on normalized cross-correlation follows. In order 

to eliminate outliers in the CPs a geometric constraint is utilized; after outlier elimination in order to get CPs of high accuracy for the 

estimation of the thin plate spline model, which is used to solve the local geometric distortion problem, a pre-fitting procedure is 

adopted. The methodology developed in this paper is applied to three Compact High Resolution Imaging Spectrometer onboard the 

Project for On-board Autonomy (CHRIS/Proba) images. Experimental results demonstrate the efficiency and accuracy of the 

proposed method. 
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1. INTRODUCTION  

Many recently available remote sensing imaging systems are 

equipped with multi-angle functions for a better understanding 

of the earth’s surface character. These include the Multispectral 

Thermal Imager (MTI), the Multi-angle Imaging Spectro-

Radiometer (MISR), the Along Track Scanning Radiometers 

(ATSR-1, ATSR-2, AATSR), and the Compact High 

Resolution Imaging Spectrometer onboard the Project for On-

board Autonomy (CHRIS/Proba). The number of captured 

images and view angles varies from platform to platform. For 

example, the MTI can capture two images at 0° and 50° in a 

single pass, and the AATSR can observe the same target at 

view zenith angles of 0° and 55°. However, MISR can produce 

image stacks for nine camera angles (+70°, +60°, +45.6°, + 

26.1°, 0°, -26.1°, -45.6°, -60°, -70°)  and CHRIS/Proba 

provides multiple observations of the same scene at five 

different angles (+55°, +36°, 0°, -36°, -55°). These 

functionalities open up new applications in the areas of change 

detection, image fusion for classification and thematic map 

production, resolution enhancement and so on (Chan 2008a, 

Chan 2008b). However, for any successful application, 

accurate registration of these multi-angle images is a 

prerequisite. Automatic registration in these cases faces two 

main challenges: 1) images captured at large view angles are 

susceptible to resolution change and blurring, which makes 

precisely locating control points (CPs) difficult; 2) local 

geometric distortion caused by variations in platform stability 

is serious, which makes rigid transform models such as the 

projective model unreliable. A manual registration approach is 

not impossible in situations where a large number of images 

need to be registered. Also the accuracy of the manual 

approach can not be consistent as it strongly depends on 

decisions made by the operator. Thus, there is a pressing need 

for automatic image registration methods for multi-angle 

imagery.   

 

A typical registration method can be divided into four steps: 1) 

feature detection; 2) feature matching; 3) transform model 

estimation; and 4) image resampling (Zitova and Flusser, 

2003). There are many registration approaches, but depending 

on whether feature detection (step 1) is involved, registration 

methods can broadly be classified into two categories: area-

based and feature-based methods (Zitova and Flusser, 2003).  

 

Generally speaking, area-based methods have higher accuracy 

than feature-based methods, and they are particularly well-

suited for images acquired from the same sensor (Eastman et al., 

2007). However, there are difficulties in applying area-based 

methods directly on multi-angle imagery. Geometric distortion 

is usually high for images acquired at high view angles, making 

it impossible to use a rigid transform model such as the affine 

or projective transform. A viable alternative is to use a non-

rigid registration model by searching for an adequate number of 

quality CPs and then estimating the model’s parameters. 

However, if these CPs are gathered by first defining a window 

in the input image and then searching for a window match in 

the reference image, we face the problem of having to deal with 

a very large searching space (in the reference image). In order 

to solve this problem usually a coarse-to-fine hierarchical 

strategy is adopted. The template first finds candidate locations 

in the reference image at a coarse resolution, which can be 

obtained by way of the pyramid approach; then the positional 

accuracy is gradually improved by moving up to finer 

resolutions. However, for multi-angle imagery such as 

CHRIS/Proba, this method is not applicable as the gray level 

similarity between multi-angle imagery is weak due to 
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resolution disparity and severe blurring. Comparatively, 

feature-based methods that work on image features are more 

robust to variations in view angle and are therefore more suited 

for multi-angle imagery registration (Capel and Zisserman, 

2003). However their disadvantage is that the number of 

detected CPs is sometimes few and therefore will cause 

problems for the estimation of a complex non-rigid transform 

model such as the thin plate spline (TPS) or piecewise linear 

(PL) model. To tackle the above-mentioned problems, we 

outline in this paper an automatic registration method that 

integrates the merits of both area-based and feature-based 

methods. It involves a two-stage CPs detection scheme where 

candidate CPs are collected first with the scale invariant feature 

transform (SIFT) method and then with a template matching 

method using normalized cross-correlation (NCC) as a 

criterion. It also incorporates a hierarchical approach to refine 

the collected CPs. The outliers in the SIFT CPs are discarded 

by the ambiguity criterion and a robust estimation of the 

projective transform model with m-estimator sample consensus 

(MSAC) (Torr and Zisserman, 2000); the outliers in the NCC 

CPs are eliminated by a spatial constraint instead of a threshold 

on the NCC coefficients. In order to make sure CPs are as 

accurate as possible, a final iterative refining procedure based 

on the statistical nature of CPs is performed to remove CPs of 

low accuracy. The TPS model is finally estimated via the 

selected CPs. The non-rigid TPS model is adopted to surmount 

the serious local distortion problem in multi-angle imagery.  

 

We tested our approach on three sets of CHRIS/Proba images 

and accurate registration results are attained. In the following 

section the methodology is described (section 2). Experimental 

results are presented in section 3. Section 4 focuses on major 

conclusions and directions for future research.  

 

2. METHODOLOGY 

The proposed registration method is composed of four stages 

(Figure. 1). Each stage is described in detail below. 

 
Figure 1.  Flow chart showing the processing chain 

 

2.1 SIFT Control Points Selection 

Among various local feature detection methods, SIFT is a 

promising approach because it improves detection stability in 

situations of noisy input (Lowe, 2004). The method is also 

preferable when changes occur in scale, illumination, and to a 

certain extent in the 3D camera viewpoint. It achieves almost 

real-time performance and the detected features are highly 

distinctive. An extensive evaluation of various local 

descriptors’ robustness in terms of viewing conditions and 

blurring effects is found in Mikolajczyk and Schmid (2005), 

and SIFT-based descriptors are described as the best 

performers. SIFT not only defines the position of detected 

points but also describes point detection quality. The detected 

SIFT points, also referred to as keypoints, are candidate CPs 

for feature matching. A keypoint descriptor is a quality 

measurement describing the region around the keypoint. The 

SIFT algorithm can be divided into four steps: scale-space 

extrema detection, keypoint localization, orientation 

assignment and keypoint descriptor assignment.  As space is 

limited we refer the interested reader to Lowe (2004) for more 

details.  

 

Once the keypoint descriptor has been calculated, keypoints 

can be matched by using the minimum distance method. 

However, not every pair of matched keypoints can be thought 

of as SIFT CPs as the keypoint descriptor only contains limited 

context and hence feature matching will often be ambiguous. 

Two criteria are used to filter out the outliers, or the bad pairs. 

The first criterion is
th

T , an indicator of the ambiguity of each 

matched keypoint.  
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where d1 is the distance to the nearest matched keypoint and d2 

is the distance to the second nearest. If Tth is close to 1, it 

means d1 is close to d2. That is to say, for a certain keypoint in 

the input image, SIFT detected two possible matching 

keypoints in the reference image. This is an ambiguous 

situation and the matched pair will be deleted if 0.75
th

T > . 

 

The second criterion is a spatial constraint based on the MSAC 

algorithm. Although local geometric distortion exists in multi-

angle images, the main geometric relationship can still be 

represented by a projective transform model (Capel and 

Zisserman, 2003). MSAC utilizes this spatial relationship to 

eliminate falsely matched keypoints. MSAC, or m-estimator 

sample consensus, is an improved version of the RANDom 

Sample Consensus (RANSAC) algorithm, which has been 

widely used for rejecting outliers in matching points (Kim and 

Im, 2003). Both algorithms first estimate a projective model 

with four randomly selected points. After that the transform 

model is evaluated with regard to a fitting cost function:   
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where i refers to the ith matched keypoint pair and ρ is the 

error term defined as: 
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In equation (3) Tm is the threshold beyond which the matched 

keypoint pairs are considered outliers for the transform model, 

and 2 2 2 2 2( ) ( ) ( ) ( )i i i i i i i i ie x x y y x x y y′ ′ ′ ′= − + − + − + − is 

defined as the observed error function for a matched keypoint 

pair ( , ) ( , )
i i i i

x y x y′ ′↔ , with ( , )
i i

x y , ( , )
i i

x y′ ′  point 

positions calculated via the estimated projective transform 

model. L is a variable that determines the difference between 

RANSAC and MSAC. For RANSAC L=0, which means every 

inlier has the same effect on the estimated transform model; for 

MSAC
2

L e= , which means every inlier has a different 

influence on the fitting of the estimated transform model. Thus, 

it permits more flexibility in setting Tm. In case Tm is set too 

high some outliers can be regarded as inliers. MSAC mitigates 

this by treating all inliers differently. The default setting for Tm 

is 64. In this study, the above procedures were repeated 500 

times and the transform model with the lowest fitting cost 

function value C was selected. Finally, the projective transform 

is re-estimated using all the keypoint pairs whose observed 

error function 2e values are lower than Tm. These keypoint pairs 

constitute the first set of CPs, which are referred to as SIFT 

CPs in the paper.  

 

 

2.2 NCC Control Points Selection 

The problem of using only feature-based SIFT to generate CPs 

is that the number of CPs may be too small and CPs may be 

unevenly distributed. To remediate this problem, an area-based 

CP selection procedure is initiated. First, an intermediate 

registered image is generated by applying the projective 

transform described in Stage 1. We will call this image the 

‘intermediate input image’ and use it for a template matching 

procedure. The intermediate input image is separated into 

image chips of 64×64 pixels, and each chip is matched with a 

corresponding chip in the reference image via NCC, or 

normalized cross-correlation. The matched center points of the 

chip pairs are then used as candidate CPs. This way the number 

of CPs for the final non-rigid transform model estimation is 

increased. The NCC coefficient r is calculated as:  
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where ( , )
T

g i j and ( , )
S

g i j represent the grey values of the 

image chips in the input image and in the reference image 

respectively. 
T

g and
S

g are the corresponding mean grey 

values respectively. R and C are the numbers of rows and 

columns of the image chips.  

 

NCC has the following advantages that make it well-suited for 

CP searching: 1) the NCC coefficient is brightness invariant, 

that is to say, in the case of changes in external illumination the 

NCC coefficient will not change. This is especially important 

for multi-angle imagery as objects captured at different view 

angles may have different illumination and reflectance 

characteristics; 2) NCC CPs are robust to blurring. While the 

NCC coefficient will vary with the blurring of the template, the 

position of its maxima will not change. This is also important 

for images acquired at high view angles as these usually suffer 

from serious blurring; 3) NCC is comparatively fast to calculate 

(Lewis, 1995); and 4) NCC CPs obtained from image chips 

will be evenly distributed across the whole image.  

 

There are three important issues with regard to collecting NCC 

CPs. The first has to do with template size. The larger the 

template is, the more unique the matching entity will be. 

However, the calculation load will increase as well. In our 

implementation the template window size was set at 64×64 as a 

compromise between calculation load and accuracy. In most 

cases, this window size enables us to find enough salient image 

features like lines and ridges. The second issue is related to the 

size of the searching space. We define a searching space which 

is about one and a half times the size of the template in the 

intermediate input image, that means the searching space has a 

size of 96×96. As the intermediate input image almost overlaps 

with the reference image, such a large space can make sure the 

template can find the matching chip within the constrained 

space. The last issue is about how to arrive at subpixel 

accuracies. In many applications, such as superresolution image 

reconstruction, subpixel accuracy is required. However, NCC 

can only determine an integer value for the CP position. In 

order to obtain subpixel accuracy, a 2nd order polynomial 

around the position of the NCC coefficient maximum is 

established. Nine points are used to determine the 2nd order 

polynomial applying the least-squares method. The CP position 

with sub-pixel accuracy corresponds to the location where 

partial differentiation of the polynomial reaches a zero value.  

 

After NCC CPs have been gathered, they need to be screened 

for outliers. Homogeneous areas such as sand and water, which 

show repetitive patterns or low contrast may lead to false 

matches. NCC may also fail when moving objects such as 

clouds and shadows occur in the imagery. The traditional way 

to eliminate outliers in NCC CPs is by thresholding the NCC 

coefficients. However, initial experiments showed that this 

method is not effective. It is difficult to define a proper 

threshold for all the images, and it often occurs that the 

matching is successful in spite of coefficient values smaller 

than the threshold, and vice versa. We therefore use a 

geometric constraint to detect outliers in NCC CPs. If the 

distance between a pair of CPs is larger than a threshold value 

Td, it is regarded as an outlier. The default setting for Td  is 16.  

 

2.3 Control Points Refining  

At this stage in the process two groups of CPs have been 

obtained: one SIFT and one NCC set. Both sets have gone 
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through outlier detection procedures, and together they 

constitute the potential set of CPs for TPS model estimation. 

As TPS is based on interpolation, it is important to make sure 

that each pair of CPs is as accurate as possible.  

 

At this stage, the objective is to obtain the most accurate CPs 

possible by pruning points with large random errors. This can 

be done by utilizing the statistical characteristics of the CPs. 

Given a true, noise-free CP ( , )x y in the reference image, the 

probability density of the corresponding observed CP 

location ( , )x y can be thought of as a normal distribution 

(Capel and Zisserman, 2003):  
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The observed noisy point ( , )x y  is the detected CP in the 

reference image, and the true, noise-free point ( , )x y  comes 

from the calculated CP via the CP in the input image and an 

estimated 3rd polynomial transform model. The polynomial 

transform of the 3rd order has often been used when 

geometrical distortion is substantial, and the residual stochastic 

characteristics of the 3rd order polynomial transform have been 

well studied (Buiten and van Putten, 1997). While it is not the 

recommended transform model for multi-angle imagery, it has 

the following characteristics which make it suitable for pre-

fitting: 1) the polynomial function is an approximation 

function, which means that a CP pair with a comparatively 

large random error will not dramatically degrade the 

polynomial function parameter estimation; 2) the 

approximately evenly distributed NCC CPs contribute to an 

unbiased estimation of parameters. For a normal distribution, 

about 99.7% of the values are within plus and minus three 

standard deviations from the mean. Therefore, if the measured 

error of a CP pair is larger than three standard deviations, it is 

considered as a large random error and the CP pair will be 

discarded. 

 

The CPs refining stage can be summarized as follows:  

(i) Define a 3rd polynomial transform model using the least-

squares method with all the CPs.  

(ii) Calculate the noise-free point position, and obtain the 

model residual dx and dy in the horizontal and vertical 

direction. Compute the mean and standard deviation of dx and 

dy, and eliminate the points whose dx or dy value is beyond 

three standard deviations. 

(iii) Repeat the above procedures until the following condition 

is fulfilled: the residuals in both directions are within three 

standard derivations. 

 

2.4 Image Warping 

TPS is an interpolation function with the CPs having a one-to-

one mapping relationship. TPS is also the only spline model 

that can be cleanly decomposed into a global affine and a local 

non-affine warping component, and thus it can account for the 

local deformation caused by optical effects, relief change and 

so on (Chui, 2000). The thin-plate spline interpolation function 

can be expressed as: 
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where ( , )x y is the coordinate in the input image, and 

( ( , ), ( , ))f x y g x y is the coordinate in the reference image. 

( , )
i i

x y is the detected CP position in the input image. 

2 2 2( ) ( )
i i i

r x x y y= − + − represents the distance between  

( , )x y and ( , )
i i

x y , and 
11 23

,...,h h define an affine transform 

matrix. 
i

F  and 
i

G are the weights of the non-linear radial 

interpolation function.  

 

 

To solve equation (6) with N pairs of CPs, the following 

equilibrium constraints are imposed: 
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With N pairs of CPs and the six equations in equation (7), we 

can solve the 2N+6 unknown parameters in the TPS model. A 

more compact calculation for the unknown parameters is 

expressed as:   
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After the parameters of the TPS model have been estimated, the 

warping of the input image can be performed using the TPS 

model and the bilinear resampling function.  

 

3. EXPERIMENTS 

The proposed method was tested on multi-angle CHRIS/Proba 

imagery. All the images were acquired in mode 3 at five 

different view angles. The result of the 18th band (1002 - 1035 

nm) will be used as a demonstrator. The reference image is the 

nadir image. Details of the data sets are described in Table I.  

 

Site Country Time 

Kalmthout Belgium 1st July, 2008 

Dijle Valley Belgium 20th May, 2008 

Ginkelse Heide TheNetherlands 22nd Oct., 2007 

               
Table 1. Study area 
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The pre-processing of CHRIS/Proba was done with the open-

source software BEAM CHRIS-Box. It includes two important 

procedures: 1) noise reduction: replace missing data and de-

striping; 2) atmospheric correction: retrieve the surface 

reflectance from remotely sensed imagery by removing the 

atmospheric effect (Guanter, 2005). 

Figure 1 shows the 18th band for the five multi-angle images 

(+/-55°, +/-36°, and 0°) for the Kalmthout site. It is clear from 

Figure 1 that blurring for large view angles (+/- 55°) is serious 

and that illumination conditions vary with different view 

angles. All the off-nadir images were co-registered to the nadir 

image using the proposed method. 

          

Twenty sets of manually selected CPs were used as ground 

truth. The registration accuracy, represented by the root mean 

square error (RMSE), was calculated for each registered image 

as shown in Table 2.  

                               

Site Angle RMSE 

+36 0.1266 

-36 0.1492 

+55 0.1526 

 

Kalmthout 

-55 0.1655 

+36 0.1239 

-36 0.1114 

+55 0.2124 

 

Dijle Valley 

-55 0.1335 

+36    0.1271 

-36 0.1211 

+55 0.3506 

 

Ginkelse 

Heide 

-55 0.2991 

Average - 0.1727 

 

Table 2. Registration accuracy for different images 

 

The average registration accuracy assessed by means of a set of 

manually selected CPs is about 0.1727 pixels, which is very 

high. The results also show that on average the registration 

error for larger view angles at +/-55° is higher than for smaller 

view angles at +/-36°, which is normal. Results of visual 

evaluation of the proposed algorithm are shown in Figure 2. 

Three zooms are provided showing that the registered image 

fits well with the reference image across the whole scene.  

 

4. CONCLUSION 

In this paper a two-stage registration scheme is proposed. 

Salient SIFT CPs are detected first and then used for the 

estimation of the projective transform in stage 1. SIFT is shown 

to be a good feature detection method for multi-angle imagery. 

Even in the case of severe blurring and large resolution 

disparity between multi-angle imagery, at least 4 pairs of true 

SIFT CPs can be detected for the intermediate projective 

transform model estimation. The outliers in the set of candidate 

SIFT CPs can be successfully identified via the ambiguity 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

criterion and MASC. Outlier detection is not only important for 

identifying true SIFT CPs but also vital for detecting 

subsequent NCC CPs. Our experiments also testify that without 

this outlier procedure the intermediate input image will not 

overlap well with the reference image, which will make 

subsequent NCC CP detection fail.  

 

NCC has also been proven to be a good area-based CP 

detection method for obtaining evenly distributed CPs in stage 

2. After pre-registration the intermediate input image has 

geometric characteristics similar to the reference image. This 

intermediate step not only makes template matching much 

easier because the searching space is more constrained but also 

makes the NCC matching criterion hold. For example, if two 

image chips are of a different spatial resolution, which is the 

case for multi-angle imagery, NCC will fail. Also NCC’s 

robustness to illumination change and blurring makes it 

particularly suited for CP detection, starting from the 

intermediate input image.   

 

The iterative CP refining procedure in stage 3 is based on two 

assumptions: (1) the density of observed CPs is Gaussian, and 

(2) a 3rd order polynomial function is an empirically more 

appropriate global transform model for multi-angle imagery. 

Actually before the automatic registration method for 

CHRIS/Proba was proposed, different transform models were 

tested with CPs selected by hand. The 3rd order polynomial 

model proved to be a better transform model than other global 

transform models. During the refining procedure bad CPs with 

large random errors are successfully identified, however, a 

small part of the good CPs with high accuracy are eliminated as 

well. Indeed, while the 3rd order polynomial model residual 

can be thought of as an indictor of a bad pair of CPs, the large 

model residual can not guarantee it really is (Buiten and Van 

Putten, 1997). Visual inspection of the final CPs demonstrates 

that after CP refining only CPs with high accuracy are left.  

 

The TPS model in stage 4 not only helps to deal with local 

distortion in multi-angle imagery but also helps to reach sub-

pixel registration accuracy. Another key component to reach 

sub-pixel accuracy is that the CPs themselves are detected with 

sub-pixel accuracy by way of interpolation.  

 

The overall results obtained with three multi-angle 

CHRIS/Proba image sets are encouraging. The proposed 

     
                   (a)                                         (b)                                         (c)                                             (d)                                 (e) 

Figure 1. Multi-angle CHRIS/Proba imagery for the Kalmthout site: (a) Nadir (the squares correspond to the zones shown in detail in Figure 

2), (b) +36°, (c) -36°, (d) +55°, (e) -55°.  
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method can also be applied on other multi-angle imagery from 

systems such as MTI and MISR.  
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Figure 2.  Registration results for the Kalmthout site. The first, second and third row correspond to the upper left corner, the center 

and the bottom right corner of Figure 1 respectively. In each row the centers of the cross correspond to the same point at different 

view angles after registration. 
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Fully Automatic Subpixel Image Registration
of Multiangle CHRIS/Proba Data

Jianglin Ma, Jonathan Cheung-Wai Chan, and Frank Canters

Abstract—Subpixel image registration is the key to success-
ful image fusion and superresolution enhancement of multiangle
satellite data. Multiangle image registration poses two main chal-
lenges: 1) Images captured at large view angles are susceptible to
resolution change and blurring, and 2) local geometric distortion
caused by topographic effects and/or platform instability may be
important. In this paper, we propose a two-step nonrigid auto-
matic registration scheme for multiangle satellite images. In the
first step, control points (CPs) are selected in a preregistration
process based on the scale-invariant feature transform (SIFT).
However, the number of CPs obtained in this first step may be
too few and/or CPs may be unevenly distributed. To remediate
these problems, in a second step, the preliminary registered image
is subdivided into chips of 64 × 64 pixels, and each chip is matched
with a corresponding chip in the reference image using normalized
cross correlation (NCC). By doing so, more CPs with better spatial
distribution are obtained. Two criteria are applied during the gen-
eration of CPs to identify outliers. Selected SIFT and NCC CPs are
used for defining a nonrigid thin-plate-spline model. The proposed
registration scheme has been tested using data from the Compact
High Resolution Imaging Spectrometer (CHRIS) onboard the
Project for On-Board Autonomy (Proba) satellite. Experimental
results demonstrate that the proposed method works well in areas
with little variation in topography. Application in areas with more
pronounced relief would require the use of orthorectified image
data in order to achieve subpixel registration accuracy.

Index Terms—Automatic registration, CHRIS/Proba,
m-estimator sample consensus (MSAC), normalized cross
correlation (NCC), scale-invariant feature transform (SIFT), thin
plate spline (TPS).

I. INTRODUCTION

MANY recently available imaging systems, including the
Multispectral Thermal Imager (MTI), the Multiangle

Imaging Spectroradiometer (MISR), the Along Track Scanning
Radiometers (ATSR-1, ATSR-2, and AATSR), and the
Compact High Resolution Imaging Spectrometer (CHRIS)
onboard the Project for On-Board Autonomy (Proba) satellite,
are equipped with multiangle capabilities for a better
understanding of the directional reflectance properties of
the Earth’s surface. The number of captured images and view
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angles vary from platform to platform. For example, the MTI
can capture two images at 0◦ and 50◦ in a single pass, while the
AATSR observes the same target at view zenith angles of 0◦ and
55◦. MISR can produce image stacks for nine camera angles
(+70◦,+60◦,+45.6◦,+26.1◦,0◦,−26.1◦,−45.6◦,−60◦,−70◦).
CHRIS/Proba provides multiple observations of the same
scene at five different angles (+55◦,+36◦, 0◦,−36◦,−55◦).
Multiangle image acquisition opens up new applications
in the retrieval of physical scene characteristics, as well as
quantitative improvements in classification accuracy through
image fusion and resolution enhancement [1]–[5]. However,
for any successful application of multiangle remote sensing,
the accurate registration of the multiple view images, which
at times are also multitemporal, is a prerequisite. Automatic
registration of multiangle imagery poses two main challenges:
1) images captured at large view angles are susceptible to
resolution change and blurring, which makes precisely locating
control points (CPs) difficult, and 2) local geometric distortion
caused by topographic effects and/or platform instability
may be important, which makes rigid transformation models
unreliable. A promising method for image registration at
large view angles using a physical sensor model is detailed
in [6]. The method involves two main steps: In the first step,
the input and reference images are orthorectified based on a
digital elevation model (DEM) and sensor model to correct
for stereoscopic parallax and viewing geometry differences.
In the second step, CPs in the input image and reference
image are identified using frequency correlation methods,
and then, the input image is orthorectified according to the
set of CPs devised. Application of this method, however,
requires the availability of a DEM, as well as reliable metadata
on sensor geometry which may not be available for some
imaging systems. For CHRIS/Proba, reliable determination of
satellite–target geometry poses some difficulties [7]. Moreover,
the method proposed in [6] is not fully automatic, and manual
CP collection is needed in the case where the area of overlap
between the input and orthorectified images is limited.

In this paper, a fully automated registration method that
does not require any a priori knowledge on sensor geometry
is proposed. The method comprises a robust procedure for
CP selection and makes use of a nonrigid thin-plate-spline
(TPS) for image warping. As will be demonstrated, the method
performs well in areas with little variation in topography. In
areas with moderate to strong variation in relief, the method
is expected to perform less well as local distortions caused
by parallax shift will adversely affect registration accuracy.
In such cases, and if reliable metadata on sensor geometry is
available, a physical-model-based approach, as presented in [6],

0196-2892/$26.00 © 2010 IEEE
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will be more appropriate, in combination with a fully automatic
procedure for CP selection as presented in this paper.

II. IMAGE REGISTRATION METHODS

In most studies, multiangle CHRIS/Proba image registration
relies on the manual selection of homologue points in each
image [1], carried out by a skilled operator familiar with the
study area. However, the manual selection of CPs is tiring, time-
consuming, prone to inconsistency, and may result in low accu-
racy. Manual selection is also impractical in situations where a
large number of images need to be registered. Thus, there are
pressing needs for automatic image registration methods.

A typical registration method can be divided into four steps.
1) Feature detection. Detect features of salient and distinc-

tive objects in the input image (the image to be registered)
and the reference image.

2) Feature matching. Establish the correspondence between
features in the input image and reference image.

3) Transformation model estimation. Set up a transforma-
tion model and estimate the model parameters by the use
of matched CPs.

4) Image resampling. Transform the input image according
to the transformation model and the chosen resampling
function [8].

Many registration methods have been proposed. Depending
on whether feature detection [step 1)] is involved, methods can
be broadly classified into two categories: area- and feature-
based methods [8]–[11].

Area-based methods, a.k.a. template matching, combine the
feature-detection and feature-matching steps. These methods
first define a window in the input image as the template and
then search for a corresponding template in the reference image.
The centers of matched image templates are used as CPs.
There are many ways to find a matching template, and one of
the most popular criteria is cross correlation. Commonly used
correlation-based methods include normalized cross correlation
(NCC), sequential similarity detection, and Fourier methods
[8], [12]. Template-matching approaches using correlation-
based criteria, because of their ease of use and high efficiency,
have been successfully implemented for operational use with
sensors such as ASTER, GOES I-M, MISR, MODIS, HRS,
ETM+, and SPOT-4 VEGETATION [9]. A disadvantage of the
correlation-based approach, however, is that it only works well
if the two images have rather similar gray-level characteristics.
Therefore, the approach is not suited for coregistration of
images from different sensors. For multisensor images, the use
of mutual information which relies on statistical dependences
between the two images is proposed [10].

Feature-based registration methods rely on salient structures
in the images to be matched and can be based on regions,
lines, or points. Two critical steps in feature-based methods
are feature extraction and feature matching. There are many
kinds of feature-extraction algorithms, and among them, point-
based feature-detection methods receive the most attention.
Commonly used point-based feature-detection algorithms in-
clude the Harris operator, the Gabor filter or Gabor wavelet, and
the scale-invariant feature transform (SIFT) [11], [13]–[15].

Detected points are expected to be distinct and ideally evenly
spread over the image. After features have been detected in the
pair of images, they need to be matched. Important feature-
matching methods include invariant descriptor and spatial re-
lation and relaxation methods [8]. Most of these methods are
equipped with filtering criteria to reject possible outliers.

Generally speaking, area-based methods attain higher ac-
curacies than feature-based methods [14] and are particularly
suited for the registration of images acquired from the same
sensor. However, it is difficult to apply area-based methods
directly on multiangle imagery. Geometric distortion is usually
high for images acquired at large view angles. Hence, rigid
transformation models such as affine and projective transforms
are not suitable. A viable alternative is a nonrigid registra-
tion model. However, for a nonrigid model to work well, an
adequate number of quality CPs and a good estimation of
the model parameters are needed. Furthermore, because CPs
are selected by first defining a window in the input image
and then searching for a match in the reference image, one
faces the problem of having to deal with a very large search
space (in the reference image). In order to solve this problem,
a coarse-to-fine hierarchical strategy is usually adopted [14].
Using a pyramid approach, candidate matching locations are
first identified from the images that have been downscaled to
coarser resolutions. Then, the accuracy of the matched locations
is gradually improved by moving up to finer resolutions. Un-
fortunately, for multiangle imagery such as CHRIS/Proba, this
pyramidal method is not applicable as the gray-level similarity
between images taken from a different angle is low due to
resolution disparity and severe blurring.

Compared with area-based approaches, feature-based meth-
ods are more robust to variation in view angles and are
therefore more suited for multiangle image registration [16].
The main disadvantage of feature-based methods is that the
number of detected CPs may sometimes be low, which will
cause problems in the estimation of a complex nonrigid trans-
formation such as a TPS or a piecewise linear model. To
tackle the aforementioned problems, we propose an automatic
registration method that integrates the merits of both area- and
feature-based methods. The automatic registration routine was
specifically designed to be incorporated in a superresolution
image reconstruction approach developed in the context of
the HABISTAT1 project, which investigates the potential of
spaceborne multiangle hyperspectral imagery for thematically
and spatially detailed ecotope mapping [3]–[5]. The proposed
method involves a two-stage CP detection scheme, where can-
didate CPs are first selected with a SIFT method and, then, in
a second step, with a template-matching method using NCC
as a criterion. It also incorporates a hierarchical approach to
refine the set of selected CPs. Outliers in the candidate SIFT
CPs are discarded by the ambiguity criterion and robust estima-
tion of the projective transformation model with m-estimator
sample consensus (MSAC) [17]; outliers in the NCC CPs are
eliminated by imposing a spatial constraint instead of putting a
threshold on the NCC coefficient. In order to make sure that CPs

1http://habistat.vgt.vito.be/modules/objectives/
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Fig. 1. Flowchart showing the entire process chain.

are as accurate as possible, a final iterative refining procedure
based on the statistical nature of CPs is applied to remove CPs
of low accuracy. Finally, a TPS model is estimated using the
filtered CPs. The idea of refining the image registration process
in several steps, using a hierarchical transformation scheme that
combines different methods, has also been adopted in [18], yet
the scheme definition and the methods applied differ from the
approach developed in this paper.

Our approach has been tested on three sets of CHRIS/Proba
images. The proposed method is described in detail in
Section III. Results and discussion are presented in Section IV.

III. REGISTRATION METHODOLOGY

The proposed registration method is composed of four stages
(Fig. 1). Each stage will be described in detail.

Stage 1: SIFT CP Selection: Of the various local feature-
detection methods proposed in the literature, SIFT is a
promising approach because it improves detection stability in
situations of noisy input [14]. The method is also preferable
if changes occur in scale and illumination and to a certain
extent in the 3-D camera viewpoint. It achieves almost real-time
performance, and the features detected are highly distinctive.
An extensive evaluation of various local descriptors’ robustness
in terms of viewing conditions and blurring effects is given
in [19], and SIFT-based descriptors are described as the best
performers. SIFT does not only define the position of detected
points, which are also referred to as keypoints, but also provides
a description of the region around the keypoint by means of a
keypoint descriptor, which is used to match SIFT keypoints. In
the following sections of this paper, these matched keypoints
will be referred to as candidate SIFT matched pairs. As the
set of candidate pairs may still contain outliers, only those

Fig. 2. Scale-space extrema of the Difference-of-Gaussians image are de-
tected by comparing (marked with a cross) a pixel with its 26 neighbors in a
3 × 3 region at (marked with circles) the current and the two adjacent scales.
The arrow illustrates the increasing space scales [15].

pairs passing strict matching criteria will finally be used for
estimating the transform model.

The SIFT algorithm can be subdivided into four steps: scale-
space extrema detection, determination of keypoint location,
orientation assignment, and keypoint descriptor assignment.

a) Scale-space extrema detection: The image is first con-
volved with a series of Gaussian filters at different scales. Then,
the difference of successive Gaussian-blurred images, called the
Difference of Gaussians, is used as an approximation of the
scale-normalized Laplacian of Gaussian. Scale-space extrema
in the Difference of Gaussians are regarded as the most stable
scale-invariant features [15]. The Difference of Gaussians can
be computed from the difference of two nearby scales separated
by a constant multiplicative factor k

D(x, y, δ) =L(x, y, kδ) − L(x, y, δ)

=G(x, y, kδ)∗I(x, y)−G(x, y, δ)∗I(x, y) (1)

where I(x, y) is the original image, G(x, y, kδ) and G(x, y, δ)
are the Gaussian kernels with a standard deviation (STD) of kδ
and δ, respectively, and ∗ stands for convolution. Following the
suggestion in [15], k is set to

√
2, which leads to a significant

difference in successive scales. Four different intervals of δ
have been used to create a stack of the Difference of Gaussians.
In order to detect the local maxima and minima, each pixel in
the Difference-of-Gaussians image is compared with its eight
neighbors at the same scale and with the nine neighboring
pixels at each of the adjacent scales as Fig. 2 shows. If the pixel
value is the maximum or minimum of all the values compared,
then the pixel is selected as a candidate keypoint.

b) Determination of keypoint location: Scale-space ex-
trema (or candidate keypoints) are interpolated to obtain sub-
pixel accuracy. Candidate keypoints with low contrast and those
that are located along an edge but unstable to small amounts of
noise are eliminated.

The interpolation is done using the quadratic Taylor expan-
sion of the Difference of Gaussians D(x, y, δ), which can be
written as

D(Δ�x) = D +
∂DT

∂Δ�x
Δx⇀ +

1
2
Δ�xT ∂2D

∂Δ�x2
Δ�x (2)
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where x⇀ = (x0, y0, δ) is the keypoint and Δx⇀ = (x, y, δ) rep-
resents the offset from the keypoint. By taking the derivative
of (2) with regard to Δx⇀ and setting it to zero, we obtain the
location of the extremum Δx�. A more accurate estimate, i.e.,
x⇀ + Δx�, is then found. D(Δ�x), which ranges between 0 and
1, not only provides a more accurate keypoint position but also
helps to identify unstable keypoints.

Keypoints with a D(Δ�x) value lower than 0.03 are consid-
ered as low contrast points and are discarded. D(Δ�x) has a
strong response along edges; hence, keypoints that are located
along an edge are prone to have a high value. However, since
unstable edge points will have a large principal curvature across
the edge but a small principal curvature along the edge, they
can be identified by the ratio of the across-the-edge to along-
the-edge principal curvatures. If the ratio is high, then the point
will be considered as poorly defined. The principal curvature
can be computed from a 2 × 2 Hessian matrix

H =
[

Dxx Dxy

Dxy Dyy

]
(3)

where Dxx, Dxy, and Dyy are the second derivatives of the
Difference of Gaussians and can be estimated by calculating
the differences between neighboring sample points. Suppose α
is the larger eigenvalue of H , β is the smaller one, and r is
defined as r = α/β; then, we define the variable R as a criterion
to quantify the ratio

R =
(r + 1)2

r
. (4)

It follows that, for a certain threshold eigenvalue ratio rth, if
R for a certain keypoint is larger than (rth + 1)2/rth, then the
keypoint will be regarded as located along an edge, and hence,
it will be rejected. The default setting of rth is ten.

c) Orientation assignment: Each keypoint selected is as-
signed one or more orientations based on local image gradient
directions at each scale.

The gradient magnitude m(x, y) and orientation θ(x, y) of
L(x, y, δ) in (1) are computed as shown at the bottom of the
page. The gradient magnitude and orientation are calculated
for every pixel in the Gaussian-blurred image L(x, y, δ). An
orientation histogram is then formed based on 36 bins with each
bin covering 10◦. The peaks in this histogram correspond to the
dominant orientations and are assigned to the keypoint.

d) Keypoint descriptor assignment: The previous steps
define keypoints at different scales and assign orientations to
them. The keypoint descriptor is computed as a set of ori-
entation histograms using a 4 × 4 pixel neighborhood. The
orientation histograms are relative to the keypoint orientation,

and the orientation data come from the Gaussian-blurred image
closest in scale to the keypoint’s scale. The contribution of each
pixel is weighted by the gradient magnitude m(x, y) and by a
Gaussian with a δ that is 1.5 times the scale of the keypoint.
Histograms contain eight bins each, and each descriptor con-
tains a 4 × 4 array of 16 histograms around the keypoint. A
final SIFT feature vector has 4 × 4 × 8 = 128 elements. This
vector is then normalized to enhance invariance to changes in
illumination.

After the keypoint descriptor has been calculated, keypoints
are matched by using the minimum distance method, where
an exhaustive search between all keypoints in both images
is performed. However, not every pair of matched keypoints
will finally be useful as a SIFT matched pair. As the keypoint
descriptor contains only limited contextual information, feature
matching is often ambiguous. Two criteria are used to filter out
the outliers or the bad pairs.

The first criterion is Tth, an indicator of the ambiguity of each
matching

Tth =
d1

d2
(7)

where d1 is the Euclidean distance in feature space between a
keypoint in the input image and its nearest matched keypoint
in the reference image and d2 is the Euclidean distance to the
second nearest keypoint. If Tth is close to one, it means d1 is
close to d2. That is to say, for a certain keypoint in the input
image, SIFT has detected two possible matching keypoints in
the reference image. This is an ambiguous situation, and the
matched pair will be deleted if Tth > 0.75.

The second criterion is a spatial constraint based on the
MSAC algorithm. Although local geometric distortions exist
in multiangle images, the main geometric relationship can still
be represented by a projective transformation model [2], [16].
MSAC utilizes this spatial relationship to eliminate falsely
matched keypoints. MSAC is an improved version of the
RANDom Sample Consensus (RANSAC) algorithm which has
been widely used for rejecting outliers in point matching [20].
Both algorithms first estimate a projective model with four
randomly selected points. Then, the transformation model is
evaluated with regard to a fitting cost function

C =
∑

i

ρ
(
e2
i

)
(8)

where i is the number of matched keypoint pairs and ρ is the
error term defined as

ρ
(
e2
i

)
=

{
I, if e2

i < Tm

Tm, if e2
i ≥ Tm.

(9)

m(x, y) =
√

(L(x + 1, y) − L(x − 1, y))2 + (L(x, y + 1) − L(x, y − 1))2 (5)

θ(x, y) = tan−1

(
L(x, y + 1) − L(x, y − 1)
L(x + 1, y) − L(x − 1, y)

)
(6)
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In (9), Tm is the threshold beyond which the matched keypoint
pairs are considered outliers for the transformation model.
e2
i = (xi − xi)2 + (yi − yi)2 + (x′

i − x′
i)

2 + (y′
i − y′

i)
2 is de-

fined as the observed error function for a matched keypoint
pair (xi, yi) ↔ (x′

i, y
′
i), and (xi, yi) and (x′

i, y
′
i) are the point

positions calculated via the estimated projective transformation
model. I is a variable that determines the difference between
RANSAC and MSAC. For RANSAC, ρ(e2

i ) = I = 0 if e2
i <

Tm, which means that the inliers have no effect on the estimated
transformation model. For MSAC, ρ(e2

i ) = I = e2
i if e2

i < Tm,
which means that every inlier has a different impact on the cost
function used for defining an optimal transformation model.
Thus, MSAC permits more flexibility in setting Tm. If Tm is
set too high, some outliers may be regarded as inliers. MSAC
mitigates this situation by also considering the impact of inliers
on the cost function. The default setting for Tm is 64. By re-
peating the aforementioned procedure a fixed number of times
(500 times in our experiments), the best transformation model
is chosen, i.e., the one with the lowest fitting cost function value
C. Then, the projective transformation is reestimated using all
the keypoint pairs whose observed error function e2 values are
lower than Tm. The obtained keypoint pairs constitute the first
set of matched CPs, which, in this paper, are referred to as
SIFT CPs.

Stage 2: NCC CP Selection: The problem of using only
feature-based SIFT to generate CPs is that the number of CPs
may be too low and that points may be unevenly distributed.
Fig. 3 shows an example of CPs obtained by applying the
SIFT procedure. For most part of the image in Fig. 3, no
CPs are available. However, for nonrigid registration model
estimation, a large set of evenly distributed CPs is required
[21]. To remediate this problem, an area-based CP selection
procedure is proposed. First, an intermediate registered image
is generated by means of the projective transform described in
Stage 1. We will refer to this image as the “intermediate input
image.” Fig. 4 shows an example of the overlap between an
intermediate input image and the reference image after applying
a projective transformation based on SIFT matched CPs. The
two zooms clearly indicate that, for areas close to the image
boundary [Fig. 4(c)], the coregistration is less good than that
for the central areas [Fig. 4(b)]. To further improve the quality
of the coregistration, a template-matching procedure is applied.
The intermediate input image is partitioned into image chips of
64 × 64 pixels. Each chip is matched with a corresponding chip
in the reference image via NCC. The matched center points of
the chip pairs are then used as candidate CPs. This increases the
number of matched pairs for the final nonrigid transformation
model estimation.

To find the matching chips, the NCC coefficient r is used

r =

R∑
i=1

C∑
j=1

(gT (i, j) − gT ) (gs(i, j) − gs)(
R∑

i=1

C∑
j=1

(gT (i, j) − gT )2 (gs(i, j) − gs)
2

)1/2
(10)

where gT (i, j) and gS(i, j) represent the gray values of the
image chips in the input and reference images, respectively. gT

Fig. 3. SIFT CP distribution in the CHRIS/Proba images for the Ginkelse
Heide site. The points in (a) are locations of CPs in the −55◦ image (input
image), while those in (b) indicate the corresponding locations of CPs in the 0◦

image (reference image).

Fig. 4. Overlap of the registered image (+36◦) with reference image (0◦)
for the Ginkelse Heide site after applying a projective transform based on SIFT
matched CPs. The red band in the composite refers to the registered image, and
the other two bands refer to the reference image. (a) Whole image. (b) Subset
near the center. (c) Subset in the lower right part of the image.

and gS are the corresponding mean gray values. R and C are
the numbers of rows and columns of the image chips (64 × 64
in our case). The search window in the reference image chip is
set at 96 × 96. This means that a 64 × 64 window is run within
a search space defined by a 96 × 96 image chip, and a total of
33 by 33 NCC coefficients r are calculated. The peak in this
NCC coefficient array corresponds to the position of the best
match. The center pixels of the matched pair of chips are then
regarded as CPs.

NCC has the following advantages that make it well suited
for CP searching.

1) The NCC coefficient is invariant to linear change in
brightness. This is particularly important for multiangle
imagery as objects captured at multiple view angles
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may have different illumination and reflectance
characteristics.

2) NCC CPs are robust to blurring. While the NCC coef-
ficient will vary with the blurring of the template, its
maximum position will not change. This is also important
for images acquired at large view angles as they usually
have gone through a serious blurring process.

3) NCC is comparatively fast to calculate with fast algo-
rithms [12].

4) NCC CP pairs obtained from image chips will be evenly
distributed across the whole image.

There are three important issues with regard to collecting
NCC CP pairs. The first one has to do with template size. The
larger the template is, the more unique the matching entity will
be. However, the calculation load will increase as well. Our
implementation sets the template window size at 64 × 64 as
a compromise between calculation load and accuracy. In most
cases, this window size enables us to find enough salient image
features like lines and ridges. The second issue is related to
the searching space. We define a searching space that is one
and a half times the size of the template in the intermediate
input image, which means that the searching space has a size of
96 × 96. As the intermediate input image shows a good overlap
with the reference image (Fig. 4), this ensures that a matching
chip is found in the constrained space. The last issue is how
to arrive at subpixel accuracy. In many applications, such as
superresolution image reconstruction, subpixel accuracy is re-
quired. However, NCC can only determine an integer value for
the CP position. In order to obtain subpixel accuracy, a second-
order polynomial around the position of the NCC coefficient
maximum is established. Nine points are used to determine the
second-order polynomial with the least squares method. The
CP position with subpixel accuracy is found where the partial
differentiation of the polynomial function reaches zero.

After the selection of NCC CPs, the CP set needs to be
screened for outliers. Homogenous areas in the image like sand
and water, which are characterized by repetitive patterns or
low contrast, may lead to false matches. NCC may also fail
in regions where moving objects such as clouds and shadows
occur. A traditional way to eliminate outliers is by thresholding
the NCC coefficient. However, initial experiments showed that
this approach is not effective. It is difficult to define a proper
threshold for all the images, and it often occurs that a threshold
on the NCC coefficient does not allow one to successfully
distinguish good matchings from bad ones. We instead chose to
define a geometric constraint. If the distance between a pair of
CPs is larger than a threshold Td, it is regarded as an outlier. The
default setting for Td is 16. This relatively large threshold value
takes account of the geometric disparity that may exist between
the intermediate input image and the reference image. The op-
eration will therefore remove outliers only. CPs with large ran-
dom errors will be pruned in Stage 3 of the registration process.

Stage 3: CP Refining: We now have obtained two groups of
matched CPs: one from SIFT and the other from NCC. Both
groups have gone through outlier detection procedures, and to-
gether, they constitute the potential CP pairs for the TPS model
estimation. As TPS is an interpolation function, it is important
to make sure that each pair of CPs is as accurate as possible.

At this stage, the objective is to obtain the most accurate
CP pairs possible by pruning points with large random errors.
This can be done by utilizing the statistical characteristics of the
CPs. Given a true noise-free CP (x, y) in the reference image,
the density of the corresponding observed CP location (x, y)
can be thought of as a normal distribution [16]. The observed
noisy point (x, y) is the detected CP in the reference image,
and the true noise-free point (x, y) comes from the calculated
CPs via the CPs in the input image and an estimated third-order
polynomial transformation model. Polynomial transformation
of the third order has often been used when geometrical dis-
tortion is substantial, and the residual stochastic characteristics
of the third-order polynomial transformation are well studied in
[22]. While it is not the recommended transformation model for
multiangle imagery, it has the following characteristics which
make it suitable for prefitting: 1) The polynomial function
is an approximation function, which means that the CP pair
with a comparatively large random error will not dramatically
degrade the polynomial function parameter estimation, and
2) the approximately evenly distributed NCC CPs contribute to
an unbiased estimation of parameters. For a normal distribution,
about 99.7% of the values are within plus and minus three STDs
from the mean. Therefore, if the measured error for a CP pair
is larger than three STDs, it is considered as having a large
random error and will be discarded (Fig. 5).

The iterative CP refining procedure based on the aforemen-
tioned ideas can be summarized as follows.

1) Set up a third-order polynomial transformation model
using the least squares method with all the CPs.

2) Calculate the noise-free point position (x, y, ) and obtain
the model residuals dx = x − x and dy = y − y in the
horizontal and vertical directions. Compute the mean and
STD of dx and dy and eliminate the points whose dx or
dy value is beyond three STDs, as Fig. 5 shows.

3) Repeat the aforementioned procedure until the residuals
in both directions are within three STDs of the mean.

Stage 4: Image Warping: The TPS model was first proposed
for the registration of remote sensing images in [23] to deal with
local distortion problems. It is also a key component in reaching
subpixel image registration accuracy.

TPS is an interpolation function in which the CP pairs have
a one-to-one mapping relationship. TPS is also the only spline
model that can be cleanly decomposed into a global affine and
a local nonaffine warping component. Thus, it can account for
local deformation caused by optical effects, relief change, and
so on, provided that the density of CP pairs is sufficiently high
[24]. The TPS interpolation function can be expressed as(

f(x, y)
g(x, y)

)
=

(
h11 h12

h21 h22

)(
x
y

)
+

(
h13

h23

)

+

⎛
⎜⎜⎝

N∑
i=1

Fir
2
i lnr2

i

N∑
i=1

Gir
2
i lnr2

i

⎞
⎟⎟⎠

=
(

x′

y′

)
(11)
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Fig. 5. Illustration of the CPs random error distribution for the Ginkelse
Heide estimated through a third-order polynomial. The distribution resembles a
normal distribution (in red). The red circles indicate the limit of three standard
deviations. CPs pairs outside this limit are eliminated.

where (x, y) is the coordinate in the input image and
(f(x, y), g(x, y)) is the coordinate in the reference image.
(xi, yi) is the detected CP position in the input image. r2

i =
(x − xi)2 + (y − yi)2 represents the distance between (x, y)
and (xi, yi), ln returns the natural logarithm of r2

i , and
h11, . . . , h23 define an affine transformation matrix. Fi and Gi

are the weights of the nonlinear radial interpolation function.
To solve (11) with N pairs of CPs, the following equilibrium

constraints are imposed [25]:

⎧⎪⎪⎨
⎪⎪⎩

N∑
i=1

Fi =
N∑

i=1

Fixi =
N∑

i=1

Fiyi = 0

N∑
i=1

Gi =
N∑

i=1

Gixi =
N∑

i=1

Giyi = 0.

(12)

With N pairs of CPs and the six equations in (12), one can
solve the 2N + 6 unknown parameters in the TPS model.

TABLE I
TEST SITES

A more compact calculation for the unknown parameters is
expressed as⎡
⎢⎢⎢⎢⎢⎢⎢⎣

0 0 0 1 1 · · · 1
0 0 0 u1 u2 · · · un

0 0 0 v1 v2 · · · vn

1 u1 v1 0 r2
12Inr12 · · · r2

1nInr1n

1 u2 v2 r2
21Inr21 0 · · · r2

2nInr2n

· · · · · · · · · · · · · · · · · · · · ·
1 un vn r2

n1Inrn1 r2
n2Inrn2 · · · 0

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

×

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

h13 h23

h11 h21

h12 h22

F1 G1

F2 G2

· · · · · ·
Fn Gn

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

=

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

0 0
0 0
0 0
x1 y1

x2 y2

· · · · · ·
xn yn

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

(13)

Once the parameters of the TPS model have been estimated,
the warping of the input image can be performed by the TPS
model and the use of the bilinear resampling function.

IV. RESULTS AND DISCUSSION

A. Registration Accuracy

The proposed registration method was applied to multiangle
CHRIS/Proba imagery for two test areas in Belgium and one
in The Netherlands. Each image subset used in this paper has a
size of 748 × 744 pixels. All the images were acquired in mode
3 at five different view angles. The 18th band (1002–1035 nm)
was used here as a demonstrator. The reference image is the
nadir image. Details of the data sets and elevation characteris-
tics of the test areas are described in Table I.

The preprocessing of CHRIS/Proba was done with the open-
source software BEAM CHRIS-Box [26]. It includes two im-
portant procedures: 1) noise reduction, i.e., the replacement of
missing data and destriping, and 2) atmospheric correction, i.e.,
the retrieval of the surface reflectance from remotely sensed
imagery by removing atmospheric effects [27].

Fig. 6 shows the 18th band for the five different view an-
gles (±55◦, ±36◦, and 0◦) for the Ginkelse Heide site after
preprocessing. It is apparent that blurring for large view angles
(at ±55◦) is serious and that illumination conditions vary with
different view angles. All the off-nadir images were coregis-
tered to the nadir image.

To evaluate the accuracy of the registration process, we ap-
plied two different methods. One is based on visual inspection.
Twenty manually selected CPs were used as ground truth, and
the registration accuracy, represented by the root mean square
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Fig. 6. Multiangle CHRIS/Proba imagery for the Ginkelse Heide site. (a) Nadir (regions indicated by squares are shown in more detail in Fig. 7). (b) +36◦.
(c) −36◦. (d) +55◦. (e) −55◦.

TABLE II
REGISTRATION EVALUATION (RMSE IS BASED ON VISUAL INSPECTION;

STD IS BASED ON IMAGE CORRELATION AS PROPOSED IN [6])

error (rmse), was calculated for each registered image. The
other method is taken from [6]. Once the image had been
registered, we computed the NCC over local windows (32 by
32) for each pixel in the image. Discarding all poorly correlated
areas, we calculated the STD of the local displacements.

From the rmse column in Table II, one can see that the
average registration accuracy assessed by means of the man-
ually selected CPs is about 0.1727 pixels, which is very high.
Visual inspection of the registration result (Fig. 7) confirms that
the registered images fit well with the reference image across
the whole image area. RMSE results seem to indicate that,
on average, the registration errors for larger view angles (at
±55◦) are higher than those for smaller view angles (at ±36◦).
The observed increase in rmse with an increasing view angle
might be attributed to serious blurring and reduced resolution.
STD values which are based on cross correlation, however,
do not show clear differences for small and large view an-
gles. On the other hand, STD values for the Dijle Valley are
higher than those for the other two regions. The increase in
STD values for the Dijle Valley might be caused by a more
pronounced variation in relief for that region (see elevation
range in Table I), yet this possible hampering factor is not
reflected in the rmse values. Clearly, rmse and STD, which
are both based on an entirely different validation approach,
cannot be directly compared. Differences in the behavior of
both measures seem to be related to the specificities of each
validation method. However, both methods indicate that the
overall quality of the registration process is high, with subpixel
registration accuracies well below 0.5 pixels, even for high
angle imagery.

B. CPs Used in the Registration Procedure

The quality of CP pairs is the key to a successful image
registration. Therefore, each time a new group of CP pairs
is defined for transformation model estimation, a CP outlier
filtering procedure is applied. Finally, an iterative CP refining
procedure is adopted to further prune the CP pairs with large
random errors. The number of CP pairs at each stage of the
registration algorithm is listed in Table III. We can observe from
the table that more CP pairs are identified in the images with
smaller view angles (at ±36◦) (around 1000 CPs) compared
with that in the images with larger view angles (at ±55◦)
(around 100 CPs). This is because the images captured at
smaller view angles are of higher image quality in terms of
detail and resolution than those acquired at larger view angles.
Hence, these images have more stable features. Furthermore,
CP pairs detected with SIFT dominate for smaller view angle
images (at ±36◦) (final number of SIFT and NCC CP pairs are
in the ratio of seven to one), while CP pairs detected with NCC
dominate in larger view angle images (at ±55◦) (final number
of SIFT and NCC CP pairs are in the ratio of one to three).
This shows the robustness of the proposed method, as in the
case of high view angles, NCC compensates for the lack of
CPs selected with SIFT. Indeed, the number of SIFT CP pairs
obtained in the first phase of the registration process strongly
depends on image quality. For large view angles, only few
stable SIFT CP pairs can be found, which confirms the results
obtained in [28]. Fig. 8 shows the final CP spatial distribution
for the +36◦ and −55◦ images of the Ginkelse Heide site.
The CP pairs identified with the proposed method are evenly
distributed across the image.

C. Registration Algorithm

In Stage 1 of the two-step registration scheme, salient SIFT
CP pairs are detected and are then used for the estimation of
the projective transformation. Based on the results we obtained
with CHRIS/Proba for three different study areas, SIFT has
proven to be a good feature-detection method for multiangle
imagery. Even in the case of severe blurring and large resolution
disparity, enough SIFT CPs can be detected for the intermediate
projective transformation model estimation. The outliers in the
candidate SIFT CP pairs can be successfully identified via
the ambiguity criterion and the MSAC method. This outlier
detection step is not only important for identifying true SIFT CP
pairs but also vital for detecting subsequent NCC CP pairs. We
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Fig. 7. Registration result for the Ginkelse Heide site. The first, second, and third rows correspond to the upper left, center, and lower right boxes shown
in Fig. 6(a), respectively. For each row, the centers of the cross correspond to the same position for different view angles after registration.

TABLE III
NUMBER OF CP PAIRS AT EACH STAGE OF THE REGISTRATION PROCESS (SIFT OUTLIER 1 REFERS TO CPs PASSING THE AMBIGUITY CRITERION,

SIFT OUTLIER 2 REFERS TO CPs PASSING MSAC, FINAL CPs CONSIST OF SIFT CPs , AND NCC CPs AFTER REFINING OF BOTH CP SETS)

also found that, without this outlier procedure, the intermediate
input image cannot be registered well with the reference image,
and the subsequent NCC CP detection will fail.

NCC is an effective area-based method to increase the num-
ber of evenly distributed CP pairs in Stage 2 of the registration
process. After preregistration, the intermediate input image has
similar geometric characteristics as the reference image. This
intermediate step does not only make the subsequent template
matching much easier, as it constrains the searching space, but
also makes the NCC matching criterion hold. For example, if
two image chips are of a different spatial resolution, which is
the case for multiangle imagery, NCC will not work. Therefore,

the intermediate registration is a necessary step. NCC’s robust-
ness to illumination change and blurring makes it particularly
suited for CP detection in the intermediate input image.

The iterative CP refining procedure in Stage 3 is based on the
observation that the density of the observed CPs is Gaussian and
that a third-order polynomial function is an appropriate global
transformation model. We experimented with different trans-
formation models using manually selected CP pairs. The third-
order polynomial model proved to be a better model than other
global transformation models such as projective and second-
order polynomial models. During the refining procedure, CP
pairs with large random errors were successfully identified, but
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Fig. 8. CP distribution for the Ginkelse Heide site. The points stand for the
final SIFT CP pairs while the plus signs represent final NCC CP pairs. (a) +36◦

view angle. (b) −55◦ view angle.

some good CP pairs with high accuracy were also eliminated by
chance. Indeed, although a large model residual can be thought
of as an indicator of an outlier, this is not always the case [22].
Visual inspection of the final CP pairs, however, shows that
after all the CP refining procedures have been applied, only CP
pairs with high accuracy remain. Lastly, the TPS model used in
Stage 4 accounts well for local distortion present in the imagery
and allows registration with subpixel accuracy in areas with
little variation in topography.

A particular concern with the two-step registration scheme
is double resampling due to the two consecutive registration
procedures, which may cause a change of pixel profile. How-
ever, as the intermediate projective model is consistent, the
NCC CP pairs in the original input image can be easily inferred

from the intermediate input image. Therefore, only one resam-
pling is required to obtain the final registration result. Overall
results obtained with the three CHRIS/Proba image sets in
this paper are encouraging. The proposed method may also be
applied with other multiple view imaging systems such as MTI
and MISR.

D. Further Work

The TPS model can account for relief change only at a
scale corresponding to the density of matched CP pairs. Unless
the CP coverage is extremely dense, stereoscopic parallax will
always remain, invalidating the subpixel accuracy between CPs.
In areas with moderate to strong variation in elevation, it will
therefore be more appropriate to apply a method that starts from
orthorectified imagery [6]. The robust CP selection procedure
proposed in this paper can be linked to such an approach to
reach subpixel registration accuracy.

Also, even in areas with low elevation differences, the SIFT
method can be ineffective in finding CPs for high view angles.
A solution to this problem has recently been proposed using
the Affine SIFT (A-SIFT) transform [28]. In this approach,
images with different view angles are affine transformed so
that they match better, and the SIFT method is then applied
on the transformed images. Future research could focus on the
potential of combining the method proposed in this paper with
the A-SIFT approach to further improve registration results,
particularly for high angle imagery.
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Superresolution Enhancement of Hyperspectral
CHRIS/Proba Images With a Thin-Plate

Spline Nonrigid Transform Model
Jonathan Cheung-Wai Chan, Jianglin Ma, Pieter Kempeneers, and Frank Canters

Abstract—Given the hyperspectral-oriented waveband config-
uration of multiangular CHRIS/Proba imagery, the scope of its
application could widen if the present 18-m resolution would be
improved. The multiangular images of CHRIS could be used as
input for superresolution (SR) image reconstruction. A critical
procedure in SR is an accurate registration of the low-resolution
images. Conventional methods based on affine transformation
may not be effective given the local geometric distortion in high
off-nadir angular images. This paper examines the use of a non-
rigid transform to improve the result of a nonuniform interpo-
lation and deconvolution SR method. A scale-invariant feature
transform is used to collect control points (CPs). To ensure the
quality of CPs, a rigorous screening procedure is designed: 1) an
ambiguity test; 2) the m-estimator sample consensus method;
and 3) an iterative method using statistical characteristics of the
distribution of random errors. A thin-plate spline (TPS) nonrigid
transform is then used for the registration. The proposed regis-
tration method is examined with a Delaunay triangulation-based
nonuniform interpolation and reconstruction SR method. Our
results show that the TPS nonrigid transform allows accurate
registration of angular images. SR results obtained from sim-
ulated LR images are evaluated using three quantitative mea-
sures, namely, relative mean-square error, structural similarity,
and edge stability. Compared to the SR methods that use an
affine transform, our proposed method performs better with all
three evaluation measures. With a higher level of spatial detail,
SR-enhanced CHRIS images might be more effective than the
original data in various applications.

Index Terms—CHRIS/Proba, hyperspectral images, multiangle
images, nonrigid transform, superresolution (SR) image recon-
struction, thin-plate spline (TPS).

I. INTRODUCTION

CHRIS/Proba, which stands for Compact High Resolution
Imaging Spectrometer onboard the Project for On-board

Autonomy, acquires multiple observations of the same scene at
five different angles (+55◦,+36◦, 0◦,−36◦,−55◦) with respect
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TABLE I
SPECTRAL BANDS OF CHRIS/PROBA (IN NANOMETERS)

to the fly-by positions. In mode 3 (land channel), CHRIS ac-
quires 18 bands between 0.4 and 1 μm. Table I lists the spectral
configuration of CHRIS acquisition in mode 3. The spatial reso-
lution of CHRIS at nadir reaches 18 m, which is the highest res-
olution as far as spaceborne hyperspectral data are concerned.
The multiangular property is useful for capturing landscape
features with spectral characteristics that vary with direction.
Angular spectral information has provided new insights in
various applications and has been demonstrated to be effec-
tive in physical parameter extraction and more generic land-
cover mapping tasks [1], [2]. Given the multiple observations
and hyperspectral-oriented configuration, CHRIS’s application
opportunities would increase even further if the present spatial
resolution could be improved. Superresolution (SR) image re-
construction is a technique which generates a high-resolution
(HR) image from several low-resolution (LR) images. Various
SR techniques have been tested and applied to remote sensing
images such as Landsat [3], [4], SPOT [5], Quickbird [4],
multiangular thermal data [6], and hyperspectral data [7]. In the
case of CHRIS, its multiviewing images can be treated as LR
input data for producing a HR image using SR methods.

Recent studies related to SR image reconstruction and multi-
viewing angular images seem to support this idea [6], [8]–
[10]. In [6], projection onto convex sets (POCS), a widely used
SR technique, was applied to simulated multiangle images.
Different aspects were investigated such as the influences of
angle, misregistration, noise, and the number of frames that
can be acquired in forward looking or back scanning positions.

0196-2892/$26.00 © 2010 IEEE 291
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Their findings suggest that SR image enhancement is possible
with multiple off-nadir images, but it is reckoned that the
viewing angle cannot be too high (less than 48◦). It was also
concluded that SR is more effective with symmetric viewing
(e.g., θ = −15◦, 0◦, +15◦) than with asymmetric viewing (e.g.,
θ = 0◦, +15◦, +30◦). A registration accuracy of less than
0.2 pixels is recommended. In [8], mainstream SR techniques
were applied to multiangular CHRIS imagery. Initial assess-
ments suggest that spatial enhancement can be achieved. In
[9] and [10], SR-enhanced CHRIS images were further in-
vestigated on their usefulness for classification and unmixing
applications. Their results show that substantially more classi-
fication detail can be obtained with SR-enhanced imagery and
that fraction images are more accurate. Nevertheless, it was
also pointed out that motion estimation with high-angle off-
nadir CHRIS images is difficult and that SR implementation is
not straightforward with many parameters to tune. In addition,
computing time required by most SR algorithms is high.

Accurate registration of LR images is a prerequisite for the
success of any SR implementation. A registration procedure
can be divided into four steps: 1) feature detection; 2) feature
matching; 3) transform model estimation; and 4) image resam-
pling. Steps 1 and 2 are related to detection of correlated feature
pairs [control points (CPs)] in the source and the target images.
Once feature pairs have been identified, the target image can
be registered with either a linear or nonlinear transform model.
Global linear transform models (translation, rotation, and affine
scaling) may not be suitable in situations where local geometric
distortion is prevalent. In order to improve conventional SR
approaches for angular CHRIS imagery, we propose the use of
a nonrigid (plastic) transform function which is more effective
in dealing with local geometric deformation. For a nonrigid
transform model to work well, adequate ground CPs are needed.
An automatic feature detection and feature matching procedure
based on scale-invariant feature transform (SIFT) and multi-
criteria outlier detection is developed. The proposed feature
detection and nonrigid transform approach is tested with a
Delaunay triangulation (DT)-based nonuniform interpolation
and deconvolution SR method. The results are compared with
several SR methods based on an affine transform. The rest
of this paper is organized as follows. Section II provides the
conceptual background for SR image reconstruction and an
introduction to three popular approaches, namely, nonuniform
interpolation and deconvolution, iterative back projection and
projection on convex sets. Section III outlines our proposed
registration method which makes use of SIFT for feature detec-
tion and three methods for outlier detection: an ambiguity test,
the m-estimator sample consensus (MSAC), and an iterative
method based on the statistics of random errors derived from
a third-order polynomial fit. Section IV describes the method
of evaluation and data preparation. Results are discussed in
Section V, and conclusions are drawn in Section VI.

II. CONVENTIONAL REGISTRATION AND SR METHODS

A. Background

Closely related to the problem of image restoration, SR
can be considered as a second generation of image restoration
techniques that also change image dimension. Upscaling and
interpolation techniques can be used to increase the size of an

image. However, the quality of a single LR image is limited
and interpolation based on only one undersampled image does
not allow recovering of the lost high-frequency information.
Hence, multiple observations of the same scene are needed.
The idea of SR is to fuse a sequence of LR noisy blurred
images to produce a higher resolution image. The objective
is to achieve the best image quality possible from several LR
images. However, the application of SR algorithms is possible
only if aliasing exists, which means that there are subpixel shifts
between the LR images. SR techniques can be applied either in
the frequency domain or in the spatial domain. The idea of SR
for remote sensing images was first suggested in the frequency
domain [3] with its theory built upon Fourier transforms of
LR images. However, SR approaches based on the spatial
domain provide better flexibility for the modeling of noise
and degradation and are more suitable for our purposes [11].
Numerous SR approaches have been proposed. Conventional
methods include nonuniform interpolation and deconvolution,
regularization reconstruction, POCS, hybrid approaches, and
others [11]. SR can also be applied on a single-frame LR image
[12], which is more commonly referred to as image scaling,
interpolation, zooming, and enlargement.

An important step in SR is to model the relationship between
the expected HR image and a set of LR images of the same
scene. If X is the HR image, Y is the set of LR images, N
is the noise vector, and there are p LR images, then the rela-
tionship between the HR image and the LR image sets can be
formulated as

Y = HX + N (1)

where

Y =
[

y1

yp

]
H =

[
D1B1M1

DpBpMp

]
N =

[
n1

np

]
.

For 1 ≤ k ≤ p, yk stands for the kth LR image written in lex-
icographical notion as the vector yk = [yk,1, yk,2, . . . , yk,N ]T,
where N is the number of pixels in the image. X stands for
the HR image, Dk is the subsampling matrix, Bk represents
the blur matrix, Mk is a warp matrix, and nk is the image
noise. Fig. 1 shows this relationship between the LR images and
the desired HR image in a flowchart as described by (1). This
mathematical formulation of the SR problem is well suited for
the description of image degradation, i.e., blurring, noise and
subsampling.

B. Affine Transform Registration

The main procedure of SR consists of three steps: registra-
tion, interpolation, and restoration. Registration is an important
step and a prerequisite for successful SR implementation. An
intensity-based approach which considers intensity variations
of the same location in LR image pairs is a popular choice for
conventional SR methods. The observed image data with a pair
of images f(x, y) and g(x, y) can be modeled as

f(x, y) = g(m1x + m2y + tx,m3x + m4y + ty). (2)292
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Fig. 1. Flowchart showing the relationship between the desired HR image and the LR images.

The difference between f(.) and g(.) can be approximated
using a first-order truncated Taylor series expansion. Then,
the coefficients (mi) can be calculated directly with the min-
imum root mean square error method. The error function being
minimized, which is only an approximation, is usually further
improved by a Newton–Raphson style iterative scheme. How-
ever, the derivatives of the first-order Taylor series have finite
support thus limiting the motion flexibility of the estimation. To
alleviate this problem, a coarse-to-fine scheme can be adopted
to contend with large motions. For more details of the method,
the reader is referred to [13]. Motion estimation is the first step
of SR and the affine transform can be incorporated into different
SR approaches.

C. Conventional SR Methods

1) Nonuniform Interpolation and Deconvolution: Interpo-
lation and deconvolution methods treat SR as a resampling
problem where a HR image is generated by interpolating the
values of the LR pixels after their corresponding positions on
the HR image have been determined. As the relative shifts
between the LR images are arbitrary, it is natural that the
interpolation is nonuniform. The final step is deconvolution,
which is a deblurring process, to remove the effect of the point
spread function (PSF) [14].

The nonuniform interpolation and deconvolution SR ap-
proach is the most intuitive method. Compared to other tech-
niques, this method is cheap in computational costs and is easy
to implement. However, since the errors of the interpolation
process are not accounted for in the deconvolution phase, it
does not guarantee an optimal solution. The approach is also
restricted to cases where blur and noise effects are constant
over the lower resolution images. Hence, the use of degradation
models is limited.

2) Iterative Back Projection (IBP): First proposed in [15],
IBP is based on a similar idea as computer-aided tomography,
where a 2-D object is reconstructed from 1-D projections.
The method involves a registration procedure, an iterative re-
finement for displacement estimation, and a simulation of the
imaging process (the blurring effect) using a PSF.

The approach begins by guessing an initial HR image. The
initial HR image can be generated from one of the LR images
by decimating the pixels. The HR image is then down-sampled
to simulate the observed LR images. Subtractions are then made
between the simulated and the observed LR images. If the initial
HR image is the real observed HR image, then the simulated
LR images and the observed LR images will be identical and
their differences zero. In the case of nonzero, the computed

difference can be “back-projected” to improve the initial guess.
The back-projecting process is repeated iteratively to minimize
the difference between the simulated and the observed LR
images, and subsequently produces a better HR image. The
iterative procedure is described by

Xn+1 = Xn − GBP (HXn − Y ). (3)

In (3), GBP represents the back-projection filter, Xn+1 is the
improved HR image at the (n + 1)th iteration, and Xn is the
HR image at the nth iteration.

IBP is intuitive hence easy to understand. However, its ill-
posed nature means that there is no unique solution. The choice
of back-projection filter is arbitrary, and it is more difficult
to incorporate prior information compared with other SR ap-
proaches like regularization methods.

3) POCS: The POCS method for SR was first suggested in
[16] and has been examined for multilooking imagery in [6].
It is another iterative method that uses a priori knowledge to
impose constraints on a HR image. Every constraint must be
defined as a closed convex set C. The HR image is known
a priori to belong to the intersection Cs of m closed convex
sets C1, C2, . . . , Cm, and

Cs =
m⋂

α=1

Cα (4)

where Cs is found by iteratively computing projections onto the
convex sets

fn+1 = PmPm−1, . . . , P1fn. (5)

The projection operator Pi in (5) maps the current estimate f to
the closest point in the set Cα using f0 as an arbitrary starting
point. Two constraints are commonly used for the formulation
of POCS. The first constraint is defined as CD = {F : |r| < δ}
where the residual r is used to update the targeted HR image
[18]. This residual r is the difference between a LR pixel value
g(i, j) and a corresponding blurred region in the HR estimate.
It can be expressed as

r(i, j) = g(i, j) −
∑

k

∑
l

fn(k, l)h(i, j; k, l) (6)

where h is the PSF operator applied on the corresponding
location of the estimated HR image, and k and l are the293
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locations of the PSF matrix in the HR image. The projection
of f onto the constraint set CD is then

fn+1 =PDfn =

⎧⎨
⎩

fn + h(r − δ)/
∑

k

∑
l h

2, if r > δ
fn, if −δ≤r≤δ
fn + h(r + δ)/

∑
k

∑
l h

2, if r < δ.
(7)

The parameter δ is the threshold used for the residual r which
is considered large enough to cause an update (or change) to the
estimated HR image.

The second constraint is called the energy consistent con-
straint [17] which can be defined as CE = {F : 0 < f < 1}.
The projection of f onto the constraint set CE is then

fn+1 = PEfn =

{ 1, if f > 1
f, if 1 ≥ f ≥ 0
0, if f < 0.

(8)

III. PROPOSED REGISTRATION AND SR METHOD

An accurate registration of all the LR images is critical for
the success of SR enhancement. All SR methods described
in Section II require a step of motion estimation—the shift
between the reference image (nadir image) and the image to be
registered (off-nadir images). Typically, either a feature-based
or an area-based method is used to detect possible common
feature points from the image pairs [18]. Then, an affine
transform or a projective transform is used for registration.
However, as most linear transform models are global in nature,
they are not ideal for modeling local deformations expected in
angular CHRIS images. An interesting alternative would be a
nonrigid transform. However, since nonrigid transforms are not
consistent, they are not readily applicable for all SR methods. A
nonrigid transform is more suitable for interpolation-based SR
methods. For popular SR methods such as IBP and POCS which
are iterative in nature, a transform model with a reversibility
property, like an affine transform, is more suitable.

A successful nonrigid transform relies on an adequate num-
ber of high-quality CPs. Both area-based and feature-based
methods can be used to search for CPs. While previous ex-
periences have shown that area-based methods produce higher
accuracies than feature-based methods [19], the latter are more
effective for multiangular imagery because image features are
more robust to variation in viewing angle [20]. Therefore, we
have chosen the SIFT, a promising feature-based method, for
feature detection. A rigorous selection procedure consisting
of different stages of CP selection and refinement has been
designed to guarantee the quality of CPs (Fig. 2). Once the CPs
have been defined, a thin-plate spline (TPS) nonrigid model is
used for registration.

A. SIFT CPs Selection

SIFT is a feature-based method that maintains detection sta-
bility in situations of noisy input [21]. SIFT-based descriptors
are considered as robust in blurring environments [22]. The
detected CPs are also associated with a qualitative descriptor

Fig. 2. Flowchart showing the processing chain for image registration.

which can be further utilized for point matching. The SIFT
algorithm consists of four steps: scale-space extrema detection,
keypoint localization, orientation assignment, and keypoint de-
scriptor assignment. A detailed description of SIFT can be
found in [21].

After keypoints have been identified and each keypoint de-
scriptor has been calculated, keypoints are matched by the
minimum distance method. As some of the matched keypoints
are of poor quality or could be outliers, two criteria are used to
filter them out. The first criterion is an ambiguity indicator

Tambiguity =
d1

d2
. (9)

In (9), d1 is the Euclidean distance, calculated from the feature
space spanned by keypoint descriptors, between a keypoint
identified in the reference image and the nearest matching
keypoint in the target image; d2 represents the Euclidean
distance between the same keypoint and the second nearest
matching keypoint. If the values of d1 and d2 are similar,
Tambiguity will be close to one indicating a high ambiguity.
It means that for a certain keypoint in the input image, SIFT
has detected two possible matching keypoints in the reference
image. The matched pair will be deleted if Tambiguity > 0.75.
The CPs that pass the first screening are tested based on a
second criterion.

The second criterion is MSAC, an improved version of the
random sample consensus algorithm which has been widely
used for rejecting outliers on matching points [23]. It is a spatial
constraint that first estimates a projective model by using four
randomly chosen points. A projective model is used because
it is capable of modeling major geometric differences between
multiviewing images. Then, the transform model is evaluated
with regard to a fitting cost function

K =
∑

i

ρ(ei) (10)

where i is the number of matched keypoint pairs and ρ is the
error term defined as

ρ(e) =
{

e if e < Tm

Tm if e ≥ Tm

}
. (11)

294
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In (11), Tm is the threshold measured in pixels beyond which
the keypoint pairs are considered outliers for the transform
model. For a matched keypoint pair (xi, yi) ↔ (x′

i, y
′
i) with

the calculated point position (xi, yi) and (x′
i, y

′
i), the observed

error function based on the transform model is defined as e =
(xi − xi)2 + (yi − yi)2 + (x′

i − x′
i)

2 + (y′
i − y′

i)
2. The error

term ρ(e) is set to e when the error is lower than that of the
threshold Tm. Every inlier has a different error value depending
on how well it fits the estimated transform model. The threshold
value Tm is defined to avoid extreme errors that could make
some outliers to be regarded as inliers. The default setting for
Tm is 64 pixels. The aforementioned procedure is repeated
a certain number of times (default 500 times), and the best
transform model, i.e., the one with the lowest fitting cost
function value C, is identified. The CPs with values above Tm

are removed. Finally, a new projective transform is estimated
using all the keypoint pairs whose observed error function e
values are lower than Tm.

B. CPs Refining

The CPs collected so far are potential CPs for TPS model
estimation. A last step of refinement is to prune the points with
large random errors. This is done by utilizing the statistical
characteristics of the CPs. We first estimate a third-order poly-
nomial transform model using all the CPs. A polynomial trans-
form of third order is often used to deal with serious geometrical
distortion. The residual stochastic characteristics of the third-
order polynomial transform are well studied [24] and make the
function suitable for prefitting. Using the residual distribution
of CPs with respect to the polynomial transform, we imple-
mented an iterative pruning with two constraints: a) CP pairs
with residual errors larger than three standard deviations are
discarded and b) pruning is halted when the three standard de-
viation threshold falls below 1 pixel on each side of the sample
mean value.

This last refining routine can be summarized as follows.

1) Set up a third-order polynomial transform model using
the least-squares method with all the CPs.

2) Calculate the noise-free point position, and obtain the
model residual dx and dy in the horizontal and ver-
tical direction, respectively. Compute the means and
standard deviations of dx and dy. Eliminate the points
whose dx and/or dy values are above three standard
deviations.

3) Repeat the aforementioned procedure until either of the
following conditions is fulfilled: The residuals in both
directions are within three standard deviations for all
remaining points, or the residuals fall below the −1- to
1-pixel threshold.

C. Image Warping

TPS is an interpolation function with a one-to-one mapping
relationship between corresponding CPs. It is also the only
spline model that can be cleanly decomposed into a global
affine and a local nonaffine warping component. Thus, it can
account for the local deformation caused by optical effects,

Fig. 3. Flowchart showing the validation procedure.

TABLE II
TYPE OF SR APPROACHES USED AND THE

RELATED REGISTRATION METHODS

relief change, and so on [25]. The TPS interpolation function
can be expressed as

(
f(x, y)
g(x, y)

)
=

(
h11 h12

h21 h22

) (
x
y

)
+

(
h13

h23

)

+

⎛
⎜⎜⎝

N∑
i=1

Fir
2
i Inr2

i

N∑
i=1

Gir
2
i Inr2

i

⎞
⎟⎟⎠ =

(
x′

y′

)
(12)

where (x, y) represents the coordinate of the input image and
(f(x, y), g(x, y)) that of the reference image. The coordi-
nate (xi, yi) represents the detected CP position in the input
image. The matrix h11, . . . , h23 defines the affine transform.
r2
i = (x − xi)2 + (y − yi)2 is the distance between (x, y) and

(xi, yi), and Fi and Gi are the weights of the nonlinear radial
interpolation function.

To solve (12) with N pairs of CPs, the following equilibrium
constraints are imposed:

⎧⎪⎪⎨
⎪⎪⎩

N∑
i=1

Fi =
N∑

i=1

Fixi =
N∑

i=1

Fiyi = 0

N∑
i=1

Gi =
N∑

i=1

Gixi =
N∑

i=1

Giyi = 0.

(13)

With N pairs of CPs and the six equations in (13), we can solve
the 2N + 6 unknown parameters in the TPS model. A more295
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Fig. 4. Histogram matching of the off-nadir images to the nadir images.
An example for band 18.

compact formulation for determining the unknown parameters
can be expressed as

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

0 0 0 1 1 · · · 1
0 0 0 u1 u2 · · · un

0 0 0 v1 v2 · · · vn

1 u1 v1 0 r2
12Inr12 · · · r2

1nInr1n

1 u2 v2 r2
21Inr21 0 · · · r2

2nInr2n

· · · · · · · · · · · · · · · · · · · · ·
1 un vn r2

n1Inrn1 r2
n2Inrn2 · · · 0

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

×

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

h13 h23

h11 h21

h12 h22

F1 G1

F2 G2

· · · · · ·
Fn Gn

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

=

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

0 0
0 0
0 0
x1 y1

x2 y2

· · · · · ·
xn yn

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

. (14)

After the parameters have been estimated, the TPS-based
warping is performed with a bilinear sampling function.

TABLE III
NUMBER OF CPS OBTAINED AFTER EACH STEP OF REFINEMENT

Fig. 5. Example of the random error distribution for band 18 estimated by
a third-order polynomial fit. The distribution resembles a (in red) normal
distribution; the red circles indicate the threshold of three standard deviations.
CPs with errors above the threshold value are not used.

D. DT-Based Nonuniform Interpolation and Deconvolution

DT-based interpolation has proven to be an effective inter-
polation technique when the spatial density and distribution
of the projected data points is irregular [30]. The basic idea
is to use triangular patches to locally fit the projected data.
DT-based interpolation has the advantage of low complexity
and stability due to its simplicity and the convexity of triangles
[30]. We have chosen DT-based interpolation as part of our
proposed SR method. To remove the effect of the PSF after
interpolation, we adopted the Wiener deconvolution, one of
the most popular deconvolution techniques. It makes minimum296
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Fig. 6. Yellow markers represent the final CPs used for the nonrigid transform. Red markers represent the CPs eliminated after applying the first matching
criterion—the ambiguity indicator (Tambiguity). Green markers indicate the CPs eliminated after the MSAC test. Blue markers represent the CPs eliminated after
the last iterative refining.

assumptions about image content and is robust to the impact of
noise at frequencies with poor signal-to-noise ratios.

Fundamental limitations do exist for SR image enhancement.
It has been shown that the number of linear systems and the
volume of solutions grows fast with increments of the magni-
fication factor; therefore, high magnification factors will result
in overly smoothed solutions [31]. In the case of presence of
noise and inadequate registration accuracy, the practical limit
for an effective magnification factor is 1.6 according to [31].
To achieve an intended magnification factor (m), one study
estimates the sufficient number of LR images as 4m2 [31].
Given the small number of input images available from angular
CHRIS and the technical difficulty of implementing fractions of
a scaling factor [D in (1)], we have chosen the decimation factor
to be two in all our experiments, which is a popular choice for
many SR studies using remote sensing data.

Usually, a PSF is used as an estimate for deblurring and
convolution processes [B in (1)]. However, unless the blurring
factor is known a priori, it is difficult to have an exact approx-
imate as the real blurring tends to be spectrally and spatially
variant. In [6], a 2-D circular Gaussian function was initially
chosen to approximate the system PSF at the nadir position,
assuming no distortion in the optics. Then, the PSFs of all off-
nadir images were estimated with an affine transform function.
It is common to assume a space-invariant blurring function to
obtain an efficient and stable estimation [26].

In order to keep the comparison of several SR methods
manageable, in this paper, the same PSF is used invariantly

for all the bands. We make the same assumption of no optical
distortion so that the blurring is invariant within an image. The
PSF chosen is a 2-D Gaussian filter (7 by 7 pixels) with a
variance of 1.6 pixels.

IV. EVALUATION METRICS AND DATA

To evaluate the SR methods, we first simulate a set of
LR images from the original CHRIS images. This is done
with a convolution procedure followed by a downsampling
with a factor of two (Fig. 3). Initial experiments show that
incorporation of the high off-nadir images at ±55◦ does not
improve the SR results. Consequently, only the nadir and the
±36◦ images are used. Hence, three LR images are generated.
SR methods are then applied to the simulated LR images. Since
the same convolution filter is used in the downscaling step of the
simulation, the SR methods are assumed to have the “correct”
blurring estimates in the reversing process.

SR can be applied on a single-frame LR image [12]. In order
to give a critical assessment of the use of multiframe SR, we
provide also the results obtained from single-frame SR using
bicubic resampling. The single-frame SR is performed on the
nadir images. The resulting SR images will be evaluated against
the nadir images as well as the projected ±36◦ images using the
following quantitative measures suggested in [6] and [12].

1) Relative Mean Square Error (rmse): The rmse is the ratio
of the mse of the single-frame bicubic image to that of the SR
image. If xi is the observed HR ground truth image of band297
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Fig. 7. Overlay of band 18 images taken from three viewing angles after
registration with the TPS nonrigid transform. Results show the high quality
of registration.

i = 1, . . . , n, x̂i is the SR image, and s is the bicubic interpo-
lated image, then the rmse can be expressed as

10 log

⎛
⎜⎜⎝

n∑
i=1

[xi − s]2

n∑
i=1

[xi − x̂i]2

⎞
⎟⎟⎠ . (15)

High rmse values represent improvement in image quality
using multiframe SR methods as compared to the single-frame
bicubic resampling SR.

2) Structural Similarity (SSIM): SSIM calculates the sim-
ilarity in a linked local window by combining differences in
mean, variance, and correlation [24]. The use of SSIM is
recommended because when compared to mse, it has a higher
correlation with visual degradation. SSIM is formulated as
follows:

SSIM =
(2mzmẑ + c1)(2δẑz + c2)

(m2
ẑ + m2

z + c1) (δ2
ẑ + δ2

z + c2)
. (16)

δz and δẑ are the variances within the image windows z and
ẑ, respectively. δẑz is the covariance between z and ẑ, and mz

and mẑ are the respective means. The two constants c1 and c2

are included to avoid zeros in the denominator. The window
size is set at 11 by 11 pixels, and the parameters c1 and c2 are
0.01 and 0.03, respectively. The local similarity measures are
then averaged over all possible window offsets and all channels
to obtain the mean structural similarity (MSSIM) for the whole
image. The values of MSSIM range between 0 and 1. A high
value means a high SSIM and hence better image quality.

3) Edge Stability (ES): Since blurring distortion is the most
common distortion in SR, ES, which is most sensitive to
blurring, is very suitable as an evaluation criterion [27]. ES is
formulated as follows:

ES =
1
n

n∑
i=1

(eẑi − ezi)2. (17)

In (17), ez is the original (HR) consecutive edge map, eẑ
(SR) is the compared consecutive edge map, and n is the

Fig. 8. Simulated SR results for four multiframe methods as compared to the
single-frame bicubic resampling method.

number of edges that are detected in at least one of these two
edge maps. ES measurement uses five canny edge detectors
with different blur deviations to obtain an ordered set of five
edge maps. The blur deviations used in this paper are 1.19, 1.44,
1.68, 2.0, and 2.38. Low ES values represent high image quality.

A CHRIS image set of Ginkelse Heide (The Netherlands)
was acquired on October 20, 2007. In mode 3, the images have
18 bands between 0.4 and 1 μm. The image set is cloud free and
has excellent quality. The spatial resolution of the nadir images
is 18 m. The CHRIS images are first preprocessed to filter
out noise and then calibrated to reflectance using algorithms
described in [28] and [29]. LR images are then simulated
from the atmospherically corrected original images using the
procedure described in Section IV. A total of five SR meth-
ods are implemented and tested: the single-frame bicubic SR,
three conventional SR approaches with affine transform, and
the proposed method with nonuniform interpolation using the
TPS transform (Table II).

V. RESULTS AND DISCUSSION

While CHRIS/Proba provides five acquisitions at angles
±55◦, ±36◦, and nadir, our initial experiments show that a
better performance is obtained by using only three images:
images acquired at ±36◦ and nadir. This is echoed by the298
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TABLE IV
RESULTS OF THE QUANTITATIVE EVALUATION. FOR RMSE AND MSSIM, THE HIGHER THE VALUES THE BETTER; FOR ES, THE LOWER THE BETTER

simulated results in [6]. To eliminate the bias caused by dif-
ferent viewing angles, the off-nadir images are “corrected” by
histogram matching (Fig. 4).

The SIFT method initially found 6805, 4499, and 6611 points
on the nadir (reference) image, the +36◦ image and the −36◦
images, respectively. Table III lists the evolution of the number
of CPs in each step. After the first screening based on the
ambiguity test (Tambiguity), 1921 matched points remain for
the +36◦ image, and 2270 for the −36◦ image. The second
screening with MSAC further eliminates 14% (+36◦ image)
and 16% (−36◦ image) of the matched points. The last iterative
method eliminates CPs based on the distribution of random
errors when applying a third-order polynomial fit. Fig. 5 shows
the error distribution of the CPs for band 18. In the end, 1577
and 1768 CPs remain for the +36◦ image and the −36◦ image,
respectively. Fig. 6 shows the geographical distribution of the
CPs and their evolution through each step of the refinement.
The final registration based on the TPS nonrigid transform is
shown in Fig. 7. Visual inspection confirms that the registration
is accurate.

Implementation of conventional SR methods described in
Section II-C requires specific parameter settings. For all ap-
proaches, we use the bicubic image generated from the nadir
image as the initial high-resolution image. To model the image
formation process, image wrapping is used for motion estima-
tion, a PSF is used to model the system blurring, and subsam-
pling is fixed at 2. While image wrapping and PSF settings
are the same for all SR methods, there are parameters specific
to each method which require separate tuning and are defined
empirically. For the IBP algorithm, the back-projection filter
is the blurring kernel itself. The iteration process is continued
until the change between two consecutive SR outputs is less
than a threshold of 0.001 or until the maximum number of
iterations (50 times) has been reached. For POCS, the parameter
δ (a threshold for residual r) is set at 0.01.

SR methods are applied to simulated LR multiangle images
to produce a HR image. The SR results of the simulation are
shown in Fig. 8. The SR images show a clear increase in
image detail. In general, image objects are better delineated.
In terms of clarity and contrast, the multiframe SR methods are
better than the single-frame bicubic resampling method. This
confirms the results illustrated in [6], where a bilateral single-
frame SR method was compared with the POCS method.

Three quantitative measures, namely, rmse, MSSIM, and
ES, are calculated to assess image quality of the SR images
(Table IV). The measures are calculated based on a compar-

Fig. 9. Quantitative measures of image quality for different SR approaches
and spectral bands.

ison between the SR image and each of the three original
angular images. Each cell in Table IV represents averaged
values over all the bands for each SR method. Higher rmse and
MSSIM values represent higher quality, while for ES, lower
values represent higher quality. Our results show that the
proposed method consistently outperforms other SR methods
which are based on an affine transform. The fact that the299
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Fig. 10. SR results obtained with real data using three angular CHRIS image sets. True color composites using bands 11, 5, and 2. The left column represents
fragments of the original nadir image at 18-m resolution. The middle column shows the results obtained with the single-frame bicubic method. The right column
corresponds to the SR results (9 m) obtained with the proposed method.

method scores best on all three quantitative measures gives a
good indication that the SR images obtained with the proposed
method are superior in quality. Multiframe SR methods also
yield higher scores than single-frame SR on all three measures.
Both qualitative visual inspection and quantitative assessment
suggest that the use of multiframe SR is preferable to single-
frame SR.

Fig. 9 shows the performance of different SR methods in
terms of quality measures for each band. For each measure, the
average value obtained for the three angular images is shown.
For each of the SR methods that have been tested, the results
indicate that the proposed method is superior for all bands.
Multiframe SR methods also generate better results than the
single-frame SR method for every band. It should be noted that
the rmse results for band 1 are not better with the multiframe
methods. This could be attributed to the systematic noise within
the first few bands [30], [31].

In a last experiment, the proposed approach is applied on the
original “real” CHRIS images (Fig. 10). For this experiment,
the variance of the PSF is varied between 1.2 to 1.6 pixels to
achieve the best results. Since we use a scaling factor of two, the
dimensions of the image are doubled, with the number of pixels
quadrupled. Apparent improvement in image quality is found
with substantial increase in the amount of detail present in the
HR image. Compared with the single-frame bicubic result, the
HR image obtained from multiframe SR shows better contrast
in terms of object boundary delineation and texture.

VI. CONCLUSION

Accurate registration is a prerequisite for successful SR
image reconstruction. Multiviewing angular images pose par-
ticular difficulties for image registration due to substantial geo-
metric distortion. To improve the performance of SR methods
on angular CHRIS imagery, we proposed the use of a nonrigid
transform function and a rigorous CP selection procedure to en-

sure accurate registration of multiangular imagery. Our results
show that the proposed method improves the performance of
a DT-based nonuniform interpolation applied in combination
with a standard affine transform. The method also outperforms
three other mainstream SR methods that make use of affine
image registration. The SIFT-based CP selection procedure
produces enough CP pairs to apply a TPS nonrigid transform.
The outlier detection procedure guarantees a proper selection
of CPs and a high-quality registration of off-nadir images.

Given the multiviewing and hyperspectral-oriented config-
uration of CHRIS/Proba, a higher spatial resolution will def-
initely broaden the scope of application of CHRIS data. Our
results have shown that it is possible to enhance CHRIS
imagery using SR methods. In this paper, we have used a
spectral and spatial invariant PSF. In future efforts, it might be
interesting to investigate the actual benefits of using a variant
PSF. In addition, semiautomating the parameter tuning process
would certainly increase the ease of use of some SR methods.
For specific applications such as land-cover classification or
spectral unmixing, more experiments are needed to understand
the benefits of using SR-enhanced CHRIS imagery.
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ABSTRACT: 

 

Monitoring and reporting on the status of Natura 2000 habitats is an obligation under the 1992 Habitats Directive for each member 

state of the European Union (EU). Satellite imagery providing up-to-date information for a large areal coverage could be an 

interesting source to complement conventional, but laborious, field-driven surveying methods. Quality of habitats can be assessed 

through their structures as represented by combinations of various life forms. If these life forms can be classified by remote sensing, 

then structural analysis can be applied and readily translated into useful information for conservation status assessment. Previous 

experiences have shown that hyperspectral imagery is more effective for detailed vegetation classification than multi-spectral images. 

A limitation of spaceborne hyperspectral imagery, however, is that the resolution is too coarse. In this study, we investigated the use 

of superresolution (SR) enhanced CHRIS/Proba imagery for the derivation of a habitat map. To obtain the final habitat map, two 

strategies were compared. The first strategy consists of a direct classification of the habitats (objects) from the imagery. The second 

strategy is an indirect classification approach, consisting of two steps. First, a detailed classification of twenty-four vegetation types 

was performed, while in the second step, the obtained vegetation patches were subsequently merged into habitat patches using 

predefined rules. Kalmthoutse Heide, a nature reserve in the North of Belgium dominated by heathland, was used as a study area. 

The tree-based ensemble classifier Random Forest was used for the classification, with its internal unbiased Out-Of-Bag estimation 

as a measure of accuracy assessment. While both strategies achieve around 62% overall accuracy, the area distributions of various 

habitats show large differences. Visual interpretation confirms that the indirect classification approach, which aggregates detailed 

vegetation patches into habitat patches, better reflects a field mapping approach. A method to combine the strengths of these two 

strategies could provide more valuable results for Natura 2000 habitat identification.  

 

                                                                 

*  Corresponding author. 

1. INTRODUCTION 

1.1 Natura 2000 habitat mapping 

With the implementation of the Habitats Directive in 1992, EU 

member states committed themselves to protect a range of 

highly threatened habitats within their territory. Monitoring and 

reporting on the status of the Natura 2000 habitats is an 

essential part of an effective conservation, and an important 

obligation under the Habitats Directive: every six years, 

member states have to report on the actual area, the range, the 

quality and the future prospects for each habitat type. 

 

To date, the gross of the data needed for this reporting are 

gathered through field mapping and the visual interpretation of 

aerial pictures. Such an approach does, however, have some 

major drawbacks. First, these labour-intensive techniques are 

highly expensive. Second, field mapping is often slow, making 

it difficult to cover vast areas during the optimal season of 

inventory. Third, despite the existence of strict rules for field 

mapping, inter-observer errors are an issue (e.g. Stevens et al., 

2004). 

 

Remote sensing techniques are often suggested as a proper 

alternative for this monitoring. Clearly, the possibility to cover 

large areas, the lower costs and the repeatable data processing 

make these methods appealing. Unfortunately, some objects are 

difficult to differentiate with conventional satellite images, and 

the low resolution may also be a problem. 

 

1.2 Hyperspectral data and superresolution enhancement 

For detailed ecotope mapping, it has been shown that multi-

spectral classification only achieves limited accuracy. 

Hyperspectral data with richer spectral information, however, 

are more effective (Chan and Paelinckx, 2008). While airborne 

imagery can provide higher spatial resolutions, it is much more 

expensive and harder to obtain than satellite imagery. To date, 

the only operational hyperspectral satellite is HYPERION. 

Unfortunately, its spatial resolution of 30m is considered too 

coarse for many applications. Another option is the 

demonstrator CHRIS/Proba, which is a transitional 

hyperspectral-oriented satellite that operates between 0.4-1 µm 

with 63 bands, at a spatial resolution of 36 m. It can acquire 

data at a higher spatial resolution, but at the expense of the 

number of spectral bands. In Mode 3, it acquires 18 bands at 

18m. In terms of spatial resolution of hyperspectral (-oriented) 

imagery, this is the highest that can be obtained to date. Next to 

that, CHRIS/Proba also allows multi-angular acquisition where 

several images of the same scene are obtained within a very 

short period of time. Recent efforts to obtain a superresolution 

(SR) enhanced image from multi-view CHRIS images produced 

encouraging results with the SR images showing significantly 

higher contrast and detail (Chan et al., 2008a; Chan et al., 
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2010). SR enhanced images used in land-cover classification 

are reportedly superior than the original image sets which are 

with a lower spatial resolution (Chan et al., 2008b; Li et al., 

2009). For applications that require a higher resolution than the 

current satellites can provide, the SR approach could be an 

interesting alternative. 

 

1.3 Treating habitats as objects 

In order to assess the conservation status of habitats, the habitat 

patches have to be identified first. Since the original spatial 

resolution of CHRIS is 18m, habitat patches that are smaller 

than this resolution will be lost. By applying SR algorithms 

using multi-view CHRIS images as input, a new image set at 9m 

resolution can be simulated. Although the SR image cannot be 

treated as having the real 9m spatial resolution, it incorporates 

useful information from multiple input images and thus can 

improve classification, especially at object boundaries where 

mixed pixels are normally present. It is hoped that with more 

image detail and contrast, the SR image can improve object 

(habitat) boundary delineation and hence will be more effective 

in defining habitat patches. 

 

There are various ways to arrive to the patch level. For example, 

object-based image analysis can be exploited to recover the 

boundary of surface objects through multi-scale segmentation 

(Mathieu et al., 2007), followed by a classification of these 

objects. This approach has proven to be effective with very high 

spatial resolution satellite data such as Quickbird and Ikonos 

data and is particularly useful in complex environments such as 

urban areas. Natura 2000 habitats constitute an equally or even 

more complex environment, for a number of reasons. In the first 

place, they are composed of a limited number of dominant plant 

species, which occur in vegetation patches of very small scale 

(Fig. 1). Such vegetation elements can be very different from 

each other, yet together they constitute a larger patch that can be 

assigned to a Natura 2000 habitat type. Moreover, the 

composition of the vegetation elements in the habitat patch is an 

important source of information for the conservation status 

assessment status of the habitat. Unfortunately, there is no 1-to-

1 relation between the vegetation elements and the habitat type, 

since the same type of vegetation element can belong to 

different habitat types, depending on its spatial context. This 

hampers straightforward habitat identification.  

 

Such a high structural complexity would require high spatial 

and spectral resolution imagery to be mapped adequately, but to 

date, this cannnot be delivered by satellite imagery. Therefore, 

we experimented with two alternative approaches to arrive to 

the object (habitat) level. As a first approach, we applied a 

direct habitat classification on a satellite image, using eight 

habitat types as classes in the legend. In this approach, we 

assumed that the spectral signature of several different 

vegetation elements would be mixed into the signal of the pixel, 

leading to a possibly characteristic overall spectral signature for 

each of the classes. As a drawback, this approach will not 

deliver any information on the constituting parts of the habitat. 

Our second approach involved a two-step indirect habitat 

classification of the same image, starting with a detailed 

classification of twenty-four types of vegetation elements, 

followed by a rule-based approach to re-classify these 

vegetation classes into habitat classes. In this approach, we 

expected to obtain more information on the composition of 

vegetation elements, and hence enable conservation status 

assessment, but possibly at the expense of a reliable habitat 

patch identification. We used both classification accuracy and    

  
(a) 

 
(b) 

 

Figure 1.  “Dry sand heaths with Calluna and Genista” (2310) 

is a Natura 2000 habitat commonly found in the study area. In 

favourable conditions, it consists of a mixture of dwarf scrub, 

open sand and patches of pioneer grasses and mosses (a); but as 

a result of eutrophication, encroachment with purple moor grass 

(Molinia caerulea) leads to a monotonous vegetation (b), with a 

heavily reduced ecological value. 

 

visual interpretation of the obtained maps to assess and compare 

the quality of habitat patch identification for both approaches. 

 

 

 

2. METHODOLOGY 

2.1 Superresolution enhancement of CHRIS/Proba 

SR theories can be based on frequency or spatial domain, but 

those based on spatial domain provide better flexibility in 

modelling noise and degradation, and are more suitable for our 

purposes (Park et al., 2003). The idea of SR is to reconstruct a 

high resolution (HR) image through the use of several low 

resolution (LR) images. The objective is to achieve the best 

image quality possible from several LR images. However, the 

application of SR algorithms is effective only if the LR images 

are sub-sampled, that means if aliases exist, and if the LR 

images include sub-pixel shifts. Superresolution methods have 

been applied to remote sensing images such as Landsat and 

Quickbird (Merino and Núñez, 2007), as well as hyperspectral 

data (Akgun et al., 2005). The LR remote sensing images are 

preferably acquired within a short period of time so that the 

occurrence of changes is minimized. As the angular images of 

CHRIS/Proba (+55°, +36°, 0°, -36°, -55°) are acquired within 
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minutes, they are ideally suited as input images for SR 

operations. 

 

If we have N  LR images and kY is the matrix form of the kth 

LR image and X  is the matrix form of the HR image, then 

their relationship can be formulated as: 

 

k k kk k
Y D B M X V= +   k = 1,…, N         (1) 

 

where Mk is the warp matrix that represents the shift and 

rotation of the LR images, Bk is the blur matrix that represents 

the blurring effects during the acquisition and Dk is the 

subsampling or decimation factor. An ordered noise vector Vk is 

added at the end.  

 

There are many approaches to conduct superresolution image 

reconstruction (Park et al., 2003). In this paper, we use the 

intuitive iterative backprojection (IBP) proposed in Irani and 

Peleg (1991). IBP is based on a similar idea as computer-aided 

tomography, where a 2-D object is reconstructed from its 1-D 

projections. The method involves a registration procedure, an 

iterative refinement for displacement estimation, and a 

simulation of the imaging process (the blurring effect) using a 

point spread function (PSF). The process starts by producing an 

initial guess of the HR image. This initial HR image can be 

generated from one of the LR images by decimating the pixels. 

In the case of CHRIS/Proba, the nadir image set was used as the 

first guess. The HR image is then down-sampled to simulate the 

observed LR images using the motion estimation and blurring 

component. The simulated LR images are subtracted from the 

observed LR images. If the initial HR image is the real observed 

HR image, then the simulated LR images and the observed LR 

images would be identical and their difference zero. If they are 

not identical, the computed differences can be “back-projected” 

to improve the initial guess. The back-projecting process is 

repeated iteratively to minimize the differences between the 

simulated and the observed LR images, and subsequently 

produce a better HR image. 

 

The iterative procedure can be described by 

1
( )

n n BPX X G H X Y
+

= − − , 

where 
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=  
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BPG represents the back-projection filter, 
1n

X
+

 is the 

improved HR image at the (n+1)th iteration, and 
n

X is the HR 

image at the nth iteration. IBP is intuitive, hence it is easy to 

understand. In this study the back-projection filter was 

represented by a transpose of a PSF approximated by a 7 x 7 

Gaussian filter. 

 

2.2 Vegetation classes and habitat types 

In order to test both approaches of habitat identification, we 

identified in the study area eight dominant habitat types and a 

Level 4 classification scheme with twenty-four vegetation 

classes (Table 1). The vegetation was classified based on a 

hierarchical classification scheme, i.e. starting with six broad 

land-cover categories at the first level (heathland, grassland, 

forest, inland dune, water body and arable fields), but 

comprising twenty-four detailed vegetation classes at the fourth  

Level 4  

Classcode 

Class description Natura2000 

habitat  

Hdcy (13) Young Calluna vulgaris Calluna heath 

Hdca (9) Mature Calluna vulgaris Calluna heath 

Hdco (0) Old Calluna vulgaris Calluna heath 

Hdcm (52) Mixed-age Calluna Calluna heath 

Hwe- (52) Erica tetralix Wet heath 

Hgmd (107) Molinia caerulea (dry) Molinia heath 

Hgmw (80) Molinia caerulea (wet) Molinia heath 

Gpap (20) Species poor grassland (Agricultural) 

Gpnd (22) Dry semi-natural 

grassland 

Inland dunes 

Gpj- (6) Juncus effusus Water bodies 

Gpar (3) Species rich grassland (Agricultural) 

Gt-- (5) Temporary grassland (Agricultural) 

Fcpc (3) Pinus nigra (Conif.forest) 

Fcps (41) Pinus sylvestris (Conif.forest) 

Fdb- (13) Betula spp. Decid. forest 

Fdqz (16) Quercus robur Decid. forest 

Sb-- (20) Bare sand Inland dunes 

Sfgm (14) Fixated sand 

(grass+moss) 

Inland dunes 

Sfmc (4) Campylopus introflexus Inland dunes 

Sfmp (4) Polytrichum piliferum Inland dunes 

Wov- (18) Water with vegetation Water bodies 

Wou- (16) Water without vegetation Water bodies 

Acm- (12) Maize field (Agricultural) 

Aco- (4) Field with other crops (Agricultural) 

 

Table 1.  List of twenty-four vegetation classes and the most 

plausible corresponding Natura 2000 habitats (between brackets 

are land-cover types that do not constitute a protected Natura 

2000 habitat). The figures next to the Classcode represent the 

number of training samples. 

 

level. The twenty-four vegetation classes were used for the 

assessment of the conservation status in the habitat patches, but 

for the habitat identification, eight “habitats” were discerned 

(Natura2000 code between brackets): Calluna-dominated dry 

heathland (2310 or 4030), wet heathland (4010), open 

grasslands on inland dunes (2330), Molinia-encroached heath 

(degraded form of the habitats above), oligotrophic water 

bodies (potentially 3110, 3130 or 3160), deciduous forest 

(potentially 9190), coniferous forest and other land cover types 

(no habitats from the Habitats directive, including urban and 

agricultural land). Although these habitats are inspired by the 

Habitats Directive, they do not completely correspond: Molinia-

encroached heath is a degraded form of heathland with low 

ecological value that can originate from inland dunes as well as 

from dry and wet heathland. However, the origin is difficult to 

trace back. Also, ancillary data on soil type and micro-elevation 

are necessary to separate Calluna-dominated heath on inland 

dunes and on a podzol-like soil. 

 

2.3 Study site 

“Kalmthoutse Heide” and “Klein Schietveld” are two Natura 

2000 sites in northern Belgium (51°22’N, 4°27’E), consisting 

mainly of dry and wet heathland habitat, inland dunes, water 

bodies and forests. Historically, heathlands were used as 

grazing grounds for livestock, and the organic topsoil was 

regularly removed to be used as a fertiliser. With the 

intensification of agriculture, heathlands were abandoned, 

resulting in high levels of tree-encroachment. Also, atmospheric 

nitrogen depositions increase the encroachment with purple 

moor grass (Molinia caerulea) as well as the speed of inland  
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Original CHRIS 

 
SR enhanced CHRIS 

 

Figure 2.  A comparison of the original CHRIS image (top) and 

the SR CHRIS image (bottom), showing a lake in the middle of 

the Kalmthoutse Heide and its surroundings. Bands 13, 5 and 2 

are used. 

 

dune fixation. Current nature management includes sheep 

grazing, sod cutting, tree removal and occasional mowing. 

 

A CHRIS image set of the study site of excellent quality was 

acquired on 1st July 2008. The CHRIS image was 

atmospherically corrected and de-noised using the BEAM 

toolbox freely available through the ESA website 

(http://www.brockmann-consult.de/cms/web/beam/).  

 

3. RESULTS AND DISCUSSION 

3.1 Superresolution enhancement of CHRIS imagery 

As suggested by Chan et al. (2010), only the 0° and ±36° 

images were used. High off-nadir images do not improve the 

result of the SR operation due to serious geometric distortion. A 

registration routine described by Ma et al. (2010) was 

implemented and the registration accuracy obtained was below 

0.2 pixels. Visual inspection confirmed the high quality of the 

registration process. The IBP SR method was applied band-by-

band, and then the 18 bands were stacked. Fig. 2 shows an 

extract from the original CHRIS nadir image and the SR 

enhanced CHRIS image. The original CHRIS has 18m spatial 

resolution, while the SR CHRIS has 9m resolution. The amount 

of image detail is substantially higher in the SR image than in 

the original image, and the boundaries of objects such as lakes, 

fields and off-road paths are more crisp. 

 

N2000 habitat Direct 

classification 

Indirect 

classification 

Calluna-heath 133.3 128.6 

Wet heath 73.0 141.5 

Molinia-heath 756.1 687.7 

Agriculture 220.6 133.6 

Inland dunes 108.0 215.3 

Water bodies 109.9 160.8 

Conif. forest 1113.6 864.4 

Decid. forest 193.0 375.5 

 

Table 3.  Area estimates of habitat classes, in hectares, obtained 

with the two approaches.  

 

3.2 Vegetation and habitat classification 

We performed a supervised classification on the SR CHRIS 

image, with training samples acquired by a field expert during 

the summer of 2009. A total of 534 points were sampled using a 

stratified random sampling method, which took into account the 

geographic distribution of each vegetation type. As a 

classification algorithm, we applied a decision tree based 

ensemble classifier - Random Forest (Breiman, 2001). Random 

Forest has proven to be one of the most robust and accurate 

machine learning classifiers. It is easy to use with only one 

parameter to be tuned. For more details on the application of 

Random Forest for vegetation classification, we refer to Chan 

and Paelinckx (2008). Accuracy assessment was done using the 

unbiased Out-Of-Bag (OOB) internal estimate of Random 

Forest. 

 

The first approach, where we classified the eight habitats 

directly, revealed an OOB accuracy of 61.9%. In the second 

approach, the classification accuracy of the twenty-four 

vegetation classes was only 45.3%. Due to the presence of hard-

to-distinguish classes at Level 4, even in the field, this low 

accuracy is not entirely unexpected. The classification at Level 

4 was subsequently merged into the eight habitat classes using 

the correspondence described in Table 1. After merging into 

eight habitat classes, the overall accuracy was once again 

assessed, and now reached 62.4%. This is on par with the direct 

strategy. 

 

Figure 3 shows the final habitat maps obtained with the two 

approaches, using all 534 samples as input. While there is 

general conformity between the two classifications, they also 

differ quite substantially. In general, very small patches 

consisting of a few pixels are much less present in the indirect 

approach, which makes this map more like a field-driven map. 

A comparison of the habitat area obtained with the two 

approaches is given in Table 3. There are big differences in 

derived habitat area for all habitats, except Calluna-dominated 

and Molinia-encroached heathland. But even in these habitats, 

minor shifts in the boundaries occur. 

 

The area estimate of wet heathland in the direct classification is 

almost half of the area calculated using the indirect method. 

Most of the discrepancies occur in the border zones of wet 
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heathland and Molinia-heathland, and correspond with wet 

heathlands that are heavily encroached by purple moor grass 

Molinia caerulea. Subtle differences in estimating the Molinia 

cover between fieldworkers and computer algorithms may 

equally play a role (see also Mücher et al. 2010). Similarly, the 

large differences in coverage of coniferous and deciduous forest 

types are mainly related to the presence of mixed forest stands. 

 

Conversely, large differences in the cover of inland dune 

habitat, water bodies and agricultural land are apparently not 

related to the difficulty of classifying transition zones. 

Misclassification of spectrally similar, but ecologically very 

different vegetation types and habitats are the main cause of 

errors: some coniferous forests appear very dark on the satellite 

image, resulting in their classification as water. Also, inland 

dunes can easily be confused with recently ploughed fields. As 

agricultural areas and forests were not target habitats in this 

study, relatively little training points were located in these areas, 

and the high number of misclassifications are not really 

surprising. 

 

4. CONCLUSION 

Superresolution enhancement of hyperspectral imagery is a 

valuable tool for reducing the pixel size and thus increasing the 

image contrast and spatial detail. For a CHRIS/Proba satellite 

image of a heathland in Belgium, an SR image resolution of 9m 

was obtained, compared to 18m for the original image. SR 

enhanced satellite images appear to be suitable for habitat 

mapping of heathlands: a direct and indirect classification 

method both achieve classification accuracies that approach the 

accuracy of manual field mapping. Also, in general, the maps 

produced with the two methods are largely comparable, and 

correspond well with the real distribution of the habitats. 

However, the exact area estimates for each habitat derived from 

both maps strongly differ. This has been shown to be related to 

classification difficulties in transition zones, yet 

misclassification of spectrally similar vegetation and habitat 

types also seems to play a role. 

 

In the context of Natura 2000 monitoring, the results of this 

study are promising. First, for a large proportion of the study 

area, both methods indicate the presence of the same habitat 

type, which mostly corresponds with the actual habitat type 

present. Second, although discrepancies between the two maps 

may be linked to real classification errors in one of the maps, 

such differences may also indicate the presence of gradual 

transition zones that cannot be easily classified. The delineation 

of such zones is very relevant for field managers and ecologists, 

as these areas often correspond with rapidly evolving zones that 

need proper management. 

 

We can conclude that the application of novel superresolution 

techniques, combined with multiple habitat classification 

approaches, can help to overcome the shortcomings of satellite 

imagery and lead to satisfactory habitat map production. This is 

a promising finding in the light of the development of 

operational methods for Natura 2000 habitat monitoring and 

reporting, based on satellite imagery. 
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ABSTRACT 

Superresolution (SR) image reconstruction is a 

technique to obtain a high resolution (HR) image from a 

set of low resolution (LR) images. CHRIS/Proba is a 

new generation of satellite which acquires multiple 

angular images of the same scene. The angular images 

acquired within a very short period of time are ideal for 

SR operation. This paper reviews the recent 

development of SR operation for CHRIS images. 

Various SR methods that have been tested for SR 

CHRIS are discussed in terms of their pros and cons. 

Significantly more detail of surface objects are obtained 

from SR CHRIS images. Evaluation of SR images, 

however, remains an issue since a HR data set does not 

always exist. SR CHRIS images have been tested for 

ecotope mapping and spectral unmixing. Apparently, 

the additional details are valuable information for many 

applications. In view of the demands for HR 

hyperspectral data sets, SR operation can be an 

interesting option. Properties such as quick revisiting 

time and angular acquisition of a hyperspectral satellite 

are important for possible SR operations.  

 

1. INTRODUCTION 

Hyperspectral remote sensing images with richer 

spectral properties provide new possibilities for the 

mapping of the Earth’s surfaces [1][2]. While airborne 

hyperspectral acquisitions can reach very fine 

resolutions, they are not cost-effective for large-scale 

mapping. For large areal coverage, satellite images are 

still a preferred option. However, spatial resolutions of 

spaceborne hyperspectral (or hyperspectral-oriented) 

data are often too low for many applications that require 

finer image details. Hyperion provides 224 bands 

between 0.4-2.5µm, but only at 30m resolution. 

Multiangular CHRIS/Proba provides 17m resolution 

(MODE 3), 18 bands between 0.4-1 µm. Several future 

hyperspectral missions such as PRISMA by the Italian 

Space Agency (ASI) and EnMap by the German Space 

Agency (DLR) have set spatial resolution at 30m 

resolution.  

To enhance spatial resolution of spaceborne images, 

researchers have suggested the use of SR image 

reconstruction methods. SR refers to the reconstruction 

methods that can be applied to obtain a HR image 

through the use of several LR images. The objective is 

to achieve the best image quality possible from several 

LR images. 

The idea of SR was first suggested in the frequency 

domain [3] with theory built upon Fourier transforms of 

the LR images. However, SR theories based on spatial 

domain provide better flexibility in modeling noise and 

degradation, and are more suitable for our purposes [4]. 

SR methods have been applied to remote sensing 

images such as Landsat [3][5], SPOT [6], Quickbird [5], 

multi-looking thermal data [7], as well as hyperspectral 

data [8]. Most of the studies, however, are based on 

simulated or temporal data. For the LR temporal 

images, they are ideally acquired within a short period 

of time to minimize occurrence of changes in between 

acquisitions. CHRIS/Proba provides multiple 

observations of the same scene at five different angles 

(+55°, +36°, 0°, -36°, -55°). As the multi-angle images 

are acquired almost at the same time, they can be ideally 

used as the LR input images for SR operation. Recent 

studies related to the use of SR for CHRIS/Proba have 

shown interesting results [9]-[14].  

Novel SR algorithms have been applied to multi-

angle CHRIS to obtain a 9m resolution data set [9][13] 

and the SR enhanced data sets have been tested for 

classification and unmixing purposes [11][12][14]. It 

has been shown that SR CHRIS imagery increases 

image detail and also provide comparable accuracy of 

detailed land cover classification at ecotope level. In 

[15] and [16], an automatic registration procedure for 

angular CHRIS images using a hybrid feature-based and 

region-based approach was described. The procedure 

has achieved high registration accuracy and has been 

incorporated in the SR operation of CHRIS. For 

applications that require a higher spatial resolution, 

improvement in spatial resolution using SR approaches 

will open up new opportunities. 

Since the SR for CHRIS imagery will have reference 

values to other data sets and possibly future 

hyperspectral satellite missions, we would like to review 

the recent developments and the learned experience in 

this area. Some background of the SR and popular 

approaches are briefed in Section 2. Issues in relation to 

the evaluation of SR results will also be discussed. 

Applications of the SR-enhanced CHRIS/Proba at 9m 

resolution are discussed in Section 3. Sections 4 and 5 

describe the technical issues concerning the 

implementation of SR and also the prospects of SR 

approaches to other hyperspectral imagery.  

_____________________________________________________ 
Proc. ‘Hyperspectral 2010 Workshop’, Frascati, Italy, 
17–19 March 2010 (ESA SP-683, May 2010) 
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                 a. Original                              b. Bi-cubic 

  

    c. Non-uniform                 d. IBP 

  

e. TV                                   f. POCS  
Figure 1. Superresolution results from four multi-frame methods as compared to the single-frame bicubic resampling method. The original 

image is 17m in resolution and the SR images are 8.5m in resolution. 
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2. SUPERRESOLUTION RECONSTRUCTION 

Closely related to the problem of image restoration, 

SR can be considered as a second generation of image 

restoration techniques that also change the image 

dimensions. Upscaling and interpolation techniques can 

be used to increase the size of an image. However, the 

quality of a single LR image is limited and interpolation 

based on only one undersampled image does not allow 

recovering of the lost high-frequency information. 

Hence multiple observations of the same scene are 

needed. The idea of SR is to fuse a sequence of LR 

noisy blurred images to produce a higher resolution 

image. The fusion can be achieved by modeling the 

relationship between the LR and the HR images. If we 

have N LR images and Yk is the matrix form of the k
th

 

LR image and X is the matrix form of the HR image, 

then their relationship can be formulated as: 

 

k k kk k
Y D B M X V= +   k = 1,…, N,         (1) 

 

where Mk is the warp matrix that represents the shift and 

rotation of the LR images, Bk is the blur matrix that 

represents the blurring effects during the acquisition and 

Dk is the subsampling or decimation factor. An ordered 

noise vector Vk is added at the end.  

The mathematical formulation of SR problem is well 

suited for the description of image degradation, namely, 

blurring, noise and sub-sampling. By modeling this 

degradation in a rigid way, it is possible to conquer 

these constraints and enhance image resolution in the 

end. Numerous SR approaches have been proposed and 

the most well-known are the non-uniform interpolation 

and de-convolution, the regularization reconstruction, 

the projection onto convex sets, hybrid approaches and 

others [4]. SR can also be applied on a single-frame LR 

image [17], which is more commonly referred to as 

image scaling, interpolation, zooming and enlargement. 

However, the application of SR algorithms is possible 

only if aliasing exist, which means there are sub-pixel 

shifts between the LR images. Based on the model 

given above, different approaches can be formulated. 

Four of the more classic and representative methods are 

described below. 

The main procedure of SR consists of three steps: 

registration, interpolation and restoration. Registration 

is an important step and a prerequisite for successful SR 

implementations. The method we used is based on the 

automatic sub-pixel registration described in [15] and 

[16]. 2.1.2.1.2.1.2.1. Non-uniform Interpolation and De-convolution 

As the relative shifts between the LR images are 

arbitrary, it is natural that the interpolation is non-

uniform. Non-uniform interpolation and de-convolution, 

hence, is the most intuitive SR method. It treats SR as a 

resampling problem where a HR image is first simulated 

and then interpolation was carried out. To further reduce 

the blurring effects of the result of interpolation, a de-

convolution process is needed. A constrained least 

squares de-convolution technique based on Tikhonov 

regularization is used, where the priori information 

makes sure the second derivative of the solution image 

is minimized [18].  

Comparing to other techniques, this method is 

cheaper in computational costs. However, since the 

errors at the interpolation process is not accounted for 

during the de-convolution, it does not guarantee an 

optimal solution. Furthermore, this approach applies 

only to the case when the blur and the noise effects are 

constant over the LR images, therefore the use of 

degradation models is limited. 

Fig. 1c shows an example of SR CHRIS using this 

method. For the sake of comparison, Fig 1a is the 

original image and Fig. 1b is the SR result from a 

single-frame bicubic SR method. The interpolation 

operation uses the ‘griddata’ function in Matlab with 

triangle-based cubic interpolation. The de-convolution 

step is done using a point spread function (PSF) decided 

empirically. 2.2.2.2.2.2.2.2. Iterative Back-Projection (IBP) 

First proposed in [19], IBP is based on a similar idea 

as the computer-aided tomography where a 2-D object 

is reconstructed from its 1-D projections. The method 

involves a registration procedure, an iterative 

refinement for displacement estimation, and a 

simulation of the imaging process (the blurring effect) 

using a PSF.  

This approach begins by guessing an initial HR 

image. This initial HR image can be generated from one 

of the LR images by decimating the pixels. This initial 

HR image is then down-sampled to simulate the 

observed LR images. The simulated LR images are 

subtracted from the observed LR images. If the initial 

HR image was the real observed HR image, then the 

simulated LR images and the observed LR images 

would be identical and their difference zeros. Hence, the 

computed differences can be “back-projected” to 

improve the initial guess. The back-projecting process is 

repeated iteratively to minimize the difference between 

the simulated and the observed LR images, and 

subsequently produce a better HR image. Fig. 1d shows 

the result of an IBP SR operation. 

IBP is intuitive hence easy to understand. However, 

its ill-posed nature means that there is no unique 

solution. The choice of back-projection filter is 

arbitrary. Compared to other approaches such as 

regularization approaches, it is more difficult to 

incorporate prior information.  
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2.3.2.3.2.3.2.3. Total Variation 

Superresolution is a typical ill-posed problem because 

of the insufficient LR images and ill-conditioned 

blurring factors. There are infinite solutions satisfying 

Eq. 1. Regularization is not only a means to pick up a 

stable solution, but also helps to improve the rate of 

convergence. One of the most successful regularization 

methods is total variation (TV). TV is a conventional 

approach that uses maximum a posteriori (MAP) 

method and a regularization function to regulate the 

degree of smoothness of the HR image. In reference 

[20] a 1L norm for estimation of high resolution image is 

proposed. 

The use of regularization means that incorporation of 

a priori knowledge is possible. The regularization 

component of TV stabilizes the inversion of the ill-

posed SR problem, putting a constraint to the space of 

solutions and subsequently enables a fast convergence. 

The use of the 1L norm, instead of 2L norm, to measure 

data fidelity improves robustness to outliners. Parameter 

tuning and long computing times are disadvantages of 

this method. 

The procedure of TV is similar to IBP with an 

addition of a regularization factor. The blurring effect is 

estimated by a Gaussian PSF. Fig. 1e is an example of 

TV. 2.4.2.4.2.4.2.4. Projection onto Convex Sets (POCS) 

The POCS method for SR was first suggested in [21] 

and has been examined for multi-look imagery in [7]. It 

is another iterative method that uses a priori knowledge 

to impose constraints on a HR image. Every constraint 

must be defined as a closed convex set C. The HR 

image is known a priori to belong to the intersection sC  

of m closed convex sets 1 2, ,..., mC C C , 

1

m

sC C
α

α =

=∩ , 

where sC is found by iteratively computing projections 

onto the convex sets 1 1 1...n m m nf P P P f
+ −

= . The 

projection operator iP maps the current estimate f to the 

closest point in the set
α

C . f0 would be an arbitrary 

starting point. Common constraints include residual 

constraint [22] and energy constraint [23]. Fig. 1f shows 

the result of a POCS. 2.5.2.5.2.5.2.5. Evaluation of SR results 

In [9] and [13], the above-mentioned SR methods are 

compared using three LR images: the nadir and ±36° 

images. Quantitative assessments of image quality show 

that various SR methods give similar results probably 

because there were only three input images. It is not 

conclusive as to which of these methods is superior. 

Apparently, evaluation of SR images is not easy as a 

HR hyperspectral data set with matching spectral 

configurations does not always exist. To assess the 

quality of the SR images, the use of simulated data is 

necessary. As there is no significant difference in the SR 

images generated from various methods, it seems 

logical to select one that is easiest to implement, e.g. the 

non-uniform interpolation and de-convolution [9].  

In terms of implementation, non-uniform 

interpolation method is most simple and the fastest to 

  
Legends of heathlandLegends of heathland

 
Figure 2.  Detail of ecotope maps produced from the original nadir images at 17m (left) and from SR enhanced CHRIS imagery at 8.5m using the 

Iterative Backprojection SR method (right). The study area is at Kalmthout, Belgium. Adaptation of Fig.4 in [11]. 
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produce results. It is, however, most sensitive to 

registration errors and it needs more LR images to 

perform well. When the interpolation was performed 

with a few inputs, many pixels in the HR image have no 

value. Artifacts and noise have to be removed by the 

process of de-convolution. Most quantitative measures 

have shown good results with this method, and visually, 

its results are comparable to other more sophisticated 

methods.   

IBP is an intuitive method which can be thought of as 

a MAP approach that assumes the difference between 

the LR images and the HR image can be statistically 

modeled. It incorporates more information from the LR 

images than the other three methods. It also has a faster 

computing time than TV. By assuming all the LR 

images have the same importance, it utilizes maximum 

information. But this could become a disadvantage if 

the image quality was bad and noise existed. Another 

difficulty of IBP is related to the back-projection filter 

which has no fixed definition and the choice of it seems 

to be rather arbitrary. Visual assessments of the result 

images do not show significant difference when 

compared to other SR methods. 

TV is a regularization approach which also uses 

Partial Differential Equations. One of the LR images, 

normally the one with the best quality, is chosen as the 

reference image. TV incorporates information from the 

LR images into the HR image only when they are 

similar to the reference image. Comparatively, TV is 

less sensitive to registration errors. By posing the SR 

problem as an inverse problem, it is also easier to 

incorporate a priori information. However, it has more 

parameters to set and takes longer to run.  

Computation of POCS is the heaviest. Its calculation 

of PSF has to be done on each pixel which 

exponentially increases the computing time. The results 

from edge stability measures are weak which could be a 

result of over-smoothing [9]. Again, the SR result is 

similar to other methods. 

An important question about SR of hyperspectral 

imagery is how it affects the spectral profile of land 

cover classes. Possible change, or distortion, of the 

spectral signatures would have negative effects on the 

SR image’s capability for land cover classification. In 

[13], the spectral profiles of four typical land cover 

classes extracted from the original nadir image and the 

SR images were compared. Only very marginal changes 

are found and this means that the original signatures 

have been largely preserved.  

 

3. SR IMPLEMENTATION FOR CHRIS 

Accurate registration, or motion estimation (Mk in Eq. 

1), of the LR images is a prerequisite for a successful 

SR is. In [13] and [15], a thin-plate spline non-rigid 

transform model and a rigorous screening of control 

points are recommended. The reported results are 

promising. However, even when all the five angular 

images are well registered, the inclusion of the high 

angle images did not improve image quality of the final 

SR image. Serious geometric distortions render the ±55° 

images useless for SR. All the SR related studies used 

only three images, the nadir and the ±36° images. This 

confirms the study of [7] which suspects the usefulness 

of angular images acquired at higher than 48°. 

Fundamental limitations do exist for SR image 

enhancement. The number of linear systems and the 

volume of solutions grow fast with increments of the 

  
a b 

Figure 3.  (a) Fraction image of impervious surface derived from the original CHRIS at 18m. (b) Fraction image of impervious surface derived from the 

SR-enhanced CHRIS (9m). The study area is at the capital region of Brussels, Belgium. Adaptation of Fig.2 in [14]. 
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magnification factor. Therefore, high magnification 

factors will create only overly-smoothed solutions. The 

practical limit for an effective magnification factor is 

reckoned at 1.6 [26]. To achieve an intended 

magnification factor (m), one study estimates the 

sufficient number of LR images as 4m
2
 [26]. Given the 

small number of input images available from angular 

CHRIS and the technical difficulty of implementing 

fractions of a scaling factor, the decimation factor 2 (Dk 

in Eq. 1) was chosen in all our experiments, which is 

also a popular choice for many SR studies using remote 

sensing data. The first results of using temporal CHRIS 

[10], which increased the number of input images from 

three to six, did not immediately show significant 

improvement. This could be attributed to a high 

duplication of spatial-spectral information from the two 

images sets.  

Another important component of SR is an estimation 

of blurring (Bk in Eq. 1). Usually a PSF represented by a 

2D Gaussian function is used. However, unless the 

blurring factor is known a priori, an exact approximate 

is difficult as the real blurring tends to be spatially, and 

possibly spectrally, variant. In [6], a 2D circular 

Gaussian function was initially chosen to approximate 

the system PSF at the nadir position, assuming no 

distortion in the optics. Then, the PSFs of all off-nadir 

images were estimated with an affine transform 

function. While the use of a spatially variant PSF is 

theoretically more correct, the actual benefit is not yet 

clear. Due to the long distance between the sensor and 

the earth surface, one could argue a spatially variant 

PSF might not have significant effects on a SR 

operation. In most studies, a space-invariant blurring 

function is assumed so as to obtain an efficient and 

stable estimation.  

The postulation that a spectrally variant PSF should 

be used is not well established. Experiments have been 

conducted to optimize PSF for each band of CHRIS 

images (results not shown here). While different PSF 

configurations are estimated for each band, the range 

(max-min) of the Gaussian standard deviation is only 

0.14, hence very marginal. Nevertheless, CHRIS only 

acquires wavebands until 1 µm, the situation in the 

FNIR and SWIR regions is not known. This issue could 

also be linked to the effective spectral response function 

of each band which has not been accounted for. More 

thorough studies are needed to answer this question: Is 

there a pattern between blurring estimation and 

waveband regions and how does it affect SR 

implementation?  

A natural question of implementing SR for 

hyperspectral images is how to reduce its high 

dimensional input? In [8], an approach based on a 

weighted linear combination of a number of basis image 

plane is formulated to reduce computational burden. In 

the case of CHRIS with only 18 bands, it is possible to 

perform SR band by band. While novel methods to 

reduce the input bands will certainly be beneficial, it is 

feasible to use automated procedure to implement SR 

for each band, even for hundreds of bands.  

 

4. APPLICATIONS OF SR CHRIS IMAGES 

SR-enhanced CHRIS data have been used for various 

applications including detail ecotope mapping [11][12] 

and unmixing [14]. Fig. 2 and Fig. 3 illustrate the results 

from detail landcover classification and subpixel 

classification, respectively, from SR CHRIS images. In 

terms of classification accuracy, the SR image which 

incorporated angular spectral information from LR 

images has comparable results as the original 

multiangular CHRIS images [11]. When applied to 

spectral unmixing, preliminary results in [11] show 

higher accuracy in producing a fraction image of 

‘baresand’ in a natural environment. However, in [14] 

where the SR images were used for unmixing 

impervious surface, the accuracy is marginally lower (3-

4%). This, however, echoed with the result reported in 

another study where multi-resolution data sets were 

simulated to evaluate the accuracy of unmixing 

impervious surfaces [25]. Their results show that 

accuracy becomes lower when input data sets have a 

higher spatial resolution. When spatial resolution 

becomes higher, there are also more pure pixels. The 

fact that the unmixing operation tends to unmix the 

pixels into fractions adversely generated more errors. 

The unmixing results of SR images, however, provide 

much more details of the surface objects and are 

valuable for applications which require higher spatial 

resolution and mapping details. 

A recent application used SR CHRIS for habitat 

mapping with a final objective of assessing the habitat’s 

conservation status [24]. Since the SR image has 

quadrupled the number of pixels, more contextual 

information can be extracted which are important for 

describing the distribution and range of target habitats. 

Detailed mapping of ecotopes were first generated from 

the SR CHRIS image. Then, the classification results at 

higher levels were further aggregated using prescribed 

rules. The outcome shows the embedded distribution of 

detailed classes and could be used as indicators for 

conservation status assessment. Compared to the 

original CHRIS data, the SR CHRIS is a more 

interesting data set due to its ability to provide refined 

detail of the habitats. 

 

5. SR FOR OTHER HYPERSPECTRAL DATA 

SR is a procedure to produce a HR image from a set 

of LR images. The technique has been investigated to 

increase spatial resolution of remote sensing images. As 
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mentioned, the SR images are simulated data and the 

pixel size should not be treated as the real spatial 

resolution. Nevertheless, in the view that many 

applications require a higher spatial resolution than 

what the current satellites are providing, the use of SR is 

an interesting option. This will lead to new application 

opportunities. CHRIS/Proba provides several 

acquisitions of the same scene at almost the same time. 

The angular images are ideal for SR operation. Various 

SR approaches have been tested and the SR CHRIS 

images have been used in applications like land cover 

classification and spectral unmixing. The results are 

encouraging as the SR images have significantly more 

image detail. For many applications, this additional 

image detail is crucial. Current and near future 

hyperspectral missions are yet to provide a spatial 

resolution of less than 30m. The experience of SR 

CHRIS shows that it is possible to overcome the 

limiting factor of the sensor resolution. Temporal 

hyperspectral images can be used for SR operation. In 

the case of the future hyperspectral satellite mission 

EnMap, for example, the off-nadir (30°) pointing 

feature, and quick revisit in 4 days will have important 

implications for SR operation. A quick revisit means 

that temporal images with minimum occurrence of 

changes can be obtained. The off-nadir acquisition also 

provides an addition image set of the same scene which 

can be used as a LR image set for SR. A SR-enhanced 

hyperspectral data set will open up new application 

possibilities. 
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ABSTRACT: 

 

CHRIS/Proba represents a new generation of hyperspectral-oriented data that provides different viewing angles of the same scene. 

This multi-angle acquisition, with 18 bands between 0.4-1 µm at five different angles, can substantially improve characterization of 

various land-cover types. However, with around 18m pixel size, the spatial resolution is still too coarse for many applications. To 

improve the resolution of CHRIS data, we propose the use of a superresolution (SR) image reconstruction method utilizing the 

information present in the multi-angle imagery. CHRIS images were first pre-processed and atmospherically corrected. Then a 

selected superresolution method was applied to upscale the spatial resolution to around 10m. The SR enhanced images show 

significant improvements in terms of contrasts and detail. The added value of SR imagery for land-cover classification and spectral 

unmixing was evaluated. In terms of classification accuracy, the use of SR CHRIS images leads to marginal increase in classification 

accuracies. The large amount of additional classification detail requires extended ground truth for validation. Spectral unmixing 

applied on SR CHRIS shows that fraction images have more detail and are more accurate than the fraction images derived from the 

original CHRIS images.  

                                                                 

*  Corresponding author.  

 

1. INTRODUCTION 

CHRIS/Proba stands for Compact High Resolution Imaging 

Spectrometer onboard the Project for On-board Autonomy. 

CHRIS imagery is unique in its hyperspectral-oriented 

configuration, which provides in Mode 3 five different views 

of the same scene in 18 bands between 0.4 and 1 µm at 18m 

spatial resolution. This 18-band configuration substantially 

enhances the potential for land-cover mapping applications 

and its spatial resolution is the finest among spaceborne 

hyperspectral sensors. Previous studies have shown that 

hyperspectral data are more effective than conventional 

broadband multi-spectral imagery for detailed vegetation 

mapping at the ecotope level (Chan and Paelinckx, 2008) as 

well as for urban-related mapping tasks (Chan and Canters, 

2007). However, even at the resolution of 18m, CHRIS data 

is still too coarse to be useful for many applications. Hence, 

it is worthwhile to investigate the possibility of upscaling the 

CHRIS data sets using superresolution methods in the 

context of land-cover classification tasks.  

 

Superresolution refers to reconstruction methods that can be 

applied to obtain an image with higher spatial resolution 

through the use of several lower-resolution (LR) images 

(Park et al., 2003). The idea is to achieve the best image 

quality possible from several LR images. However, not all 

LR images are useful for SR. The application of SR 

algorithms is possible only if the LR images are sub-sampled, 

meaning that aliases exist, and that the images represent sub-

pixel shifts.  

 

Closely related to the problems of image restoration and 

image interpolation, SR can be considered as a second 

generation of image restoration techniques which do not only 

aim at recovering a degraded image, but also at changing the 

image dimension using interpolation algorithms. However, 

the quality of a single LR image is limited and interpolation 

based on an under-sampled image does not allow recovering 

the lost high-frequency information. Hence multiple 

observations of the same scene are needed. The multi-angle 

images of CHRIS can be considered as representing several 

observations with degraded quality. An important step in SR 

is to model the relationship between the original high 

resolution (HR) scene and a set of LR images of the same 

scene. If we have N  LR images and Yk is the kth LR image 

and the HR image is X (X and Yk are their matrix form), then 

this relationship can be formulated as follows: 

 

kkkkk nXFCDY +=  k = 1,…, N                    (1) 

 

In equation (1), Fk is the warp matrix that represents the shift 

and rotation of the LR images, Ck is the blur matrix that 

represents the blurring effects that occur during the 

acquisition and Dk is the subsampling or decimation factor. 

Lastly, nk stands for the ordered noise vector. This model can 

be illustrated as a block diagram in Figure 1. Based on 

equation (1), different approaches have been formulated to 

estimate the expected high resolution images (Park et al., 

2003)  

 

Superresolution image reconstruction is an active research 

theme and various methods have been applied to multi-angle 

thermal data (Galbraith et al., 2005) and hyperspectral data 

(Akgun et al., 2005). Most previous studies are based either 

on simulated data sets or temporal images where sub-pixel 

shifts occur. A problem of using temporal data sets for 

superresolution is that changes may have occurred in 

between acquisitions. In the case of CHRIS, the almost 

instant acquisition of five different images makes it ideal for 

superresolution processing in the sense that possible changes 

are minimized in between acquisitions. The multi-angle 

images acquired at nadir, ±36° and ±55° can be treated as a 

series of LR images of the same location where aliases exist. 

Recently, Chan et al. (2008a) studied the use of different SR 

methods to enhance the level of spatial detail in CHRIS 

images. By utilizing its multi-angular measurements, using 

only the nadir and the ±36° images as LR input images, the 

spatial resolution of CHRIS images were improved to 
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Figure 1. A flow chart showing the relationship between the desired high resolution image and the low resolution images 

 

 

 
Figure 2.  The Iterative Backprojection superresolution method 

 

about 9-10m. The enhanced data sets demonstrated an 

interesting potential for detailed land-cover mapping at the 

ecotope level (Chan et al., 2008b). Unlike conventional pan-

sharpening methods, SR improves spatial resolution without 

the availability of an additional HR data set. In this paper, we 

present further findings concerning the use of SR enhanced 

CHRIS data for detailed land-cover classification as well as 

preliminary results from spectral unmixing.  

 

2. METHODOLOGY 

2.1 Superresolution algorithm 

There are many approaches to conduct superresolution image 

reconstruction. First proposed in Irani and Peleg (1991), 

iterative backprojection (IBP) is based on a similar idea as 

computer-aided tomography, where a 2-D object is 

reconstructed from its 1-D projections. The method involves 

a registration procedure, an iterative refinement for 

displacement estimation, and a simulation of the imaging 

process (the blurring effect) using a point spread function.  

 

The process starts by producing an initial guess of the HR 

image (Fig. 2). This initial HR image can be generated from 

one of the LR images by decimating the pixels. In the case of 

CHRIS/Proba, the nadir image sets were used as the first 

guess. The HR image is then down-sampled to simulate the 

observed LR images using the motion estimation and 

blurring component. The simulated LR images are subtracted 

from the observed LR images. If the initial HR image is the 

real observed HR image, then the simulated LR images and 

the observed LR images would be identical and their 

differences zero. If they are not identical, the computed 

differences can be “back-projected” to improve the initial 

guess. The back-projecting process is repeated iteratively to 

minimize the differences between the simulated and the 

observed LR images, and subsequently produce a better HR 

image. 

 

The iterative procedure can be described by 
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BPG represents the back-projection filter, 
1+n

X  is the 

improved HR image at the (n+1)th iteration, and 
n

X is the 

HR image at the nth iteration. IBP is intuitive, hence it is easy 

to understand. In this study the back-projection filter was 

represented by a transpose of a PSF approximated by a 7 x 7  

(subtract) 

Simulated LR image: HX 

Observed LR image: Y 

Simulated error: HX-Y 
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Figure 3.  The original band 18 of the CHRIS nadir images (left), the SR CHRIS images using the iterative backprojection method (right) for the 

Kalmthout site (top) and for the Ginkelse Heide site (bottom).  

 

kernel with variance set at 1.6. Because of the ill-posed 

nature of IBP, the solution it provides is not unique. The 

choice of the back-projection filter is decided empirically.  

 

2.2 Data sets 

Two CHRIS image sets were used in this study: (1) 

Kalmthout, Belgium, acquired on 1st July, 2008, and (2) 

Ginkelse Heide, the Netherlands, acquired on 22nd October, 

2008. Both image sets are of excellent quality and cloud free. 

After atmospheric correction (Guanter et al., 2005), the 

images were co-registered and geo-referenced to the locally 

used map projection reference system for extraction of 

training samples and endmembers. The classification scheme 

was prepared in the context of the HABISTAT project, which 

focuses on mapping NATURA2000 priority land-cover types 

– heathland. (http://habistat.vgt.vito.be/modules/objectives/). 

For the Kalmthout site, there are 18 classes. The description 

of each class and the number of training samples are listed in 

Tables 1. We use the Ginkelse Heide site for the test of 

spectral unmixing. A set of airborne AHS data was also 

acquired of the Ginkel Heide site on 7th Oct., 2007. This data 

set was used to validate the fraction images generated from 

the SR CHRIS images. 

 

3. RESULTS AND DISCUSSION 

3.1 IBP superresolution enhanced images 

Our initial experiments showed that using all five viewing 

angles does not generate satisfactory results. Hence, a SR 

image was produced for each of the 18 bands using only the  

 

nadir and ±36° image sets. Both image sets were considered 

as accurately co-registrated with the nadir images. With SR 

enhancement, the CHRIS images were upscaled to around 

11m, doubling the original pixel resolution. Visual inspection 

of the SR images shows significant enhancements as 

compared to the original images (Fig. 3). Much additional 

detail is present in the SR image. The representation of 

boundaries between land parcels is improved. Higher contrast 

is observed in highly textured areas such as forest. Individual 

objects are better delineated and their shapes become more 

apparent.  

 

3.2 Detailed land-cover classification results 

A tree-based ensemble classifier Random Forest was chosen 

for the classification tasks. Due to the few number of training 

samples for certain classes, we used the out-of-bag method in 

the Random Forest program for validation. Out-of-bag is an 

objective estimation method, where the construction of each 

tree uses only two-third of the samples, and the remaining 

one-third of the samples is used for blind testing. It is a kind 

of cross-validation method employed in occasions where too 

few field training samples are available to create a separate 

test set. Different inputs were used: (1) nadir original image 

(18 bands), (2) nadir and ± 36° images (3x18=54 bands), (3) 

SR image (18 bands). The classification results for the 

Kalmthout site are shown in Table 1. The results show 

substantial increase in classification accuracy (≈10%) when 

off-nadir images are incorporated. The use of the SR image 

produces the highest overall accuracy (84%). Class 

accuracies show a substantial increase for most classes with  
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Table 1.  Classification accuracies for the Kalmthout site 

  

  
Figure 4.  Detail of ecotope maps produced from the original nadir images (left) and from SR enhanced CHRIS imagery using the iterative 

backprojection method (right) for the Kalmthout site. The color schemes used and the descriptions of the classes are found in Table 1. 

 

the SR approach. Classes with the least (very few) training 

samples seem to benefit most, e.g. classes 2, 3 and 10. Figure 

4 compares the classification result generated from the 

original nadir CHRIS images and the SR enhanced images. 

The amount of detail has been substantially increased as for 

every original CHRIS pixel, now we have four. The higher 

level of spatial detail in the classification obtained with SR 

imagery requires more detailed validation to determine 

whether the extra detail represents useful, thematically 

correct information. Unfortunately, more detailed validation 

was not possible within the scope of this paper.  

 

3.3 Spectral unmixing results 

Linear spectral unmixing is a commonly accepted approach 

to analyze the massive volume of data provided by imaging 

spectrometers. Such a method applies a linear mixture model 

to estimate the abundance fractions of different spectral 

signatures within mixed pixels. The key task in linear spectral 

mixture analysis is to find an appropriate suite of pure 

spectral signatures (called ‘endmembers’) which are then 

used to model the at-sensor pixel spectra through a linear 

combination of endmember signatures. The model assumes 

that a mixed pixel is a linear combination of these 

endmember signatures weighted by the correspondent 

abundance fractions. An endmember is an idealized pure 

signature for a class. Endmember extraction is one of the 

fundamental and crucial tasks in hyperspectral data 

exploitation. During the last decade, several algorithms have 

been proposed for the purpose of autonomous/supervised 

endmember selection from hyperspectral scenes. An ultimate 

goal of an endmember extraction algorithm is to find the 

purest form of each spectrally distinct material in the scene. 

In this study we have chosen the popular pure pixel index  
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Figure 5. The spectral profiles of the six endmembers defined for spectral unmixing 

 

  

  
Figure 6. Fraction of sand resulting from unmixing the original CHRIS nadir images (left) and the SR enhanced CHRIS images (right).  

 

method (Boardman et al., 1995). The six endmembers we 

defined for our experiments and their spectral profiles are 

plotted in Figure 5. Figure 6 shows the result of sub-pixel 

sand fractions estimated by spectrally unmixing the original 

image and the enhanced SR image. The difference in spatial 

resolution between both images is reflected clearly in the 

unmixing results. For validating the unmixing quantitatively, 

we applied a multi-resolution approach (Van de Voorde et 

al., 2006; Flanagan and Civco, 2001) in which a high 

resolution airborne hyperspectral data set is used to derive 

reference proportions of the sand class. An airborne AHS 

data set of 2.4m pixel size acquired on 7th Oct., 2007, about 

2 weeks before the CHRIS acquisition, was used to create the 

ground truth. First, we created a binary classification of 

sand/non-sand from the 2.4m resolution airborne data. 

Because the spatial resolution of the airborne data is high 

compared to the coarse CHRIS original data (21m) and the 

SR CHRIS data (11m), we assume that the binary 

classification is more accurate than the unmixing results, 

which warrants its use as ground truth. We then randomly 

selected 1422 sample cells from a 42m by 42m grid 

containing 2 by 2 pixels of the original CHRIS image. Of the 

sample cells that were used for validation, 938 contained no 

sand and 204 were fully or partly covered by sand. The area 
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of each sample cell covers 3.8 by 3.8 SR CHRIS pixels and 

17.5 by 17.5 AHS pixels from the binary classification. For 

each 42m sample cell, the sand proportion was calculated 

from the binary ground truth image and from the unmixed 

CHRIS and SR CHRIS sand fraction images. The following 

error measure was used to assess the accuracy of the sub-

pixel proportion estimates on the validation set: 

N
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||

                 (3)

  

With 

N : the total number of pixels in the validation sample 

Pi : the proportion of sand inside validation cell i, derived 

from the binary classification obtained with the high 

resolution airborne data (ground truth) 

P’i: the proportion of sand inside validation cell i, estimated 

by spectral unmixing 

The mean absolute error MAEsand quantifies the error 

magnitude and can be interpreted as a mean error percentage. 

The sand fractions estimated by spectrally unmixing the 

CHRIS and SR CHRIS data have an MAEsand of  0.0899 and 

0.0674, respectively. This indicates that proportions 

predicted from the SR images are more accurate. 

 

4. CONCLUSIONS 

The multi-angle property of CHRIS/Proba image sets enables 

the use of superresolution image reconstruction. Based on 

previous studies SR CHRIS images were generated with the 

IBP method. Significant improvements in terms of level of 

detail and image contrast are observed with the SR CHRIS 

images, as the spatial resolution is increased to around 10m. 

The SR CHRIS images were used for land-cover 

classification and for spectral unmixing in heathland area.  

 

Accuracy assessments carried out in this study show that the 

use of SR CHRIS marginally increases classification 

accuracy. Results of spectral unmixing show that the SR 

CHRIS data produce more accurate results and substantially 

more detail. Since the classification or fraction maps are 

provided in higher spatial resolution (the number of pixels 

was quadrupled), more validation efforts with spatially 

detailed ground truth are required to verify the preliminary 

results obtained in this study. We believe SR image 

reconstruction may substantially increase the application 

potential of standard multi-angle CHRIS/Proba imagery. 
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RESEARCH HIGHLIGHT 

 

The submitted research paper entitled “An evaluation of ensemble classifiers for 

mapping Natura 2000 heathland in Belgium using spaceborne angular hyperspectral 

(CHRIS/Proba) imagery” presents new findings on operational aspects of using 

spaceborne hyperspectral data for the mapping Natura 2000 heathland habitats. A 

particular interesting aspect is the use of machine learning algorithms – ensemble of 

decision trees. Random Forest and Adaboost classifiers are fast in training, very few 

parameters to tune and very accurate. An approach which uses more than one trial of 

accuracy assessment was proposed. The usefulness of angular measurement was also 

investigated which would provide interesting insight for future spaceborne 

hyperspectral missions with angular scanning properties. Various aspects of choosing 

a suitable classifier for operational tasks were also discussed. 
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An evaluation of ensemble classifiers for mapping Natura 2000 heathland in 

Belgium using spaceborne angular hyperspectral (CHRIS/Proba) imagery  

 

Jonathan C-W Chan, Pieter Beckers, Frank Canters, Toon Spanhove, Jeroen Vanden 

Borre and Desiré Paelinckx  

 

Abstract 

 

Natura 2000 habitats are priority habitats for nature conservation in Europe, and need 

to be monitored closely. Satellite images with good coverage and regular revisits 

seem well-suited for surveying purposes and for keeping track of the habitats‟ status. 

In this study, we analysed the suitability of the hyperspectral CHRIS/Proba imagery 

for detailed land cover mapping of a heathland Natura 2000 site. A classification 

scheme of ten classes was prepared including three most important heath habitats – 

Erica-, Calluna- and Molinia-dominated heathlands. We tested two ensemble 

classifiers, Random Forest (RF) and Adaboost, and compared their results with 

Support Vector Machines (SVM). As CHRIS has angular scanning property, two 

scenarios of experiments were conducted: (1) only the nadir images, and (2) both 

nadir and angular ±36° images. A field dataset was randomly divided into two equal 

halves, one for training and one for testing. To avoid possible bias that could occur 

during the separation of the training and the testing samples, this process was repeated 

over ten independent runs. The mean accuracy and accuracy distribution of each 

classifier were then investigated. Substantial variations were found in accuracy among 

the ten trials performed to each classifier. Hence, it is recommended that accuracy 

assessment following a similar approach should have more than one trial to better 

characterize the classifiers. Adaboost and RF are more user-friendly than SVM 

because of simpler parameter tuning. When using only the nadir images, both RF and 

Adaboost attained 57% accuracy and SVM 61%. When off-nadir images were 

incorporated, all classifiers achieved around 61% accuracy; notably SVM did not gain 

any improvement. The use of both nadir and angular images always achieved higher 

accuracy of the three heathland classes. The averaged accuracy of the three heathland 

classes is around 55% for both Adaboost and RF, and 54% for SVM. No classifier 

outperformed the others in every heathland class. Molinia-dominated heathland is the 

easiest to classify as all classifiers reached over 70% accuracies. The highest accuracy 

of Erica- and Calluna- dominated heathlands was 48.1% and 45.1%, respectively. 

The agreement of two most accurate classifications by RF and SVM was 75%. To 

decide which classifier, or classification, to use requires additional application-

specific criteria. The inclusion of angular images was an interesting option worth 

further investigation as it did not only increase accuracy, but also helped to generate a 

better classification map. 
 

1. Introduction  

 

With the implementation of the Habitats Directive in 1992, EU member states 

committed themselves to protect a range of highly threatened habitats within their 

territory. Monitoring and reporting on the status of the so-called „Natura 2000 

habitats‟ is an essential part of an effective conservation, and an important obligation 

under the Habitats Directive: every six years, member states have to report on the 

actual area, the range, the quality and the future prospects for each habitat type. In 

recent years, the conservation value of the semi-natural heaths in western Europe has 

*Manuscript
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become much more appreciated. Even though heathland of western Europe are 

relatively species poor as compared to their counterparts in the southern hemisphere, 

these complex ecosystems have become habitats for a unique fauna and flora which 

adapted to the particular biotic and abiotic conditions (Dupont & Overgaard Nielsen, 

2006). Because of this typical biodiversity and ecological value of heathlands, they 

were included on the Annex I of the EU Habitats Directive and hence protected as 

Natura 2000 habitat (Webb, 1998; van Swaay, 2002; Riksen et al., 2006; Ssymank et 

al., 1998).  

 

Heath is a dwarf-shrub vegetation mainly found on poor, acidic soils. A typical heath 

ecosystem can be described as a mosaic of dwarf-shrubs, grass-dominated heath, bare 

soil and isolated shrubs or trees. European heath vegetations typically have a few 

dominant plant species. Heathlands in the north of Belgium are often Erica- or 

Calluna-dominated. In good conservation status, they show a complex structural 

variation, which is a prerequisite for many rare and specialized plant and animal 

species. Important indicators of heathland quality are the amount of grass and tree 

encroachment, the age structure of heather, and the presence of typical species. 

 

Though most heathlands in western Europe are currently protected and under a 

conservation management that mimics the ancient agricultural practises, including 

grazing, sod- cutting, the removal of trees and occasional mowing, the pressures on 

the ecosystem are far from gone. A strict monitoring remains essential to bring and 

maintain the heathland in favourable condition. To date, the gross of the data needed 

for conservation status assessment are gathered through field surveys and the visual 

interpretation of aerial photos. Such an approach does, however, have some major 

drawbacks. First, these labour-intensive techniques are highly expensive. Second, 

field mapping is often slow, making it difficult to cover vast areas during the optimal 

season of inventory. Third, despite the existence of strict rules for field mapping, 

inter-observer errors are an issue (e.g. Stevens et al., 2004; Hearn et al., in press). 

Remote sensing techniques are often suggested as a proper alternative for this 

monitoring. Clearly, the possibility to cover large areas, the lower costs and the 

repeatable data processing make these methods appealing. In order to obtain adequate 

information on the diverse ecological and biological conditions at ecotope level, 

hyperspectral data with rich spectral information will be an effective choice (Chan 

and Paelinckx, 2008). 

 

The CHRIS (Compact High Resolution Imaging Spectrometer) is an imaging 

spectrometer carried on board a space platform called Proba (Project for On Board 

Autonomy). CHRIS/Proba represents one of the latest developments in multi-angle 

remote sensing, providing spectral information of the same scene from five different 

angles. The initial goal of having angular acquisitions was to facilitate BRDF studies 

related to the angular effect on in-water light distribution, the different grades of the 

peculiar reflection at the air-water interface and on different land surface types. 

CHRIS is also a hyperspectral (-oriented) sensor, as within the spectral region of 0.4-1 

μm, it can acquire up to 62 bands in mode 1 at a spatial resolution of 34 m. At mode 3, 

the sensor acquires images at a higher spatial resolution of 18m, but the spectral band 

number is reduced to 18. With the multi-angle scanning property of CHRIS, it is 

possible to inspect the use of angular images for the mapping of heathlands. The 

results will provide interesting reference for future hyperspectral sensors with angular 

acquisition capacity.  
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Many different classifiers have been proposed for remote sensing data. Support 

Vector Machines (SVM) is a very popular classifier used frequently on hyperspectral 

imagery (Vyas et al., 2011, Waske et al., 2009, Archibald and Fann 2007). Though 

not as widely used as classifiers like SVM, artificial neural networks and maximum 

likelihood, tree-based ensemble classifiers such as Random Forest (RF) (Breiman, 

2001) and Adaboost (Freund and Schapire, 1996) are reportedly effective and 

accurate in classifying various remote sensing data (Waske and Braun, 2009, Chan 

and Paelinckx, 2008, Ham et al., 2005, Pal and Mather, 2003, Chan et al., 2001, 

Defries and Chan, 2000). The most notable advantages of these machine learning 

methods are that they are simple to use and robust to noise or missing values which 

can sometimes happen with remote sensing data. Limited need for parameter setting 

and fast training are also important attributes. It would be interesting therefore to 

investigate the performance of these ensemble classifiers for the mapping Natura 

2000 habitats. In this study, we focused on RF and Adaboost and their performance 

will be compared to the benchmark classifier SVM. 

 

2. Methodology  

2.1 Study area and data 

 

[INSERT FIG 1 HERE] [INSERT FIG 2 HERE] Our study area is Kalmthoutse Heide 

which is a Natura 2000 site in northern Belgium (51°22‟N, 4°27‟E) (Figure 1). It 

consists mainly of dry and wet heathland habitat, inland dunes, water bodies and vast 

forests. The whole area measures 3750 ha (9375 acres) and is cut through by the 

Belgian-Dutch border. At the proximity of the reserves are scattered forest and lands 

belonging to large private estates with small scale agricultural areas and small forest 

properties. Historically, heathlands were used as grazing grounds for livestock, and 

the organic topsoil was regularly removed to be used as a fertiliser. With the 

modernization of agricultural practices, heathlands were abandoned, resulting in high 

levels of tree-encroachment. Since 1960, the dominant heather was increasingly 

replaced by the perennial grass species Deschampsia flexuosa and Molinia caerulea 

(Bokdam and Gleichman, 2000). Molinia caerulea (purple moor grass) is a perennial 

grass with success in colonizing different habitats (Salim et al., 1995) (Figure 2). The 

grass invasion was attributed to increased nitrogen deposition and abandonment of 

traditional livestock farming (including woodcutting, burning, sod-cutting and turf-

stripping). In addition, intensive water extraction nearby seems to desiccate the area, 

heavily affecting the wet heathland. Kalmthoute Heide is an ideal study area because 

of its exemplary historic and ecological context. A CHRIS image of excellent quality 

was acquired on 1
st
 July 2008. The image was atmospherically corrected and de-

noised using the BEAM toolbox freely available through the ESA website 

(http://www.brockmann-consult.de/cms/web/beam/).  

 

2.2 Classification scheme  

 

[INSERT TABLE 1 HERE] In the frameworks of the HABISTAT
1
 project, a very 

detailed classification scheme has been proposed to describe the conservation status 

of heathland habitats (Hufkens et al., 2010). Herein, many classes were included that 

                                                 
1
 HABISTAT stands for “A Classification Framework for Habitat Status Reporting with Remote 

Sensing Methods”, a project funded by the Belgian Science Policy Office (Belspo), 2007-2011 
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are relevant for conservation status assessment, even if they (presumably) have very 

similar spectra (such as young, mature and old Calluna vulgaris). Although such 

classification scheme can be used with very high resolution imagery, this level of 

detail seems futile with the CHRIS data with pixel size at around 18m. A more 

valuable contribution of CHRIS data could be to separate Calluna-, Erica- and 

Molinia–dominated heathland. Molinia-dominated heath will provide important clues 

to the status of grass encroachment and may give indications on the effectiveness of 

various management methods. A classification scheme with ten classes (Table 1) was 

finally adapted for this study: (1) Calluna, (2) Erica, (3) Molinia, (4) Grassland, (5) 

Coniferous forest, (6) Deciduous forest, (7) Bare sand and mosses, (8) water with 

vegetation, (9) water without vegetation, and (10) Cropland. 

 

Although these classes are inspired by the Habitats Directive, they do not completely 

correspond to the Natura 2000 habitat types. Class 1 is Calluna-dominated dry 

heathland, close to the Natura 2000 habitats encoded 2310 and 4030. Class 2, Erica-

dominated heathland, belongs to wet heathland, Natura 2000 class 4010. Class 3 is 

Molinia-encroached heath. This is a degraded form of heathland with low ecological 

value. It can originate from inland dunes (2330) as well as from dry (2310, 4030) and 

wet (4010) heathland but the origin is difficult to trace back. Class 6 is deciduous 

forest, potentially belonging to Natura 2000 class 9190. Classes 8 and 9 are 

oligotrophic water bodies; they could be either Natura 2000 classes 3110, 3130 or 

3160. Coniferous forest and other land cover types such as urban and agricultural land 

do not correspond to any habitat listed in the Habitats Directive. 
 

After considering the geo-spatial distribution of each class, a total of 586 sampling 

points evenly distributed within the study area were selected carefully. 

 

2.3 Classifiers and accuracy assessment 

 

While accuracy is the most important criterion for assessing a classifier, in the context 

of the mapping of Natura 2000 heath habitats, we are also interested in understanding 

other operational-related criteria such as ease-of-use and repeatability. Parameter 

tuning is often an important factor for any classifier to work well. Complicated 

parameter setting however naturally adds to the difficulty of using a classifier and can 

also affect its repeatability. Stability of a classifier is related to its sensitivity to 

training data. If a classifier is described as instable, that means a slight change in 

training data will result in a substantial change in accuracy performance. It is natural 

we prefer a „stable‟ classifier.  

 

Accuracy assessment of a classification is usually carried out through cross-tabulating 

the predicted classes and the reference classes, thus building a confusion matrix. 

Initially, a full set of reference data will be divided into the training set and the test set. 

The training pixels are used to build (train) a classifier and then this classifier is used 

to classify a set of test pixels. The procedure of separating the training and the testing 

pixels is normally done in a random stratified manner where for each class the number 

in training and in testing is more or less equal. However, bias could happen by chance 

through this random separation process leading to extreme results. To avoid this to 

happen, we decided to have more elaborated experiments by repeating the procedure 

in ten different trials. The results would shed light on the sensitivity of each classifier 

to this random procedure and provide a better characterization of each classifier. 
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To understand if angular measurements are useful for mapping heath habitats, the 

experiments were further divided into using only the nadir images, and with off-nadir 

images incorporated. Accuracies for both cases were compared. In addition to overall 

accuracy and kappa values, mean class accuracy was also calculated to show the 

strength of a classifier over the separation of all classes.  

 

We have tested three classifiers. RF and Adaboost are tree-based ensemble classifiers 

that create hundreds of decision tree classifiers. The labels assigned by each of these 

tree classifiers are then combined using certain voting systems. In Adaboost‟s case the 

votes are weighted, while for RF plurality voting is used. Since both Adaboost and RF 

are popular machine learning algorithms well-documented in previous reports, we 

will refer the interested reader to the original papers of Freund and Schapire (1996) 

and Breiman (2001) for further details. Related references provided in the 

Introduction section also included detailed descriptions on how these two classifiers 

were applied in remote sensing. Detailed explanation of  SVM can be found in 

Vapnik (1995) and investigation of their uses in remote sensing are widely-reported, 

e.g. Vyas et al. (2011), Plaza et al. (2009), Melgani and Bruzzone (2004). For our 

experiments, the implementations in the free software environment R (www.r-

project.org) were used (Ripley, 2004).  

 

 

3. Results and Discussion 

 

3.1 Parameter tuning 

 

[INSERT TABLE 2 HERE] [INSERT TABLE 3 HERE] For RF, there are two 

parameters: the number of trees and the number of random variables at each split. We 

have tested from 1 to 700 trees (classifiers) and between 1 to 10 input features. To 

find the best settings, the Out-of-bag (OOB) estimate is used. OOB is an internal 

accuracy estimate where two-thirds of the training samples are used to build a tree and 

the remaining one-third for blind test (Breiman, 2001). The final OOB error is an 

average over all the trees that were built. The OOB method is considered un-biased 

and a good measure of performance (Chan and Paelinckx, 2008). Table 2 lists the 

OOB errors for each of the combinations. The combination that scores the lowest 

OOB error is used.  

 

The AdaBoost algorithm used is Freund and Schapire‟s (1995) AdaBoost.M1, which 

is a generalization of AdaBoost for more than two classes. The algorithm has been 

implemented by Cortes et al. (2007) as a package in the R software environment, 

which uses classification trees as base learners. The type of trees is similar to the 

classification trees described by Breiman et al. (1984). More details of these trees can 

be found in the R package of „rpart‟, developed by Therneau & Atkinson (2010). Two 

parameters are important for this algorithm: the number of trees (iterations) and how 

deep the tree is going to grow. The evaluation was done using a 5-fold cross-

validation. In terms of the number of trees, initial experiments have shown that a 

number between 30 -120 is adequate. The depth is given as an integer, with 0 being 

the root node. Cortes et al. (2007) suggested the number to be equal to the number of 

classes. We have tested from 0 to 16. An example is provided in Table 3.  
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[INSERT FIG 3 HERE] SVMs separate two classes by maximizing the margin 

between the classes‟ closest points. The middle of the margin is the separating 

hyperplane. Often, data points are projected into a higher-dimensional space via 

kernel techniques to enable a linear separability. Tuning of SVM involves the trials of 

different kernel functions. Linear, polynomial, sigmoid and radial basis functions 

(RBF) were tested in this study. The linear function gave poor accuracies and the 

polynomial and sigmoid kernels were too time-consuming, because there are three 

parameters to tune. Comparatively, RBF gave better results and was much faster. 

Same observation for SVM kernels tuning has been reported by Vyas et al. (2011). 

Tuning of SVM with RBF kernel is done using a grid search. Only one grid was 

established for each run as finer grids did not further improve the accuracies and were 

time-consuming. An example of a single grid tuning is presented in Figure 3 with 

gamma and cost. Gamma is an internal parameter of the RBF and cost is the cost of 

misclassification, which results in a better fitting of the training samples but a lower 

generalization ability. The example in Figure 3 shows the best setting to be -7 for 

gamma and 6 for cost. 

 

3.2 Accuracy assessment  

3.2.1 Only nadir image  

 

[INSERT TABLE 4 HERE] [INSERT TABLE 5 HERE] [INSERT TABLE 6 HERE] 

The accuracy performance of the three classifiers is listed in Tables 4-6. The overall 

accuracy averaged over ten independent runs for RF, Adaboost and SVM are 57.1%, 

57.5% and 61.8%, respectively. SVM outperformed the two ensemble classifiers by 

around 4.5%. The averaged mean class accuracy for RF, Adaboost and SVM are 

51.4%, 51.2% and 54.6%, respectively. The difference between the two ensemble 

classifiers and SVM is a little more than 3%.  

 

[INSERT FIG 4 HERE] Since we have ten runs, it is possible to look for signs of 

variation. It is observed that the gap between the lowest and the highest accuracy 

attainments can be substantial, up to 10%. For RF, the minimum-maximum range is 

51.7%-62.9%; it is 53.9%-61.1% for Adaboost and 58.4%-65.5% for SVM. 

Comparatively, the difference with SVM is the smallest, but still around 7%. Standard 

deviation and mean were calculated to provide an impression of distribution. 

Comparatively, Adaboost has the smallest variation in overall accuracy and kappa. 

SVM, however, has the highest variation in mean class accuracy. These results imply 

that, for accuracy assessments using a similar approach, it will be more informative to 

repeat the procedure more than once. An assessment based on only one trial may lead 

to biased conclusions as the accuracy could be very poor or very good simply by 

chance. This issue should also be considered especially for comparison of classifiers. 

In this study, while SVM is superior in each and every trial, how much better its 

performance was as compared to the other two classifiers is subject to fluctuation 

(Figure 4). In the case of Trial 9, a 7-8% difference was found, while only 1-2% 

difference was found in Trial 1. Conclusion based on any single trial could be 

misleading. 

 

3.2.2 Nadir and Off-nadir imagery 

 

[INSERT FIG 5 HERE] [INSERT TABLE 7 HERE] [INSERT TABLE 8 HERE] 

[INSERT TABLE 9 HERE]Including angular images increases the input dimension 
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from 18 to 54. Using the same training and test sampling points as in the experiment 

of nadir image, ten independent trials were run. Tables 7 to 9 list the accuracy for the 

three classifiers over ten trials. The difference between minimum and maximum 

accuracies is 7% for RF, 9% for Adaboost, and almost 10% for SVM. Again, it shows 

that variation among different trials can be quite large. Comparable accuracies were 

obtained from RF and Adaboost and both gained 3% after off-nadir images were 

incorporated. On the average, all classifiers achieved accuracy at 61%. The average 

„mean class accuracy‟ over ten trials was around 54% for all three classifiers. Figure 5 

shows that the accuracies obtained from the classifiers are very similar at each trial 

with marginal differences of only 1-2%. Compared to the scenario that uses only the 

nadir image, the accuracies using also the off-nadir images are more comparable. 

Notably, accuracy of SVM did not increase with the additional images. The reason for 

that is not thoroughly investigated. However, it could be related to feature selection 

which is often done with sophisticated algorithms to reduce computing burdens and 

improve accuracy (Vyas et al., 2011). 

 

3.2.3 Accuracy of heathland classes 

 

[INSERT TABLE 10 HERE] Since the primary objective of this study is to map 

heathlands, we are interested to see how well heathland classes were being classified. 

Table 10 lists the class accuracy. With only the nadir image, Adaboost is doing 

marginally better than RF in all heathland classes. SVM has the highest accuracy with 

Calluna at 44.1% (3% higher than Adaboost) and Molinia at 80.7% (10% higher than 

Adaboost). Though its accuracy of Erica is only 37.3%, 7% lower than Adaboost.  

 

When angular images were incorporated, all three classifiers have comparable 

accuracies. The average accuracy of the three heathland classes stands at around 55% 

for all classifiers. With Calluna, the classifiers obtained around 44-45%. SVM still 

has the highest accuracy with Molinia at 79%, which is 5-6% higher than Adaboost 

and RF. However, SVM‟s accuracy of Erica at 37.7% is 10-11% lower than Adaboost 

and RF. In additions, compared to the other two classifiers, SVM was doing 

exceptionally well with Cropland, though there was an expensive trade-off with poor 

classification of Water surface with vegetation.  

 

3.3 Classification maps 

 

[INSERT FIG 6 HERE] [INSERT TABLE 11 HERE] Even classifiers have similar 

accuracy attainments, they do not necessary have good agreements on classification. 

Table 11 listed the cross-tabulation of agreements among the three classifiers. Since 

both RF and Adaboost used decision tree as the base classifier, their degree of 

agreement in classification is very high, at around 86% in both scenarios. Agreement 

between SVM and Adaboost ranges between 67-71%. Agreement between SVM and 

RF ranges between 69-75%. Comparatively, SVM has a higher agreement with RF 

than Adaboost. There is a 4-6% increase in agreement between SVM and the two 

ensemble classifiers when off-nadir images were added. Figure 6 presents the 

classification maps generated from the classifiers in two input scenarios. The maps 

generated from different classifiers have good resemblance in very broad terms but 

there are obvious disagreement on details, structure of land parcels, etc. 

Comparatively, the resemblance is much higher when off-nadir images were included. 

There are no golden rules for which classifiers to use when they have comparable 
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accuracies. Supposedly the choice will depend on the application. Possible additional 

criteria could be related to parcel boundary integrity and edge consistency. In our case, 

the classification of both RF and SVM using all three angular images seem equally 

good.  

 

4. Conclusions 

 

Heathlands are important habitats for a great variety of unique flora and fauna. Their 

ecological values are recognized and many heath vegetations are under the protection 

of the Habitats Directive. Conservation status of Natura 2000 heathland habitats has 

to be reported every six years. This study investigated the use of spaceborne angular 

hyperspectral CHRIS imagery for the mapping of a nature reserve in Kalmthoutse 

Heide, Belgium. The classifiers tested included two well-known ensemble classifiers 

and SVM. The experiments designed to test training and testing samples (randomly 

separated) in ten different trials showed that there could be substantial fluctuation in 

terms of accuracy achievements from trial to trial. Hence, repeating this procedure 

could provide more insightful knowledge of the behaviour of the classification 

algorithms. SVM outperformed both ensemble classifiers when only the nadir image 

was used. However, when off-nadir images were included, the accuracy attainments 

of the classifiers were almost the same. In terms of ease-of-use, RF and Adaboost 

seem to be more user-friendly as there were very little parameters to tune. 

Comparatively SVM‟s tuning was more complicated which involved a number of 

critical parameters. 

 

The (averaged) overall accuracy ranged between 57%-61% for the three classifiers 

with only the nadir images. If off-nadir images were included, all classifiers achieved 

61%. Class accuracy of the target heath habitats shows that most classifiers had a 

higher accuracy with Molinia-dominated heaths (74.9%-80.7%) than with the 

Calluna-dominated (38.7%-45.1%) and Erica-dominated heaths (37.3%-48.1%). The 

use of angular images did not only help to increase accuracy, but also generate a 

better classification map. To choose between classifiers which are equally accurate, 

additional application-specific criteria should be added.  

 

The question of whether the proposed remote sensing method is effective should be 

judged by comparisons with conventional methods in terms of time and financial 

costs, as well as accuracy. Foody (2008) suggested a fairer requirement of accuracy 

assessment for remote sensing methods should be used. Nevertheless, since the 

spectral configuration of CHRIS does not extend beyond 1 μm, it is believed that 

higher accuracies are attainable with „real‟ hyperspectral data with much more bands 

that extends to 2.4 μm. Angular measurements are another interesting factor that 

might push the accuracy even higher. Remote sensing approaches with hyperspectral 

data can be perceived as a sensible option for aiding the reportage of Natura 2000 

heath habitats.  
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Fig. 1. Location of the Kalmthoutse Heide in Belgium. 

 

 

 
(a) 

 
(b) 

Fig. 2.  “Dry sand heaths with Calluna and Genista” (2310) is a Natura 2000 habitat 

commonly found in the study area. In favourable conditions, it consists of a mixture 

of dwarf scrub, open sand and patches of pioneer grasses and mosses (a); but as a 

result of eutrophication, encroachment with purple moor grass (Molinia caerulea) 

leads to a monotonous vegetation (b), with a heavily reduced ecological value. 
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Fig. 3. Visualization of error rate distribution using Grid-search for SVM. 

 

 

 

 

 
Fig. 4. Accuracy distributions with only nadir image. 
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Fig. 5. Accuracy distributions with both nadir and off-nadir images. 

 

   

   
Adaboost Random Forest SVM 
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Adaboost Random Forest SVM 

 

Legend 

 
 

Fig. 6. Classification maps generated by Adaboost, Random Forest and SVM. The 

upper row shows the results using only nadir image and the lower row the results 

from both nadir and off-nadir images.
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Table 1 Classification scheme and the possible links with habitat types of Annex I of 

the Habitats Directive 

 
 Class Name  Descriptions Link with Annex I of 

Habitats Directive 

1 Calluna Calluna-dominated heath 2310/4030 

2 Erica Erica-dominated heath 4010 

3 Molinia Molinia-dominated heath 2310/2330/4010/4030 

4 Grassland Temporary and permanent 

grassland 

 

5 Coniferous forest Pine forests  

6 Deciduous forest Birch and Oak forests 9190 

7 Bare sand & 

mosses 

Bare sand and sand dunes with 

grasses and mosses as dominating 

fixators 

 

8 Water surface 

with vegetation 

Shallow, vegetated oligotrophic 

water 

3110/3130/3160 

9 Water surface Unvegetated oligotrophic water 3110/3130/3160 

10 Cropland Agriculture and cultivated lands  

 

Table 2 An example of parameter setting using OOB errors of RF. The lowest error is 

at 550 trees using 9 input features. 

Number 
of input 
feature 
used 
for 

each 
node 

Number of trees 

 1 5 10 25 50 75 100 125 150 175 200 225 

1 46.4% 57.8% 56.4% 59.4% 54.5% 53.5% 52.4% 54.4% 53.8% 54.0% 49.2% 46.4% 
2 53.3% 51.0% 54.0% 58.6% 52.8% 56.7% 51.9% 53.8% 52.1% 55.5% 45.7% 49.8% 
3 57.8% 45.7% 54.6% 57.8% 53.9% 50.8% 55.3% 50.6% 48.9% 53.4% 54.3% 54.0% 
4 53.9% 50.9% 59.0% 54.2% 57.1% 51.4% 49.2% 48.0% 53.6% 52.8% 48.9% 52.3% 
5 55.8% 59.6% 52.3% 54.3% 50.4% 50.8% 54.1% 49.1% 51.2% 51.5% 54.3% 49.4% 
6 57.0% 61.5% 55.0% 53.9% 53.9% 51.4% 51.4% 52.9% 52.8% 47.9% 49.4% 50.6% 
7 49.5% 52.5% 52.8% 49.6% 52.9% 57.5% 51.8% 52.3% 48.9% 55.8% 46.6% 49.2% 
8 55.1% 53.2% 58.1% 58.4% 47.2% 53.9% 52.4% 51.9% 50.0% 48.1% 52.3% 50.6% 
9 58.6% 57.7% 50.8% 57.6% 56.8% 49.4% 50.2% 48.8% 55.8% 46.8% 52.6% 49.4% 
10 59.4% 51.9% 57.8% 61.0% 57.9% 56.7% 52.4% 53.1% 51.7% 52.3% 53.4% 50.9% 

 

Number 
of input 
feature 
used 
for 

each 
node 

Number of trees 

 250 275 300 325 350 400 450 500 550 600 650 700 

1 47.6% 53.2% 50.6% 47.9% 47.6% 47.9% 52.8% 43.1% 46.4% 44.2% 44.6% 44.2% 
2 50.4% 47.6% 46.1% 46.4% 45.1% 46.8% 43.1% 47.2% 45.7% 47.6% 46.1% 46.4% 
3 47.9% 51.3% 47.0% 50.6% 48.3% 47.2% 45.3% 44.2% 47.9% 50.6% 48.7% 43.8% 
4 48.3% 50.9% 47.7% 49.8% 48.7% 46.4% 44.9% 47.2% 46.8% 46.1% 46.4% 44.6% 
5 46.8% 50.2% 46.4% 47.2% 47.9% 46.8% 44.6% 44.7% 44.9% 46.4% 44.2% 45.3% 
6 47.7% 50.4% 47.2% 49.1% 44.9% 46.4% 44.9% 45.7% 47.6% 46.8% 43.4% 44.6% 
7 49.1% 47.2% 48.3% 46.6% 49.4% 46.1% 45.3% 46.4% 41.9% 44.2% 44.9% 46.1% 
8 52.3% 49.8% 47.6% 49.1% 47.6% 47.6% 46.4% 46.8% 41.6% 44.9% 44.2% 43.1% 
9 48.5% 47.2% 47.4% 47.5% 46.1% 46.4% 47.6% 46.1% 39.3% 44.2% 44.6% 42.3% 
10 46.4% 49.8% 47.2% 44.6% 46.1% 49.8% 49.8% 44.9% 49.8% 47.6% 44.9% 41.9% 

 

 

 

 

Table 3 Cross validation errors for a single run of the AdaBoost.M1 algorithm, with 

the two parameters. The lowest error is with 120 iterations and a tree depth of 15. 
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Number 
of 

iterations 

Maximum depth of the node of the final tree (pruning) 

 8 9 10 11 12 13 14 15 16 

30 61.1% 58.8% 59.6% 55.8% 55.8% 51.7% 58.4% 53.6% 53.2% 
40 61.8% 62.2% 52.1% 50.9% 54.7% 55.4% 52.8% 56.6% 54.3% 
50 58.8% 57.7% 58.1% 49.1% 49.4% 50.6% 52.4% 49.1% 55.1% 
60 59.2% 59.2% 55.1% 50.9% 51.7% 50.2% 50.2% 47.2% 46.8% 
70 59.2% 56.9% 58.1% 50.9% 46.4% 45.7% 46.1% 47.6% 44.9% 
80 60.3% 55.4% 54.3% 49.1% 47.6% 47.2% 48.7% 46.1% 46.8% 
90 59.9% 55.4% 54.7% 49.1% 48.7% 45.7% 48.3% 46.4% 51.3% 

100 58.1% 56.6% 50.6% 46.1% 46.8% 47.6% 43.8% 44.2% 46.8% 
110 58.4% 56.6% 49.8% 47.2% 45.7% 49.1% 45.7% 44.9% 47.2% 
120 58.4% 55.1% 52.4% 50.6% 44.6% 46.8% 46.4% 43.5% 47.9% 

 

 

 

Table 4 Accuracy of RF using only the nadir image.  

 Accuracy Kappa 
Mean class 
accuracy 

Trial 1 59.6% 49.7% 55.7% 

Trial 2 55.1% 42.6% 50.6% 

Trial 3 57.7% 45.8% 49.1% 

Trial 4 51.7% 40.1% 48.7% 

Trial 5 58.1% 47.4% 50.6% 

Trial 6 58.1% 47.8% 54.8% 

Trial 7 58.1% 48.1% 53.3% 

Trial 8 52.4% 40.4% 47.8% 

Trial 9 57.3% 46.2% 48.9% 

Trial 10 62.9% 52.4% 54.6% 

       
Mean 57.1% 46.1% 51.4% 

Standard 
deviation 3.3% 4.0% 2.9% 

 

 

Table 5 Accuracy of AdaBoost using only the nadir image. 

 Accuracy Kappa 
Mean class 
accuracy 

Trial 1 59.2% 49.2% 53.3% 

Trial 2 55.8% 43.3% 50.1% 

Trial 3 57.3% 45.1% 48.6% 

Trial 4 53.9% 43.2% 53.2% 

Trial 5 58.4% 47.9% 50.7% 

Trial 6 56.6% 46.2% 53.5% 

Trial 7 59.6% 49.9% 53.3% 

Trial 8 54.3% 42.6% 48.1% 

Trial 9 58.4% 47.8% 49.3% 

Trial 10 61.1% 49.8% 52.3% 

       
Mean 57.5% 46.5% 51.2% 

Standard 
deviation 2.3% 2.8% 2.1% 

 

 

Table 6 Accuracy of SVM using only the nadir image. 

 Accuracy Kappa 
Mean class 
accuracy 
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 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 

Trial 1 65.2% 55.5% 58.8% 

Trial 2 60.7% 49.1% 52.8% 

Trial 3 58.8% 46.5% 46.5% 

Trial 4 58.4% 46.6% 53.0% 

Trial 5 64.4% 54.5% 58.1% 

Trial 6 60.7% 48.8% 52.0% 

Trial 7 59.9% 50.1% 55.4% 

Trial 8 61.1% 50.8% 56.6% 

Trial 9 65.5% 55.8% 56.8% 

Trial 10 63.3% 52.9% 55.7% 

       
Mean 61.8% 51.1% 54.6% 

Standard 
deviation 2.6% 3.5% 3.6% 

 

 

Table 7 Accuracy of Random Forest using nadir and off-nadir images. 

 Accuracy Kappa 
Mean class 
accuracy 

Trial 1 61.8% 52.0% 54.6% 

Trial 2 62.6% 51.8% 55.9% 

Trial 3 59.6% 48.4% 49.6% 

Trial 4 57.3% 46.5% 55.5% 

Trial 5 62.9% 52.6% 54.4% 

Trial 6 62.6% 52.8% 59.0% 

Trial 7 60.7% 50.2% 52.7% 

Trial 8 58.1% 47.5% 49.5% 

Trial 9 59.9% 50.2% 53.5% 

Trial 10 64.4% 54.6% 56.0% 

       
Mean 61.0% 50.6% 54.1% 

Standard 
deviation 2.3% 2.6% 2.9% 

 
 

Table 8 Accuracy of Adaboost using nadir and off-nadir images. 

 Accuracy Kappa 
Mean class 
accuracy 

Trial 1 61.8% 52.0% 56.7% 

Trial 2 59.6% 47.8% 51.3% 

Trial 3 59.9% 49.0% 51.2% 

Trial 4 56.2% 45.6% 54.5% 

Trial 5 58.8% 47.9% 53.0% 

Trial 6 59.9% 50.3% 58.6% 

Trial 7 58.8% 48.1% 52.3% 

Trial 8 59.9% 50.0% 55.0% 

Trial 9 62.9% 53.4% 56.2% 

Trial 10 65.2% 55.5% 53.8% 

       
Mean 60.3% 50.0% 54.3% 

Standard 
deviation 2.5% 3.0% 2.4% 

 

Table 9 Accuracy of SVM using nadir and off-nadir images. 

 Accuracy Kappa 
Mean class 
accuracy 
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 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 

Trial 1 62.9% 53.1% 58.6% 

Trial 2 61.4% 49.2% 52.3% 

Trial 3 61.4% 50.7% 51.8% 

Trial 4 55.4% 44.1% 52.9% 

Trial 5 61.1% 50.3% 53.7% 

Trial 6 61.1% 50.0% 54.1% 

Trial 7 60.3% 49.3% 53.2% 

Trial 8 60.3% 50.6% 55.7% 

Trial 9 62.6% 52.2% 55.9% 

Trial 10 65.2% 55.4% 55.4% 

       
Mean 61.2% 50.5% 54.4% 

Standard 
deviation 2.5% 2.9% 2.1% 

 
 

 

Table 10 Class accuracies for RF, Adaboost and SVM. 

  RF  Adaboost  SVM  
   Nadir 3 angles Nadir 3 angles Nadir 3 angles 

1 Calluna 38.7% 43.5% 41.1% 44.9% 44.1% 45.1% 

2 Erica 41.9% 48.1% 44.2% 47.3% 37.3% 37.7% 

3 Molinia 69.7% 74.9% 70.4% 73.6% 80.7% 79.0% 

4 Grassland 60.4% 65.0% 61.1% 63.2% 64.3% 60.7% 

5 Coniferous forest 59.1% 60.9% 56.4% 58.2% 64.6% 64.6% 

6 Deciduous forest 60.0% 58.6% 58.6% 55.7% 54.3% 61.4% 

7 
Bare sand & 
mosses 65.2% 66.7% 62.9% 64.8% 55.2% 53.8% 

8 
Water surface with 
vegetation 16.7% 15.6% 17.8% 20.0% 7.8% 11.1% 

9 Water surface 68.8% 70.0% 66.3% 68.8% 65.0% 70.0% 

10 Cropland 33.8% 37.5% 33.8% 46.3% 72.5% 60.0% 

 

Table 11  

Percentage of pixel agreement using only nadir image. 
  RF Adaboost 

SVM  69.5%  67.3% 
Adaboost  86.8%   
 

 Percentage of pixel agreement using both off-nadir and nadir images. 
  RF Adaboost 

SVM  75.2%  71.9% 
Adaboost  85.8%   
  

 

 

 

346



 

Annex C.22. Chan, J. C.-W., Beckers, P., Canters, F., Spanhove, T., Vanden Borre, J., 

Paelinckx, D. (2011). Mapping Natura 2000 heathland in Belgium – an evaluation of ensemble 

classifiers for spaceborne angular CHRIS/Proba imagery. Proceedings of IGARSS11, July 24-29, 

2011, Vancouver, Canada. 
  

347



MAPPING NATURA 2000 HEATHLAND IN BELGIUM – AN EVALUATION OF ENSEMBLE 

CLASSIFIERS FOR SPACEBORNE ANGULAR CHRIS/PROBA IMAGERY 

 

Jonathan C-W Chan
1
, Pieter Beckers

2
, Frank Canters

1
, Toon Spanhove

3
, Jeroen Vanden Borre

3
 and 

Desiré Paelinckx
3
 

 
1 
Cartography & GIS research group, Geography Department, Vrije Universiteit Brussel, Pleinlaan 2, Brussels, Belgium 

2 
Division of Geography, Katholieke Universiteit Leuven, Celestijnenlaan 200E, B-3001 Leuven-Heverlee 

3
 Research Institute for Nature and Forest (INBO), Kliniekstraat 25, 1070 Brussels 

 

ABSTRACT 

Natura 2000 is an ecological network of protected areas in 

the territory of the European Union (EU). With the 

introduction of the Habitats Directive in 1992, EU member 

states are obligated to report every six years the status of the 

Natura 2000 habitats so that better conservation policy can 

be formulated. This paper examines the use of angular 

hyperspectral CHRIS/Proba image for the mapping of 

heathland at a Belgian Natura 2000 site. We find that the use 

of angular images increases the overall classification rate as 

compared to using only the nadir image; with the 

incorporation of angular images the final mapping is also 

more homogenous with less salt and pepper effect. While the 

class accuracy of Calluna- and Erica-dominated heathlands 

are still low, class accuracy of Molinia-dominated heathland 

is generally more encouraging. Two tree-based ensemble 

classifiers, Random Forest (RF) and Adaboost, were 

compared with Support Vector Machines (SVM). When 

only the nadir image was used, SVM attained the highest 

accuracy. When angular images were included, all three 

classifiers obtained comparable accuracies though in general 

RF and Adaboost had faster training time. We also adopted 

an assessment approach which repeats the accuracy 

assessment in ten independent trials, instead of the common 

practice of having only one trial. Our results show that 

accuracy attainment can vary significantly among different 

trials and hence it is recommendable to have more than one 

trial in order that a more objective characterization of the 

classifiers is obtained. 
1
 

 

Index Terms— Natura 2000, heathland, hyperspectral, 

CHRIS/Proba, angular images, ensemble classifiers, 

Random Forest, Adaboost, SVM 

 

1. INTRODUCTION 

 

With the implementation of the Habitats Directive in 1992, 

EU member states committed themselves to protect a range 

                                                 
1
 The authors wish to thank the Belgian Science Policy Office for 

funding this research under the STEREO II HABISTAT project. 

of highly threatened habitats within their territory. 

Monitoring and reporting on the status of the so-called 

‘Natura 2000 habitats’ is an essential part of an effective 

conservation, and an important obligation under the Habitats 

Directive: every six years, member states have to report on 

the actual area, the range, the quality and the future 

prospects for each habitat type. In recent years, the 

conservation value of the semi-natural heaths has become 

much more appreciated. Even though heathland of western 

Europe are relatively species poor as compared to their 

counterparts in the southern hemisphere, these complex 

ecosystems have become habitats for a unique fauna and 

flora which adapted to the particular biotic and abiotic 

conditions [1]. Because of this typical biodiversity and 

ecological value of heathlands, they were included on the 

Annex I of the EU Habitats Directive and protected as 

Natura 2000 habitats [2][3].  

Heath is a dwarf-shrub vegetation mainly found on poor, 

acidic soils. A typical heath ecosystem can be described as a 

mosaic of dwarf-shrubs, grass-dominated heath, bare soil 

and isolated shrubs or trees. European heath vegetations 

typically have a few dominant plant species. In the north of 

Belgium, heathland habitats are often Erica- or Calluna-

dominated. In good conservation status, they show a 

complex structural variation consists of a mixture of dwarf 

scrub, open sand and patches of pioneer grasses and mosses, 

which is a prerequisite for many rare and specialized plant 

and animal species (Fig. 1, Left). In non-favourable 

conditions, encroachment with purple moor grass (Molinia 

   
Favourable Non-favourable 

Fig.1. Picture impressions of dry sand heaths with Calluna and 

Genista (2310) in favourable and non-favourable conditions. 
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caerulea) leads to a monotonous vegetation with a heavily 

reduced ecological value (Fig. 1, Right). 

To date, the gross of the data needed for conservation 

status assessment are gathered through field surveys and the 

visual interpretation of aerial photos. Such an approach 

does, however, have some major drawbacks. First, these 

labour-intensive techniques are highly expensive. Second, 

field mapping is often slow, making it difficult to cover vast 

areas during the optimal season of inventory. Third, despite 

the existence of strict rules for field mapping, inter-observer 

errors are an issue [4]. Remote sensing techniques are often 

suggested as a proper alternative for this monitoring. In 

order to obtain adequate information on the diverse 

ecological and biological conditions at ecotope level, 

hyperspectral data with rich spectral information will be an 

effective choice [5]. 

The Compact High Resolution Imaging Spectrometer 

(CHRIS) is an imaging spectrometer carried on board a 

space platform called Proba (Project for On Board 

Autonomy). It acquires within the spectral region of 0.4-1 

µm with up to 62 bands in mode 1 at a spatial resolution of 

34 m. At mode 3, the sensor acquires images at a higher 

spatial resolution of 18m, but the spectral band number is 

reduced to 18. With the multi-angle scanning property of 

CHRIS, it is also possible to employ angular images for the 

mapping of heathlands. The results will provide interesting 

reference for future hyperspectral sensors with angular 

acquisition capacity such as the EnMap mission operated by 

the German Space Agency.  

Many different classifiers have been proposed for remote 

sensing data. Support Vector Machines (SVM) is a very 

popular classifier used frequently on hyperspectral imagery 

[6][7]. Though not as widely used as classifiers like SVM, 

tree-based ensemble classifiers such as Random Forest (RF) 

[8] and Adaboost [9] are reportedly effective and accurate in 

classifying various remote sensing data [5][7][10-13]. The 

most notable advantages of these machine learning methods 

are that they are simple to use and robust to noise or missing 

values which can sometimes happen with remote sensing 

data. Limited need for parameter setting and fast training are 

also important attributes. It would be interesting therefore to 

investigate the performance of these ensemble classifiers for 

the mapping Natura 2000 habitats. In this study, we focused 

on RF and Adaboost and their performance will be 

compared to the benchmark classifier SVM. 

 

2. METHODOLOGY 

2.1. Classification scheme 

A classification scheme with ten classes was adapted for this 

study: (1) Calluna, (2) Erica, (3) Molinia, (4) Grassland, (5) 

Coniferous forest, (6) Deciduous forest, (7) Bare sand and 

mosses, (8) water with vegetation, (9) water without 

vegetation, and (10) Cropland. Although these classes are 

inspired by the Habitats Directive, they do not completely 

correspond to the Natura 2000 habitat types. Class 1 is 

Calluna-dominated dry heathland, close to the Natura 2000 

habitats encoded 2310 and 4030. Class 2, Erica-dominated 

heathland, belongs to wet heathland, Natura 2000 class 

4010. Class 3 is Molinia-encroached heath, a degraded form 

of heathland with low ecological value which can originate 

from inland dunes (2330) as well as from dry (2310, 4030) 

and wet (4010) heathland. Class 6 is deciduous forest, 

potentially belonging to Natura 2000 class 9190. Classes 8 

and 9 are oligotrophic water bodies; they could be either 

Natura 2000 classes 3110, 3130 or 3160. Coniferous forest 

and other land cover types such as urban and agricultural 

land do not correspond to any habitat listed in the Habitats 

Directive. After considering the geo-spatial distribution of 

each class, a total of 586 sampling points evenly distributed 

within the study area were selected.  

 

2.2. Accuracy assessment 

Accuracy assessment of a classification is usually carried out 

through cross-tabulating the predicted classes and the 

reference classes, thus building a confusion matrix. Initially, 

a full set of reference data will be divided into a training set 

and a test set. For a supervised classification, the training 

pixels are used to build (train) a classifier and then this 

classifier is used to classify the blind test pixels. The 

procedure of separating the training and the testing pixels is 

normally done in a random stratified manner where for each 

class the number in training and in testing is more or less 

equal. However, bias could happen by chance through this 

random separation process leading to extreme results. To 

further investigate this issue, we decided to have more 

elaborated experiments by repeating the procedure in ten 

different trials. The results would shed light on the 

sensitivity of each classifier to this random procedure and 

provide a better characterization of each classifier. 

 
Fig. 2. Location of Kalmthoutse Heide in northern Belgium 
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To understand if angular measurements are useful for 

mapping heath habitats, the experiments were further 

divided into using only the nadir images, and with off-nadir 

images incorporated. Accuracies for both cases were 

compared. In addition to overall accuracy and kappa values, 

mean class accuracy was also calculated to show the strength 

of a classifier over the separation of all classes. 

 

2.3. Study area 

Our study area is Kalmthoutse Heide, a Natura 2000 site in 

northern Belgium (51°22’N, 4°27’E) (Fig. 1). It consists 

mainly of dry and wet heathland, inland dunes, water bodies 

and vast forests. The whole area measures 3750 ha (9375 

acres) and is cut through by the Belgian-Dutch border. A 

CHRIS image of excellent quality was acquired at Mode 3 

(18 bands at 18m resolution) on 1
st
 July 2008. The image 

was atmospherically corrected and de-noised using the 

BEAM toolbox freely available through the ESA website. 

Since the off-nadir images at ±55° have serious geometrical 

distortion, only the nadir and the ±36° images were used. 

 

3. RESULTS AND DISCUSSION 

 

3.1. Parameter tuning 

For RF, there are two parameters: the number of trees and 

the number of random variables at each split. The best 

settings were found using the Out-of-bag (OOB) estimate 

[5]. The AdaBoost algorithm used is AdaBoost.M1, which is 

a generalization of AdaBoost for more than two classes. The 

algorithm has been implemented in the R software 

environment [14], which uses classification trees as base 

learners. The type of trees is similar to the classification 

trees described in [15]. More details of these trees can be 

found in the R package of ‘rpart’ [16]. Two parameters are 

important for this algorithm: the number of trees (iterations) 

and how deep the tree is going to grow. The evaluation was 

done using a 5-fold cross-validation. In terms of the number 

of trees, initial experiments have shown that a number 

between 30 -120 is adequate. The depth is given as an 

integer, with 0 being the root node. In [14], it is suggested 

the number to be equal to the number of classes.  

SVMs separate two classes by maximizing the margin 

between the classes’ closest points. Often, data points are 

projected into a higher-dimensional space via kernel 

techniques to enable a linear separability. Tuning of SVM 

involves the trials of different kernel functions such as 

linear, polynomial, sigmoid and radial basis functions (RBF) 

Comparatively, RBF gave better results and was much faster 

with two main parameters: gamma and cost.  
 

3.2. Accuracy performance 

The overall accuracy averaged over ten independent runs for 

RF, Adaboost and SVM are 57.1%, 57.5% and 61.8%, 

respectively. SVM outperformed the two ensemble 

classifiers by around 4.5%. The averaged mean class 

accuracy for RF, Adaboost and SVM are 51.4%, 51.2% and 

54.6%, respectively. The difference between the two 

ensemble classifiers and SVM is a little more than 3%.  

The purpose of having ten independent trials is to 

investigate the possible sensitivity of a classifier to the 

random process of separating the ground truth samples into 

the training and test sets. It is observed that the gap between 

the lowest and the highest accuracy attainments is 

substantial. For RF, the min-max accuracy range is 51.7%-

62.9%; it is 53.9%-61.1% for Adaboost and 58.4%-65.5% 

for SVM. Comparatively, the gap with SVM is the smallest, 

but still around 7%. These results imply that, for accuracy 

assessments using a similar approach, it will be more 

informative to repeat the procedure more than once. An 

assessment based on only one trial may lead to biased 

conclusions as the accuracy could be very poor or very good 

simply by chance. 

Including angular images adds 2x18=36 bands to the 

input. Using the same training and test sampling points as in 

the experiment of nadir image, ten independent trials were 

run. After off-nadir images were incorporated, comparable 

accuracies were obtained from all three classifiers. Notably, 

accuracy of SVM did not increase with the additional 

angular images. The reason for that is not thoroughly 

investigated. However, it could be related to feature 

selection which is often done with sophisticated algorithms 

to reduce computing time and improve accuracy [6]. On the 

average, all classifiers achieved accuracy at 61%. The 

average ‘mean class accuracy’ over ten trials was around 

54% for all three classifiers. The accuracies obtained from 

the classifiers are very similar at each trial with marginal 

differences of only 1-2%. The difference between the 

minimum and maximum accuracies among the ten trials is 

7% for RF, 9% for Adaboost, and almost 10% for SVM. 

Again, it shows that variation among different trials can be 

quite large.  

 

3.3. Accuracy and mapping of heathland types 

Table 1 shows the accuracy of three target heathland classes. 

On the average over ten trials, SVM has the highest 

accuracy for Calluna and Molinia as compared with the two 

ensemble classifiers. However, SVM’s accuracy with Erica 

is 10% lower. It is also observed that using angular input has 

brought significant increase in classification accuracy of 

these heathland classes. While the accuracy of Calluna and 

Erica is still  quite low, the accuracy of Molinia is  

approaching the 80% level showing the potential of mapping 

this important ecotope. Fig. 3 is a comparison of 

 RF Adaboost SVM 

 Only 

Nadir 

3 

angles 

Only 

Nadir 

3 

angles 

Only 

Nadir 

3 

angles 

Calluna 38.7 43.5 41.1 44.9 44.1 45.1 

Erica 41.9 48.1 44.2 47.3 37.3 37.7 

Molinia 69.7 74.9 70.4 73.6 80.7 79.0 

Table 1. Accuracy (%) of healthland classes using angular images. 
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Fig. 3.Mapping with angular CHRIS (Below) shows better 

formation of patches and with less salt and pepper effect as 

mapping using only the nadir image (Above). 

 

the classification maps generated by RF with the top 

representing the result using only the nadir image and the 

bottom using all angular images. The map produced with 

angular images shows clearly a better formation of patches 

with less pepper and salt effect. 

 

4. CONCLUSIONS 

 

The use of angular hyperspectral CHRIS images shows 

significant improvements in mapping of Natura 2000 

heathland habitats. Other than increasing accuracy, it also 

enhances mapping result with better patch formation and 

less pepper and salt effect. Though accuracy with Erica and 

Calluna is still low, classification of Molinia is reaching 

80%. The results generated from ten trials of accuracy 

assessment show that more than one trial is necessary to 

provide an objective evaluation of the classifiers.  
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Ensemble classification of Natura2000 habitats using spaceborne angular 

hyperspectral imagery 

 

Jonathan C-W Chan, Pieter Beckers, Jianglin Ma, Frank Canters, Toon Spanhove, Jeroen 

Vanden Borre, Desiré Paelinckx 

 

Natura2000 habitats are priority habitats for nature conservation in Europe, and need to be 

monitored closely. Satellite images with good coverage and regular revisits seem well-suited 

for surveying purposes and for keeping track of the habitats’ status. In the frame of the 

HABISTAT
1
 project, we explored the possibility of using spaceborne hyperspectral images for 

the mapping of detailed land cover and habitat quality at a Natura2000 site in Belgium, 

predominantly covered by heathlands. We used data from CHRIS/Proba
2
, an ESA-operated 

transitional hyperspectral-oriented satellite capable of angular scanning. In mode 1, 62 

bands between 0.4-1 μm are provided. However, the spatial resolution is only 34m. To 

maximize the possibility of mapping small land segments, CHRIS images were acquired in 

mode 3 with a spatial resolution of 17m, limiting the number of spectral bands within the 

same range to 18.  

 

Initially, a four-level classification scheme with 24 classes at the most detailed level was 

devised. This scheme was later adapted to ten classes to reach more acceptable accuracy 

levels. We tested several benchmark ensemble classifiers that have been found efficient 

with hyperspectral data, namely Random Forest (RF), Multi-class Adaboost (Ada.M) and 

Support Vector Machines (SVM). The input variables included three of the five angular 

images, that is ±36° and nadir. We adopted an evaluation approach where the training set 

was randomly divided into two equal halves, one for training and one for testing. This was 

repeated over ten independent runs. The final accuracy for each classifier was the average 

of the ten classifications. This step is to mitigate the possible bias that could occur during the 

preparation of the training and the testing samples. It also provides a better understanding 

of the sensitivity of each classifier to alterations in the training set.  

 

All classifiers achieved around 60% overall accuracy (Kappa values around 0.5), with SVM 

being slightly superior at 62%. The use of three angular image sets, instead of just the nadir, 

benefited both RF and Ada.M but not SVM. RF was also the most user-friendly algorithm 

since there is basically no need for parameter tuning. Angular measurements obtained at 

off-nadir angles are useful features worthy of further investigation. The waveband 

configuration of CHRIS does not extend beyond 1 μm, but ‘real’ hyperspectral images that 

extend into SWIR and/or TIR are expected to do better in terms of accuracy. Future satellite 

missions with angular scanning capacities (such as EnMAP
3
) could bring additional 

advantages to habitat mapping. We conclude that there is high potential for mapping of 

Natura2000 habitats using spaceborne hyperspectral images. Suitable adaptation in 

accordance with the user’s requirements is needed for successful results. 

 
1
HABISTAT stands for “A Classification Framework for Habitat Status Reporting with Remote Sensing Methods”, a 

project funded by the Belgian Science Policy Office (Belspo), 2007-2011. 
2
The CHRIS (Compact High Resolution Imaging Spectrometer) is a new imaging spectrometer, carried on board a 

space platform called PROBA (Project for On Board Autonomy). The satellite was successfully launched in late 

October, 2001. 
3
EnMAP (Environmental Mapping and Analysis Program) is a German hyperspectral satellite mission. 
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Detailed land use/land cover classification at ecotope level is important for environmental evaluation. In this
study, we investigate the possibility of using airborne hyperspectral imagery for the classification of ecotopes.
In particular, we assess two tree-based ensemble classification algorithms: Adaboost and Random Forest,
based on standard classification accuracy, training time and classification stability. Our results show that
Adaboost and Random Forest attain almost the same overall accuracy (close to 70%) with less than 1%
difference, and both outperform a neural network classifier (63.7%). Random Forest, however, is faster in
training and more stable. Both ensemble classifiers are considered effective in dealing with hyperspectral
data. Furthermore, two feature selection methods, the out-of-bag strategy and a wrapper approach feature
subset selection using the best-first search method are applied. A majority of bands chosen by both methods
concentrate between 1.4 and 1.8 μm at the early shortwave infrared region. Our band subset analyses also
include the 22 optimal bands between 0.4 and 2.5 μm suggested in Thenkabail et al. [Thenkabail, P.S., Enclona,
E.A., Ashton, M.S., and Van Der Meer, B. (2004). Accuracy assessments of hyperspectral waveband
performance for vegetation analysis applications. Remote Sensing of Environment, 91, 354–376.] due to
similarity of the target classes. All of the three band subsets considered in this study work well with both
classifiers as inmost cases the overall accuracy dropped only by less than 1%. A subset of 53 bands is created by
combining all feature subsets and comparing to using the entire set the overall accuracy is the same with
Adaboost, and with Random Forest, a 0.2% improvement. The strategy to use a basket of band selection
methods works better. Ecotopes belonging to the tree classes are in general classified better than the grass
classes. Small adaptations of the classification scheme are recommended to improve the applicability of
remote sensing method for detailed ecotope mapping.

© 2008 Elsevier Inc. All rights reserved.
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1. Introduction

Land use/land cover classification is a generic tool for environ-
mental monitoring. To measure subtle changes in the ecosystem, a
land use/land cover classification at ecotope level with definitive
biological and ecological characteristics is needed. Ecotopes are
distinct ecological landscape features that provide information
concerning biodiversity and environmental quality. In order to have
adequate reference to the large variety of ecological conditions, the
classification scheme of ecotopes is usually detailed and elaborate.
While for decades remote sensing imagery has been used to generate
land use/land cover maps, it will be a challenge to map ecotopes using
conventional broadband multi-spectral data with coarse spatial
resolution (Ellis et al., 2006). A better option will be hyperspectral
images which provide a fuller spectral description with up to
hundreds of narrow bands. Hyperspectral data are reportedly

competent in achieving substantially higher classification accuracies
in the recognition of vegetation and agricultural crops (Bork et al.,
1999, Thenkabail et al., 2004), and might have the potential to
separate vegetation into taxonomic levels (Ustin et al., 2004). To
classify ecotopes using hyperspectral data, however, we are faced with
a classical problem of high dimensional inputs (hundred of bands) and
outputs (many classes). For this complex problem, we need powerful
algorithms for the classification and band selection methods that can
reduce input dimension.

Recent studies ondifficult classificationproblemsusingmulti-source
and hyperspectral data have pointed to the superiority of Random
Forest, a type of ensemble classification that uses decision tree as the
base classifier (Crawford et al., 2003; Gislason et al., 2006; Ham et al.,
2005, Lawrence et al., 2006). Ensemble classification represents a new
approach that uses not one, but many classifiers. Hundreds of classifiers
are built and their decisions combined usually by plurality vote. The
premise is that combining ensemble classifiers is often more accurate
than any one from the ensemble. Ensemble classifications can be
categorized into those based on several different learning algorithms
and those based on just one. In the former case, several classifiers can be

Remote Sensing of Environment 112 (2008) 2999–3011

⁎ Corresponding author. Tel.: +32 2629 3556; fax: +32 2629 3378.
E-mail addresses: jonathan_cw_chan@yahoo.com, Cheung.Wai.Chan@vub.ac.be

(J.C.-W. Chan).

0034-4257/$ – see front matter © 2008 Elsevier Inc. All rights reserved.
doi:10.1016/j.rse.2008.02.011

Contents lists available at ScienceDirect

Remote Sensing of Environment

j ourna l homepage: www.e lsev ie r.com/ locate / rse

356



Author's personal copy

generated using the same training set, each from a different learning
algorithm and their decisions are combined by simple voting, or more
sophisticated methods like consensus theory (Benediktsson & Swain,
1992) and stacking (Džeroski & Ženko, 2004). The drawback of this
ensemblemethod is to have to handle different learning algorithms and
that increases the complexity of processing. Combining methods can
sometimes be complicated too. Finally, its effectiveness relies verymuch
on the combining technique and an ensemble does not always give a
more accurate classification (Foody et al., 2007).

Another form of ensemble classification based on only one learning
algorithm and the ensemble is created by changing the training set.
Bagging (Breiman,1996), or bootstrap aggregating, andAdaboost (Freund
& Schapire, 1996), or adaptive reweighting boosting, are two popular
methods to generate new training sets. Both methods have been
thoroughly studied (Bauer & Kohavi, 1998; Dietterich, 2000) and have
been assessed with remote sensing data (Chan et al., 2001; DeFries &
Chan, 2000; Pal & Mather, 2003). While theoretically Adaboost and
bagging can be applied to any learning algorithms, they are originally
designed to boost the accuracy of “weak” learners such as decision trees
(Breiman, 2001). Implementations ofAdaboost usingdecision trees as the
base classifier showed that the results are comparable to support vector
machines (Chan et al., 2001) and a neural network (Pal & Mather, 2003).
Comparisons between bagging and Adaboost showed that Adaboost had
higher accuracies but baggingwasmore stable (Chan et al., 2001; DeFries
& Chan, 2000). But Adaboost was also described as susceptible to noise
and more costly in processing time (Briem et al., 2002).

Random Forest is a tree-based ensemble classifier that uses the
bagging technique to create new training sets. It includes two important
methods: random feature subspace and out-of-bag estimates. The
former enables a much faster construction of trees and the latter the
possibility of evaluating the relative importance of each input feature.
Breiman (2001) ran Random Forest on 20 data sets from different data
domains, and his results showed that theperformance of RandomForest
is superior to other learningalgorithms.WhencomparedwithAdaboost,
he concluded that Random Forest is “favorably” comparable, only that
Random Forest is cheaper in terms of computing time.

Ensemble classifications that build numerous classifiers are not an
intuitive choice for analyses of hyperspectral data since they naturally
add more computational burden to a procedure already complicated
by high dimensional inputs. However, since decision trees are ex-
tremely fast to build, the costs of training hundreds of them will still
be cheaper than training one artificial neural network, as demon-
strated in Pal and Mather (2003). While Random Forest, a tree-based
ensemble classifier, has been shown effective when applied to clas-
sification of hyperspectral data (Crawford et al., 2003; Ham et al.,
2005; Lawrence et al., 2006), there has not been adequate discussion
on Adaboost. Hence, it is natural to exploremore about the potential of
these two powerful algorithms in our specific application.

While hyperspectral data provides more spectral information, it
also brings new challenges such as the curse of dimensionality. Since
neighboring hyperspectral channels carry highly correlated informa-
tion, some spectral bands are redundant and some contain possible
noise. The importance of feature (band) selection is not only to reduce
input dimensionality which will subsequently alleviate processing
burden, but also to deepen our understanding of which spectral ranges
are most suitable for ecotope mapping. This knowledge of the best
wavebands might also aid future sensor designs dedicated for specific
applications. Many methods have been proposed for band selection
(Chang et al., 1999; Guo et al., 2006; Jia & Richards, 1994; Kaewpijit
et al., 2003, Lee & Landgrebe, 1997; Melgani & Bruzzone, 2004) but
some suggested using a basket of different methods instead of using
one method. In Bajcsy and Groves (2004), seven techniques for band
ranking were included in their regression model for soil electrical
conductivity. In Thenkabail et al. (2004), four assessment techniques
namely principal component analysis, lambda–lambda R2 models,
stepwise discriminant analysis, and derivative greenness vegetation

indices were employed to find the optimal wavebands for the clas-
sification of vegetation. The reason for using a basket of methods is
attributed to the no-free-lunch theorem which argues against the
possibility of a universally superior algorithm for all problems. This
echoeswith amachine learning concept that for any specific problems,
as many techniques and algorithms should be investigated as man-
ageably possible because there is no one method which has been
demonstrated to be superior for all problems (Kohavi et al., 1996).

In this paper, we assess two benchmark tree-based ensemble
classification algorithms: Adaboost and Random Forest, using the
criteria of standard classification accuracy, computing time and sta-
bility (DeFries & Chan, 2000). Two band selection algorithms are
tested: the out-of-bag method (Breiman, 2001) and a wrapper
approach feature subset selection (Kohavi & John, 1997) using the
best-first search method (Ginsberg, 1993). In Thenkabail et al. (2004),
hyperspectral data were gathered for shrubs, grasses, weeds, and
agricultural crop species from four ecoregions of African savannas;
after rigorous investigation with four assessment methods, they re-
commended 22 optimal bands. Due to the similarities of the target
classes and the studied spectral range (0.4–2.5 μm) between
Thenkabail et al.'s (2004) study and ours, we think there are reference
values to investigate the optimal bands suggested in their article.
Following the no-free-lunch theorem, we combine Thenkabail's
selection with the outcomes from the other two band selection
methods. All band subset selections are tested using both Adaboost
and Random Forest.

2. Study area and data

For this study, we have used the ecotope classification in Belgium,
locally known as the Biological Valuation Map (BVM), as a case study
(see www.inbo.be/bvm). Under the BVM, the entire land surface is
divided into 162 detailed classes according to soil conditions or
agricultural practices. The BVM is produced by field surveys. Experts
including biologists, agronomists and forest ecologists are sent to the
field and visually identify features that are ecologically distinct. The
map produced by the experts is treated as the groundtruth without
further accuracy assessment. Using four criteria namely rarity, vulne-
rability, naturalness, and replaceability, each BVM class is assigned a
qualitative biological value: very high biotic value, high biotic value
and little biotic value (De Blust et al., 1994). This information is
important to assess the state of the environment. Our study area is
situated east of the town Geraardsbergen in the province of East-
Flanders within the so called “South Flemish loamy hill district” of
Belgium (Fig. 1). The valley of the river Dender crosses the northern
part. Species rich improved grasslands dominate this valley, but also
semi-natural grasslands (called Calthion-grasslands), poplar planta-
tions, alluvial and oak forests are present. The central and southern
parts are also crossed by some other small valleys of rivulets and wet
depressions dominated by the same type of vegetation. The forests
area in the central part (the Moerbeke forests area) consists mostly of
oak forests, and the rest belongs to those of beech forests and
woodland of alluvial soils. The interfluves mostly consist of arable
land, with a few of species poor to species rich improved grasslands.
The area is particularly suitable for our study because of a recent and
detailed survey done by only one field researcher. This leads to a high
level of uniformity of the mapping.

An adapted classification scheme with thirty-two classes was used
(Wils et al., 2004). To allow a more realistic assessment of the
classification on vegetation types, water surface and built-up areas
(houses and roads) which are known to be spectrally distinct from
vegetation were masked out in our experiments. Sixteen classes were
found to be present in our study area (Table 1). The tree classes include
scrubs, orchard and woods. The grassland classes represent different
degrees of species richness. Higher biological values are attached to
grassland types that are comparatively richer in species. From high to
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low biological values, the grassland classes rank in the following
order: semi-natural grasslands (hpgh), species rich improved grass-
land (hpgs), grasslands with patches hp and either patches hpgs or
hpgh (hpv), species poor improved grassland (hp) and grass mono-
cultures (hx).

Airborne HyMap data was acquired on 8th June, 2004. Pixel size is
4×4 m with 126 bands distributed between 0.4 and 2.5 μm. A level 2
product was generated after radiometric correction, geometric cor-
rection (ortho-rectified using bilinear resampling), atmospheric
correction and calibration. The image is geo-referenced in UTM with
WGS-84 Geodetic datum. Fig. 2 shows the overlay of the ecotope
classes over the airborne HyMap data. The dimension of the two
mosaic strips is 953×2330 pixels covering an area of approximately
35.5 km2. Field works were carried out during the day of the overpass
and the day after. A spectroradiometer ASD Fieldspec Pro FR (350 nm–

2500 nm) was used for ground measurements. Those measurements
were gathered to calibrate the airborne data as well as to assess the
data quality. To prepare the training and validation samples, the
groundtruth vector layer was first filtered by excluding the following
land covers: fallowed land, built-up area and water surface. Then,
samples were extracted manually and randomly divided into two
equal halves for training and validation (Table 2). The mean spectrum
of the grassland and the tree classes are presented in Fig. 3a and b,
respectively. The spectral profiles are artificially linked at the ab-
sorption regions around 1.35–1.4 μm and 1.8–1.95 μm, hence the
strange shapes.

3. Methods

In this section, we recapture some important properties of the
ensemble classification algorithms and band selection methods. But
first we will briefly describe the basic attributes of a decision tree
classifier. By applying certain statistical measures, a decision tree

recursively partitions the training data into more homogenous sub-
sets. A decision tree is composed of nodes at different levels: a root
node, a set of internal nodes (splits) and a set of terminal nodes
(leaves) (Fig. 4). The root node is formed from all of the training
samples. After a selected statistical measure is applied, the training
samples are split into two descendent nodes. The same procedure is

Table 1
Description of the ecotope classes

ID Category Class code Definitions

1 grassland b Arable land
2 grassland hp Species poor improved grassland

(normally more homogenous for the whole parcel)
3 grassland hpgh Semi-natural grassland
4 grassland hpgs Species rich improved grassland

(between hpgh and hp)
5 grassland hpv Grassland with patches hp and either

patches hpgs or hpgh
6 grassland hx Grass monocultures (equal to arable land sown

with grasses of one or more years)
7 tree/tall_veg f Deciduous forest, dominated by beech (Fagus sp.)
8 tree/tall_veg gml Plantation of deciduous tree species other

than beech, oak, alder and poplar
9 tree/tall_veg kj Tall tree orchard
10 tree/tall_veg kl Low tree orchard
11 tree/tall_veg lh Poplar plantation
12 tree/tall_veg p Conifer plantation
13 tree/tall_veg q Deciduous forest, dominated by oak trees

(Quercus sp.)
14 tree/tall_veg sc Scrubs of clearings and scrubs on

abandoned land
15 tree/tall_veg sp Thorn ticket
16 tree/tall_veg v Woodland of alluvial soil, fens and bogs

(mostly dominated by alder = Alnus sp.)

Fig.1. Study area. The background is an abstracted draft Biological ValuationMap covering the entire Flanders in Belgium. Ecotopes are assigned different degrees of biological values.
Locations of medium to high biological values are in green. White color represents less biological values and red areas are important for rare animal species (this layer is still under
construction). The zoom shows the coverage of the airborne HyMap image.
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then applied to the descendent nodes. This sequential applications of
the measure will form a tree-structured decision space with the
terminal nodes representing the assignment of classes. An unknown
pixel can be labeled by following the decision framework and is
assigned to the class the same as the leaf node which it finally falls
into. Different approaches can be used for tree construction. The more
frequently usedmeasures include the gini index (Breiman et al., 1984),
the information gain ratio (Quinlan,1993) and the chi-square measure
(Mingers, 1989a). These measures dictate how the data is split at each
node and also find the best thresholds for the splits. Furthermore, at
each node, the split can be based on either several bands or just only
one band. The tree is multivariate if each split is based on several
bands, or univariate if each split uses only one band. Multivariate trees
can have better performance when decision boundaries are better
described by a combination of features (bands), but they also
introduce complexity in calculations (Friedl & Brodley, 1997). In this
study, a univariate decision tree is used. Finally, a key element in tree
construction is to correct overfitting by pruning back the tree. Since
the tree is grown in a way such that all the training data are correctly
classified, if there are errors in the training set, an overfitting tree will
lead to poor performance in classifying data not used in the training.
Pruning can be done according to certain cost-complexity measures
which allow a split only if the contribution to accuracy improvement
has reached a predefined threshold. Some common pruning methods
are discussed in Quinlan (1987) and Mingers (1989b). As this paper
focuses more on ensemble classification, we refer the reader who is
interested in more detailed explanation about the construction of
decision trees to Pal and Mather (2003), Friedl and Brodley (1997), or
Quinlan (1993).

Decision tree classifiers have many advantages. Unlike most of the
conventional classifiers which derive a complex membership decision
using all the input bands at once, decision trees modulate a clas-
sification problem into a hierarchy of simple decisions with each
decision based on only one or several of the input bands. This strategy
makes the computing burden particularly light. A decision tree clas-

sifier is also non-parametric, so there is no requirement on data
distribution. The structure of the tree provides information about
which of the input bands have been used for classification. This helps
us to understand which bands are more important for our applica-
tions. However, decision trees are considered as ‘weak’ learners
meaning it is not the most accurate classification algorithm. Next we
introduce the two benchmark ensemble algorithms that are used for
boosting the accuracy of decision trees.

3.1. Random Forest and Adaboost

In Random Forest, the method to build an ensemble of classifiers is
to change the training set using the same strategy as bagging
(Breiman, 1996). Bagging creates new training sets by resampling
from the original data set n times, n being the number of samples in
the original training set, randomly with replacement. This means the
sample just being chosenwill not be removed from the data set in the
next draw. Hence, some of the training samples will be chosen more
than once while some others will not be chosen at all in a new set.
Bagging helps classification accuracy by decreasing the variance of the
classification errors. In another words, it taps on the instability of a
classifier. ‘Instability’ of a classifier means that a small change in the
training samples will result in comparatively big changes in accuracy.
The classifiers are combined by a majority vote and the vote of each
classifier carries the same weight. In the case of a tie, the decision can
be made randomly or by prescribed rules.

Random Forest creates multiple trees using the impurity gini index
(Breiman et al., 1984). However, when constructing a tree, Random
Forest searches for only a random subset of the input features (bands) at
each splitting node and the tree is allowed to grow fully without
pruning. Since only a portion of the input features is used and no
pruning, the computational load of Random Forest is comparatively
light. The computing time is in the order of T

ffiffiffiffiffi

M
p

Nlog Nð Þwhere T is the
numberof trees,M is thenumberof bands used in each split, andN is the
number of training samples (Breiman, 2001). In addition, in case a
separate test set is not available, an out-of-bag method can be used. For
each new training set that is generated, one-third of the samples are
randomly left out, called the out-of-bag (OOB) samples. The remaining
(in-the-bag) samples are used for building a tree. For accuracy
estimation, votes for each sample are counted every time when it
belongs to OOB samples. A majority vote will determine the final label.
Only approximately one-third of the trees built will vote for each case.
These OOB error estimates are unbiased in many tests (Breiman, 2001).
The number of features for each split has to be defined by the user, but it
is insensitive to the algorithm. Majority vote is used to combine the

Table 2
Number of samples in training and testing

ID Classes Number of training Number of testing

1 b 3712 3711
2 hp 928 928
3 hpgh 939 939
4 hpgs 6277 6277
5 hpv 910 909
6 hx 286 285
7 f 1663 1662
8 gml 852 851
9 kj 369 369
10 kl 607 607
11 lh 2802 2802
12 p 320 319
13 q 4907 4906
14 sc 675 675
15 sp 361 360
16 v 1259 1259

Total 26,867 26,859

Fig. 2. Overlay of the recently updated Biological Valuation Map on top of the HyMap
image at the area of Dender.
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decisions of the ensemble classifiers. For a full detail of Random Forest,
the reader is referred to the manual (http://oz.berkeley.edu/~breiman/
RandomForests/cc_home.htm) or Breiman (2001). A very good sum-
mary can also be found in Gislason et al. (2006).

Adaboost (Freund & Schapire, 1996) changes the distribution of the
original training set in a different manner. If εt is the misclassification
rate at trial t, then the weights of misclassified samples in the training
set will be changed by the factor βt=(1−εt) /εt. The total sum of the
adjusted weights is normalized to 1. The classifiers C1,…,Ct are
combined according to the weighted voting where Ct is weighted by
log(βt). The trials will be terminated if εtN0.5 (which means the
classifier's accuracy is worst than a random guess) and trial T is altered
to t−1. If ɛt=0 (i.e.100% accuracy), then trial T becomes t. In so doing,
Adaboost forces the newly constructed ensemble classifiers to focus
on ‘harder’ cases. The voting for the final labels is weighted by the
accuracy of each classifier. In this study, Adaboost is implemented
using C5.0 where the trees are constructed using the information gain
ratio (Quinlan, 1993).

3.2. Band selection methods

The first method is the OOB method implemented in Random
Forest (Breiman, 2001). Though the structure of a decision tree
provides information concerning important features, such interpreta-
tion is rather impossible for hundreds of trees in an ensemble. One
additional feature of Random Forest is its ability to evaluate the
importance of each input feature by the internal OOB estimates. To
evaluate the importance of each feature (band), the values of the m
feature (band) of the OOB samples would be allowed to permute. The
perturbed OOB samples will run down on each tree again. The
differences in accuracy between the original and the perturbed OOB
samples over all the trees grown in the Random Forest are averaged.
This number will become the importance score of the m feature
(band) and is used as a ranking index. We will use the 25 highest
ranking bands from the OOB method.

The second band selection method we used is a wrapper method
using the best-first search as the search algorithm (Kohavi & John,1997).

Fig. 3. Mean spectrum of the (a) six grassland classes and (b) ten tree classes.
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Current feature selection techniques can be classified as either filter
approaches or wrapper approaches. A filter approach defines relevancy
of features based on the training data alone, and the feature subsets are
chosen independently of the learning algorithm. It is like a preproces-
sing step. Wrapper approaches, however, search for the best feature
subset using the learning algorithm as part of the evaluation function.
The feature subset with the highest accuracy is selected. Wrapper
approaches are reportedly producing superior results than filter
approaches (Kohavi & John, 1997). While wrapper approaches are
producing better accuracy, it is computationally heavy because it has to
call on the learning algorithm for the evaluation of each subset. Hence, a
faster search engine is needed. Conventional methods that exhaustively
search the entire search space (all feature combinations) are impractical
unless the number of feature is small. The best-first search is a method
that avoids searching the entire search space (Ginsberg, 1993). The idea
of best-first search is to jump to the most promising band subset which
is defined as the subset with the highest accuracy. Fig. 5 illustrates the
paths of the best-first search algorithmusing a scenariowith four bands.
Each bit within the square brackets shows the presence (1) or absence
(0) of a band. For example, [0,1, 0,1] represents a subsetwith the second
and the fourth bands. The number next to eachbracket is the accuracy of
that subset evaluated by the learning algorithm. The search starts with
no feature, hence [0, 0, 0, 0]. Then, it proceeds to turn on consecutively
each of the four bands. Since the first band attained the highest accuracy
(65%), the search continues to expand on its children which represent
new subsets that always have the first band present. The same logic
applied to the next expansionwhere adding the fourth band to the first
gives the highest accuracy. The search stopswhen the highest attainable
accuracy was achieved. Since it is not always possible to achieve 100%
accuracy in reality, the search is stopped when the estimated accuracy
no longer improves, and the feature subset at that search state re-
presents the optimal subset.

This method has been tested on 18 real-world datasets from the U.C.
Irvine machine learning repository in Kohavi and Sommerfield (1995),
and 14 datasets in Kohavi and John (1997). Their results showed that for
most data sets, the feature subsets increased accuracy. In rare cases, the
feature subsets would lower accuracy. When applied in remote sensing
data, the method generated a substantially smaller subset but the
accuracies were comparable with the entire feature set (Chan et al.,
2000). We applied this method using the Feature Subset Selection

routinewithin theMachine Learning Library in C++ (Kohavi et al., 1996).
The search is terminated if the last 5 expansions see no increase of
accuracy that is more than 0.001%.

4. Experiments and results

We implemented the same procedures for Adaboost and Random
Forest. A hundred trees were built and the accuracy snapshots of each
additional ten trees were shown. Adaboost was run using C5.0 with a
default pruning of 25%. The only parameter with Random Forest is
the number of features (bands) used for each split. Following the
suggestion in the manual, this parameter was tried from 1 to 12
(square root of the number of input features) to build 10 and 20 trees.
The number that has the highest accuracy with the test set is chosen
(Table 3). In the case of using all 126 bands, this number is twelve. The
accuracy of Adaboost after 99 trials is 69.5%, a 9% increase compared to
a single C5.0 tree (60.2%). However, accuracy already reached 69% at
29 trials (Fig. 6). In the case of Random Forest, one tree produced an
accuracy of 57.1%, 3% lower than a C5.0 tree. Generating 70 or 90 trees
increased the accuracy to 68.6% which is comparable to Adaboost. The
accuracies of Random Forest and Adaboost are both higher than
conventional classifiers. With the same training and test samples, a

Fig. 5. An example showing the paths of the best-first search in a case with four bands.
Zeros and ones within the square brackets represent the absence and the presence,
respectively, of each band. Instead of exhaustively looking into all possible combina-
tions, the best-first search jumps to the most promising subset – the subset that has
achieved the highest accuracy so far, and expands on their children nodes.

Fig. 4. A hypothetical decision tree classifier with three input bands (b1, b2 and b3). At each of the root and internal nodes (splits), a statistical measure is applied. The values a, b, c
and d are thresholds for splitting. A data set is subdivided into smaller groups until the terminal nodes (leaves) which contain the class labels (A, B and C). This figure is adapted from
Fig. 1 in Friedl and Brodley (1997).
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multi-layer perceptron produced 63.7% accuracy and a Spectral Angle
Mapper is even lower, under 30%.

The selections from the OOB method under the Random Forest, and
thewrapper approachwith the best-first searchalgorithm (hereafterwe
use ‘best-first’ to represent this method) are listed in Table 4. In order to
have a comparison of the band distribution of different selection
methods, the OOB, the best-first, and the Thenkabail's subsets are
plotted in Fig. 7. The waveband regions are named following the
convention in Thenkabail et al. (2004): VIS=visible (0.450–0.750 μm);
NIR=near infrared (0.751–1.050 μm); FNIR=far near-infrared (1.051–
1.300 μm); ESWIR=early short-wave infrared (1.301–1.900 μm);
FSWIR=far short-wave infrared (1.901–2.500 μm). Thebest-firstmethod
selected 21 out of 126 bands. The OOB method in Random Forest has
ranked each feature according to their importance in accuracy. The first
25 bands are used and their scores are plotted in Fig. 7. The bands
selected by the best-first and the OOB methods have two similarities in
terms of the waveband regions. First, both have skipped almost the
entire spectral region at 0.8–1.2 μm which belongs to the NIR and the
FNIR. Second, both methods have a large number of bands located
within the SWIR, in particular the ESWIR. The best-first and the OOB
methods have selected respectively thirteen and seventeen bands from

theSWIR.Aclearconcentration is found in theESWIRwithnineof the25
OOB bands and eight of the 21 best-first bands.

Some clear differences can be found between the band distribu-
tions of the OOB and the best-first subsets and that of the Thenkabail's
subset. Thenkabail's bands are more evenly distributed and have
higher concentrations in the VIS, the NIR and the FNIR (0.4 to 1.3 μm).
The OOB and the best-first subsets, however, focus more on the ESWIR
and the FSWIR, especially between 1.3 and 1.9 μm. Previous studies
have shown that the SWIR has high correlation with water thickness
and plant moisture content (Hardisky et al., 1983; Yilmaz et al., 2008).
The importance of the SWIR for vegetation and cropland is well-
known (Thenkabail et al., 1994) and actually it was also the goal in
Thenkabail et al.'s (2004) study to explore the potential role of the
SWIR. Their results showed that FNIR bands were more effective than
SWIR bands in increasing accuracies. The importance of SWIR in our
study area is more apparent as illustrated by the results of the band
selection algorithms. It should be noted that climatic conditions in the
African savanna ecoregions are quite different from our study area due
to the latitudinal and geographical differences. For example, pre-
cipitation contrast between dry and wet seasons is high in African
savanna. Comparatively, precipitation in our study area of Belgium is

Fig. 6. Snapshots of overall accuracies at 10 trees interval for Adaboost and Random Forest using different band subsets. Their results are compared to using all the bands (Adaboost-
all and RF-all). The accuracies with only one tree are not shown in order to have a better visualization of different input scenarios.

Table 3
Accuracies for the out-of-bag estimates and the test set with five different band subsets

ALL First-Best Thenkabail RF_25 Combine_53

Trees 10 20 10 20 10 20 10 20 10 20

Split Out-
of-bag
acc.
(%)

Test
set
acc.
(%)

Out-
of-bag
acc.
(%)

Test
set
acc.
(%)

Out-
of-bag
acc.
(%)

Test
set
acc.
(%)

Out-
of-bag
acc.
(%)

Test
set
acc.
(%)

Out-
of-bag
acc.
(%)

Test
set
acc.
(%)

Out-
of-bag
acc.
(%)

Test
set
acc.
(%)

Out-
of-bag
acc.
(%)

Test
set
acc.
(%)

Out-
of-bag
acc.
(%)

Test
set
acc.
(%)

Out-
of-bag
acc.
(%)

Test
set
acc.
(%)

Out-
of-bag
acc.
(%)

Test
set
acc.
(%)

1 72.40 65.52 77.20 67.05 74.02 63.73 78.78 65.76 73.18 66.01 78.10 67.12 71.29 65.72 76.43 67.02 73.79 65.75 78.32 67.59
2 74.40 65.72 79.01 67.38 76.07 65.64 80.22 66.85 75.16 65.76 79.65 67.07 73.15 65.39 77.84 66.73 75.50 66.53 80.08 68.03
3 75.21 65.62 79.78 67.01 76.20 65.30 80.34 66.44 76.11 66.42 80.33 67.60 74.07 65.56 78.38 66.57 76.22 66.98 80.68 67.75
4 76.07 65.89 80.35 67.06 76.99 65.65 80.85 66.83 76.41 66.27 80.78 67.30 74.08 65.42 78.61 66.57 76.71 66.62 81.06 67.71
5 76.44 66.43 80.70 67.57 76.85 65.87 80.93 67.29 76.66 66.27 80.88 67.64 74.45 65.62 78.96 66.71 76.85 66.51 81.42 67.44
6 76.57 66.03 80.74 67.65 77.24 65.71 81.19 66.72 76.78 66.72 81.08 67.69 74.41 64.93 78.62 66.04 77.21 66.83 81.45 67.95
7 76.70 66.64 81.11 67.58 77.07 65.62 81.32 66.62 77.23 66.79 67.69 67.57 74.68 64.85 78.81 66.12 77.27 66.93 81.46 68.02
8 77.19 66.62 81.55 67.71 77.13 65.38 81.42 66.46 77.06 66.93 81.39 67.87 74.79 64.70 79.19 65.80 77.37 66.46 81.49 67.86
9 77.00 66.27 81.33 67.39 77.26 65.78 81.36 66.73 77.50 66.94 81.26 68.05 74.85 64.99 79.08 66.00 77.94 66.68 81.88 67.94
10 77.50 66.44 81.41 67.67 77.79 65.60 81.75 66.63 77.38 66.62 81.26 68.05 74.79 64.94 79.32 66.17 77.46 67.02 81.79 68.14
11 77.20 66.53 81.30 67.63 77.73 65.63 81.62 66.43 77.63 66.75 81.45 67.82 74.68 64.60 78.77 66.01 77.62 67.01 81.80 67.82
12 76.99 66.65 81.46 67.71 77.66 65.79 81.51 66.23 77.79 66.21 81.71 67.38 74.62 64.84 78.96 65.91 77.81 67.25 81.80 68.46

The numbers for the splitting is tried from 1 to 12 and 10 and 20 trees are built.
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constant and remains high throughout the year. These differences will
bring different phenologies and could contribute to the differences in
band selections.

We applied Adaboost and Random Forest using different feature
subsets. In the case of RandomForest, thenumberof features (bands) for
each split for the best-first subset and the Thenkabail's subset are 5 and
9, respectively (Table 3). For the OOB subset, there was a disagreement
between the results from 10 and 20 trees. An averagewas taken and the

number with the highest average accuracy rate from the test set was
chosen. The number for the split is one. The accuracies of Adaboost and
Random Forest on all different subsets are very comparable at around
68.5% (Table 5). The two worst cases are found to be Adaboost with the
OOB subset where the accuracy is 2.6% lower and Random Forest with
the best-first search subset, the accuracy is 0.8% lower. Comparatively,
Random Forest is slightly more robust than Adaboost with different
inputs because its accuracy almost does not change. Apparently, all
feature subset selection methods produce rather good results even
though the selected bands have rather different distributions.

The OOB is a data-driven method. It is like a leave-one-outmethod,
where each band is left out consecutively to check its influence on
accuracy, cleverly implemented in an ensemble scenario. It is much
faster than the best-first method which is heuristic and does not
search the entire search state, or all the combinations. The result of the
best-first is not considered optimal, or unique. However, it has a better
average accuracy over the two classifiers (Table 5).

A last experiment was performed combining all feature subsets. A
combined subset was formed with 53 bands (see its distribution in
Fig. 7). The number of split for Random Forest is found to be 12 (see
Table 3). The accuracies of Random Forest and Adaboost are 68.8% and
69.5%, respectively. Comparing to the entire set, the combined set has
attained the same accuracy with Adaboost and even a little higher
accuracy (+0.2%) with Random Forest.

Figs. 8 and 9 show the accuracy performance of different inputs at
class level for Random Forest and Adaboost. Random Forest has higher
accuracies with v, hpgh and hpgs, while Adaboost does better with hx, kj,
kl, lh, q and sc. In terms of input subsets, there is no evidence that any
feature subsets has absolute advantage over any individual classes.

Fig. 7. The distributions of selected bands from the best-first method (Best_First_21), the out-of-bag method (OOB_25) and the optimal wavebands from Thenkabail et al. (2004)
(Thenkabail_22). The scores of the 25 highest ranked features using OOB estimates are also shown.

Table 4
Selected bands from different methods

Best-first search
(21 features)

Thenkabail (2004)
(22 features)

Out-of-bag
(25 features)

Number
of
bands

Band
ID

Band centers Band
ID

Band centers Band
ID

Band centers

μm μm μm

1 5 0.497 5 0.497 2 0.452
2 7 0.528 9 0.558 4 0.482
3 9 0.558 15 0.650 19 0.711
4 14 0.635 17 0.680 20 0.725
5 15 0.650 19 0.711 21 0.740
6 18 0.695 21 0.740 22 0.756
7 19 0.711 31 0.879 24 0.786
8 55 1.244 33 0.912 25 0.801
9 66 1.448 38 0.991 63 1.405
10 67 1.462 44 1.084 64 1.420
11 70 1.504 47 1.129 65 1.434
12 74 1.558 53 1.216 66 1.448
13 77 1.597 55 1.244 67 1.462
14 78 1.610 57 1.273 71 1.517
15 89 1.747 66 1.448 74 1.558
16 94 1.806 84 1.685 82 1.661
17 100 2.047 87 1.722 87 1.722
18 108 2.188 97 1.991 96 1.972
19 112 2.257 99 2.028 97 1.991
20 118 2.356 111 2.24 109 2.205
21 119 2.372 113 2.274 110 2.223
22 116 2.323 112 2.257
23 113 2.274
24 124 2.451
25 126 2.467

Table 5
Overall accuracy of using different band subsets

Number of bands Adaboost Random Forest

All bands 126 69.5% 68.6%
Thenkabail 22 68.5% 68.6%
Best-first 21 68.6% 67.8%
Out-of-bag 25 66.9% 68.5%
Combine all subsets 53 69.5% 68.8%
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As mentioned above, Random Forest uses only a portion of the
input features for each split which makes it computationally lighter.
Fig. 10 shows the differences in time between these two algorithms. It
is based on a Pentium IV machine at 3.4 GHz. For Adaboost, 100 trees
(or with 99 boosting trials) with 126 bands takes a bit more than
35 minutes, compared to 5 minutes with Random Forest. Using 22
bands to build a hundred trees, Random Forest will take one and a half
minutes compared to almost 5 minutes with Adaboost. This difference
in computational time will grow significantly larger with higher
number of bands. Naturally, this will become important only when the
classification has to be finished in a very short period of time, as in an
emergency situation, or it has to be repeated hundreds and thousands
of times. For the application in this study, the difference in elapsed
time of the two classifiers is insignificant.

Another important criterion in the operational context, other than
accuracy and computing time, is stability. An algorithm gives stable
results implies that it is not over-sensitive to variability in reflectances

caused by bidirectional effects, solar zenith angle, or other factors
unrelated to a change of land covers (DeFries & Chan, 2000). A minor
change in the trainingdata does not alter greatly the classification result.
We assess the stability of the two ensemble classifications using the
K-error diagram (Margineantu & Dietterich, 1997) which has been
applied in classification algorithms using remotely sensed data (Chan
et al., 2001, DeFries & Chan, 2000). This diagram helps to visualize the
relationship between stability and accuracy of an algorithm. The original
training set was randomly sampled 10% ten times, creating 10 new
training sets. This resampling approximates a minor change in the
training set. A degree-of-agreement statistic K is calculated for each pair
of classifications generated from each of the 10 training sets. A scatter
plot can then be createdwith each point representing a pair of classifiers.
The x coordinates is the stability value (K) and the y coordinates is the
average accuracy of the pair of classifiers. When K=0, the agreement
of the two classifications is entirely by chance; when K=1, the pair agree
on every sample. For a stable algorithm, the plot will produce a compact

Fig. 8. Class accuracies from Random Forest using different band subsets. RF-all represents the accuracies with all the 126 bands.

Fig. 9. Class accuracies from Adaboost using different band subsets. Adaboost-all represents the accuracies with all the 126 bands.
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cloud with similar values close to 1. If on a contrary the values of K are
spread out and farther away from the value 1, the algorithm is considered
less stable. Since the formula of the K statistic is quitewell-knownwithin
the remote sensing communities, we do not repeat here. Instead the
reader is referred to Margineantu and Dietterich (1997) or DeFries and
Chan (2000). Only to note that the conventional use of the kappa values
in accuracy assessment is to compare the classification result with the
groundtruth labels. For the purpose of stability assessment, it compares
theresults fromeachpairof theclassifiers. From10 trainingsets, a total of
10C2=45 pair values are created.We have plotted the K-error diagram for
each of the five input scenarios for both Random Forest and Adaboost
(Fig. 11). In all input scenarios, the K values (internal agreements) of
Random Forest are higher than those of Adaboost. This shows that the
former is a more stable algorithm. The coefficient of variation (c.v.) is
given for each plot tomeasure the degree of variation for each spread. In
all scenarios except the best-first subset, Adaboost has a higher c.v. value
than Random Forest, though the differences are small. In terms of
stability, Random Forest has outperformed Adaboost.

In summary, both Adaboost and Random Forest are powerful
learning algorithms. Though Adaboost has marginally higher accuracy
(b1%) when using all the bands, it is slightly less robust to different

feature subsets as compared to Random Forest. The latter is also more
stable and cheaper in terms of running time. All of the subsets worked
well. Comparable accuracies are obtained using roughly 17% (21 bands)
to 20% (25 bands) of the original feature set. Selections from the two
band selection methods, the OOB and the best-first, agree on the im-
portance of the SWIR, especially the ESWIR. The combination of dif-
ferent subset selection results has produced the best accuracies.
However, it should be noted that, like bagging, Adaboost is only an
algorithm to change the training set. It is not equippedwith the features
used in Random Forest such as the random feature subset for splitting
and theOOB estimates. Both features in theory can also be implemented
with Adaboost. Hence, a direct comparison between Adaboost and
Random Forest should be handled with care.

5. Applicability of hyperspectral data for ecotope mapping

To date, most ecotope mapping tasks are done manually. This
survey-driven approach is labor-intensive and time-consuming. If the
task can be partially replaced by automated procedure using remote
sensing methods, it will save a lot of resources. A classification of the
Biological Valuation Map based on the Adaboost classifier is shown in

Fig. 10. A comparison of computing burden between Adaboost and Random Forest using 126 and 22 bands.

Fig. 11. K-error diagram for all different input subsets with Adaboost and Random Forest (RF). Coefficient of variation (c.v.) for each band subset is shown in the legend.
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Fig. 12. In this section, we discuss the possibility of utilizing hyper-
spectral data for ecotope mapping by analyzing the confusion matrix.
We will focus on the confusion matrix of Adaboost using all the bands
(Table 6) which gives the highest overall accuracy at 69.5%.

5.1. Grasslands and arable land

Even though some classes are poorly separated, it is observed that
some regrouping or merging of classes will immediately improve the
applicability of the method. It is clear that arable land (b) and grass
monocultures (hx) can be distinguished at high accuracies and that both
differ clearly from the permanent grasslands group (hp–hpv–hpgs–
hpgh). Though there are special interests in separating the permanent
grasslands group into more specific subgroups, our results suggest that
this will be rather difficult even with hyperspectral data. The major
confusions within the group can be attributed to the class descriptions
that are bydefinition rathermixed. Forexample, a lot of the semi-natural
grassland (hpgh) pixels are assigned to species rich improved grasslands
(hpgs) which is actually a transitional class between species poor im-
proved grassland (hp) and hpgh. A land parcel labeled as hpgs can in fact
consist of different proportion of hpgs, hpgh and hp. Furthermore, hpv
are grasslands with scattered nature values and within the study area
most of these grasslands are in fact a mosaic of hp and hpgs. Apparently,
they can not be separated. However, it would be already a valuable
application if we could producemaps representing three classes: arable
land (b), grass monocultures (hx) and permanent grassland (hp–hpv–
hpgs–hpgh). This is important for environmental policies as there are
some legislation rules concerning permanent grasslands (Wils &
Paelinckx, 2004). The remote sensing techniques can be used to reduce
the amount of field work to search and map these grasslands.

5.2. Tree classes

The results for deciduous forests (f and q class, respectively do-
minated by beech and oak) and for poplar and conifer plantations are
promising (Table 6). Also the accuracy for plantations of other deciduous
trees (gml) is not bad. In all cases it is possible that the degree of accuracy
is even higher because:

– Within the class of deciduous forests dominated by beech (f), most
“misclassifications” are assigned to the class of deciduous forests
dominated by oak (q) and vice versa. In fact the BVM legends f and
q reflect the dominant tree species, so it is possible that beech
occurs in an oak forests and vice versa.

– In the case of the class poplar plantation (lh), there is a high
commission error of lh to q. In reality, oak trees (q) can occur in
poplar plantation (lh). In such cases, this is not an error.

– For the class of plantations of deciduous tree species other than
beech, oak, alder and poplar (gml), there is a large amount of
misclassification to poplar plantation (lh) indicating real misclas-
sifications. However, the misclassification of gml to oak trees (q)
might in fact be oak trees within gml.

The reached accuracy to distinguish scrubs (sc) from other eco-
topes, and even to distinguish them from thorn tickets (sp) is pro-
mising. The accuracies for orchards kj and kl are good. Interestingly,
almost all “misclassifications” for the tall tree orchard (kj) are within
the class species rich improved grasslands (hpgs). This could be ex-
plained by the fact that the legend unit kj of the BVM represents a tree
coverage ranging from 20% to 100% and within the study area many of
these orchards have a hpgs vegetation underneath the trees.

Fig. 12. On the left is the ground truth image of the Biological Valuation Map. On the right is the Biological Valuation Map classification based on airborne hyperspectral data using 99
trials of Adaboost with 21 bands selected by the best-first search method. The black areas represent unclassified land covers that have been masked out.
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The accuracy of the woodland of alluvial soil, fens and bogs (v) is
poor at only 37% with Adaboost, but it is much higher with Random
Forest at 60% (compare Figs. 8 and 9). This higher accuracy with
Random Forest, though, implies tradeoffs in other classes. The reason
for the low accuracy of this class with Adaboost is related to the
algorithmic formation of C5.0 rather than the ineffectiveness of the
spectral information. More training pixels from more test sites might
improve the accuracy of class v. Nevertheless, as most misclassifica-
tions of v are placed in the classes of poplar (lh) and oak (q), these can
be also due to the fact that the dominant tree species (Alnus) are
shadowed by taller poplar and oak trees. The mixed nature of these
ecotopes makes them a challenge to classify.

6. Conclusions

In this study, we assess the utility of two tree-based ensemble
classifiers, Adaboost andRandomForest, for the classificationof detailed
ecotopes using hyperspectral data. Two feature subset selection
algorithms are also examined, together with the optimal wavebands
suggested in Thenkabail et al. (2004). Our evaluation criteria include
accuracy assessment, training time and also stability. In terms of accu-
racy performance, Random Forest and Adaboost are almost the same
and bothhave outperformed a neural network classifier. Training time is
shorter for Random Forest which is expected because it used only a
random subset for each split and applied no pruning. Random Forest
generated comparatively more stable results with higher internal
agreements as shown by the K-diagram plots. When provided with
different feature subsets, Random Forest is more robust than Adaboost,
though the differences are considered marginal. The highest overall
accuracy, nevertheless, is obtained from Adaboost. Due to relatively few
requirements forparameter settings, both algorithmsare easy touse and
their results are highly reproducible. We note that direct comparison
between these two classifiers needs to be careful as some features such
as the random feature subset andOOB strategy can also be implemented
with Adaboost. This study concludes that both classifiers are efficient in
handling hyperspectral data and either of them can be a good choice for
our application.

Both feature selection routines, the best-first search and the out-
of-bag ranking index under Random Forest, are successful in
identifying substantially smaller band subsets that attained almost
the same accuracy as all the bands. Thenkabail's bands worked equally
well. The use of a smaller feature set significantly reduces computing
time. This is more beneficial to Adaboost since Random Forest has

already rather light computing burden. One interesting finding is the
concentration of the selected bands, for both methods, in the early
shortwave infrared region (1.3–1.9 μm), and both have excluded pre-
sumably important wavebands at the near infrared and far infrared
regions between 0.5 and 1.3 μm. These results signal the importance of
SWIR for ecotope classification. However, more studies are needed for
more conclusive statements. The feature set which combined three
individually derived feature subsets with 53 bands have produced the
best accuracy. This supports the idea of using a basket of feature
selection methods, instead of just one.

Though the best overall accuracy of the 16 ecotopes is only 69.5%,
individual classes have much higher accuracies. Arable land (b) and
grass monocultures (hx) have over 90% accuracies. Five out of the ten
tree classes have attained accuracies over 80%. The mixed natural
of some grassland classes, however, have made separation impossible.
An adaptation of the classification scheme to create a class of
“permanent grassland”would enhance the applicability of the remote
sensing method.
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ABSTRACT
This article presents a method for acquiring habitat maps,
intended for monitoring and evaluating the conservation
status of heathland vegetation, starting from thematic
land cover maps. The procedure is a modified kernel-
based reclassification technique, that fits into a complete
habitat quality assessment framework. Part one of the
procedure shifts a small square kernel over the land cover
map and assigns a habitat type to each position that com-
plies with a single set of expert rules, related to the land
cover composition in that position. Part two fills the gaps,
by assigning a habitat type to any of the map positions
that don’t conform to any of the rules, or to more than
one set of rules, by using a distance measure. The tech-
nique is tested on real data from a heathland site and
shows some promising results.

Index Terms— Remote sensing, Image classification,
Vegetation mapping, Environmental factors

1. INTRODUCTION

Habitat loss and deterioration are two major causes of the
global biodiversity crisis. The European Commission is com-
mitted to halt biodiversity loss in Europe, and created the
Natura 2000 network [1], an ecological network consisting of
thousands of protected sites that hold rare or threatened habi-
tats and species. Furthermore, member states are required to
monitor and regularly report on the conservation status of the
Natura 2000 sites, habitats and species, in order to keep track
of the trends and take conservation measures whenever ap-
propriate.

To date, field inventories and visual interpretation of
aerial images are common techniques in habitat monitor-
ing, but these are costly, time consuming and inter-surveyor
errors are an issue. Remote sensing has been recognized
as a powerful, innovative tool to aid in habitat monitoring.
Unfortunately, very few readily applicable procedures have
been developed so far [2],[3], probably because habitats are
mostly not homogeneous vegetation patches of a single or a

few dominant species. Instead, they show a high variety in
facies at different scale levels. At a large scale, the facies of
the same habitat may differ between regions as a result of
climatic or soil conditions. But also at a very fine scale, most
habitats are in fact intricate mixtures of different land cover
types.

To assess this gap, a framework has been developed to
deal with the complete trajectory, from breaking down habi-
tats into land cover types, to reconstructing the habitat types
and their conservation status from classification results. This
framework has been developed for Western European heath-
lands and is part of a Belgian multidisciplinary project on
habitat status monitoring [4]. Strategies for classification of
the various land cover types have been described in [5, 6].
This work starts from thematic maps of the land cover types,
and concentrates on the construction of habitat maps, using a
modified kernel-based reclassification technique [7].

Section 2 provides an overview of the framework. Section
3 takes a closer look at the applied kernel-based reclassifica-
tion technique. Experiments and results are shown in section
4. Finally, section 5 summarizes and presents the conclusions,
as well as an outlook for the future.

2. FRAMEWORK

Figure 1 illustrates the full trajectory of the habitat quality as-
sessment framework. In the first step, the Natura 2000 habi-
tats have been translated into land cover types through a hi-
erarchical classification scheme with 4 levels of detail. The
first level comprises only 6 classes: heathland, grassland, for-
est, sand dunes, water bodies, and arable fields. Level 2 and
3 mostly determine specific habitat types of the Natura 2000
program, containing 11 and 17 classes respectively. Level
4 comprises 24 classes, focusing on vegetation structural el-
ements that determine the conservation status of the habitat
types.

The second step involves land cover classification. The
unique way in which the data have been subdivided offers the
freedom of classifying on a per-level basis, but also allows us
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Fig. 1. Habitat quality assessment framework

to classify hierarchically, one level after another. In addition,
in search for obtaining more readily interpretable vegetation
maps, including textural/contextual features in the classifica-
tion process has been an important consideration, for instance
by modelling the dependencies between neighbouring pixels
as Markov Random Fields [5, 6].

The third step, after the classification, is the rule-based
translation of the classification results back into habitats. In
the fourth and final step, the quality for each of the recon-
structed habitats is determined, by combining the habitat map
with the level 4 classification result, leading to the desired
quality measure. The main focus of this paper, is step three,
the rule-based translation.

3. RECLASSIFICATION

For the step in which the habitat types are reconstructed from
the classification result, a method based on Kernel-based re-
classification was used [7]. In Kernel-based reclassification,
a simple convolution kernel is moved across the land cover
image. In [7], a small square kernel generates, for every lo-
cation, an adjacency matrix that accounts for the frequency
of every label in the kernel window, and, additionally, for
the spatial arrangement of these labels. The reclassification
is then performed by comparing each of the adjacency matri-
ces to a set of template matrices, derived from representative
sample areas. This method is referred to as SPARK (SPAtial
Reclassification Kernel).

In our case, for determining the habitat map from a the-
matic map of land cover types, a set of rules was constructed.
These rules link the frequency composition of land cover
classes within a certain kernel area to a corresponding habitat
type for the point in the centre of this kernel area. An exam-
ple of such a set of rules for Northern Atlantic wet heaths is

given in Table 1. As can be seen in the table, the rules do not
take into account variations of the spatial arrangement of the
various land cover types within a kernel window, but only the
frequency with which the class labels occur. Consequently,
there is no need for an adjacency matrix, as used in SPARK,
because a class label frequency vector suffices.

Table 1. Rules for Northern Atlantic wet heaths with Erica
tetralix

Criteria/range
Minimum area 50m2

Wet heathland 10− 100%
Grass-encroached

0− 90%heathland
Dry heathland 0− 20%

Forest 0− 30%
Shallow, vegetated,

0− 30%oligotrophic water bodies
Sand dune 0− 30%

Wet + Grass-encroached
80− 100%+ Dry heathland

Grass-encroached
0− 90%+ Dry heathland

However, these rules, when applied in the field, are used
with a variable kernel, both in size and in shape. Conse-
quently, when using the same methods on a fixed-size ker-
nel, certain points may be mapped to multiple habitat types,
or may not be mapped to any habitat type at all. To circum-
vent this problem, the reclassification step is subdivided in
two parts. The first part applies the rules for each habitat type
on the thematic land cover map. As said, some locations may
be mapped to multiple habitat types, while for others, none
of the rules may apply. Only the points to which one, and

375



(a) Part of Kalmthoutse Heide study area (b) Level 3 land cover map

  

 Calluna-dominated heathland 

 Erica-dominated heathland 

 Molinia-dominated heathland 

 Permanent grassland with semi-natural vegetation 

 Juncus effusus-dominated grassland 

 Pine forest 

 Birch forest 

 Oak forest 

 Bare sand 

 Sand dune with grasses as important fixators 

 Sand dune with mosses as dominating fixators 

 Shallow, vegetated oligotrophic water body 

 Unvegetated oligotrophic water 

(c) Habitat map using rules only (d) Habitat map using distance measure

 Unclassified 

 Coniferous forest 

 Deciduous forest 

 Mixed forest 

 Northern Atlantic wet heaths with Erica tetralix 

 Dry sand heaths/European dry heaths 

 Inland dunes 

 Natural dystrophic lakes and ponds 

 Species-rich Nardus grassland 

 Overlap 

Fig. 2. Example habitat map

only one, habitat type was assigned, are retained. In the sec-
ond part of the reclassification step, these points are used to
construct mean class label frequency vectors, one for each
habitat type. Finally, a minimum distance classifier, using a
euclidean distance, is applied to assign a single habitat type
to every point of the map that was not yet labelled during the
rule-based step.

4. EXPERIMENTS

For the heathland area of ‘Kalmthoutse Heide’ in Belgium,
airborne hyperspectral data were obtained in June 2007 with
an AHS sensor with a ground resolution of approximately
2.5m. The range of 450nm-2550nm is covered by 63 spec-
tral bands. During that same period, ground reference data
were collected in homogeneous plots of 10 meters diame-
ter. The vegetation data of the sampled plots, approximately
1200 in total, were analysed and plots were grouped in the 4
level classification scheme. For validating the resulting habi-
tat maps, 586 additional plots were collected independently
in 2009, following a stratified random sampling design and
providing information on the habitat type.

Figure 2(a) shows a 400 × 400 pixels example part of
the study area of kalmthoutse Heide. The level 3 land cover
thematic map has been obtained using a Linear Discriminant
Analysis (LDA) classifier and a Markov Random Field ap-
proach, and is shown in figure 2(b). Figure 2(c) is the habi-
tat map obtained from only the first, rule-based, part of the
reclassification technique, applied on the level 3 land cover
thematic map, using a 3× 3 kernel. Finally, figure 2(d), is the
result of the second step of the reclassification approach, fill-
ing the gaps left open by the first step by using the minimum
distance classifier.

Producer accuracies (PA) and user accuracies (UA) for the
habitat maps, both after part one and part two of the reclas-
sification technique, are given in table 2. Filling up the gaps,
left over by the first part, increases the overall accuracy from
38.04% (Kappa Coefficient 0.3205) to 63.77% (Kappa Coef-
ficient 0.5590). All the producer accuracies increase after the
second part, because quite a number of the validation plots
remained completely unclassified after the first part. Further-
more, with a few exceptions, the user accuracies do not de-
crease by much. The exceptionally low UA of the “Mixed
forest” habitat type after part one, indicates already that the
PA will not increase by much during part two. Consequently,
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Table 2. Producer accuracies (PA) and user accuracies (UA) for habitat maps created during both parts of the reclassification
procedure

Part 1 Part 2
Habitat type PA UA PA UA

Coniferous forest 74.25% 73.20% 75.56% 72.70%
Deciduous forest 49.87% 53.24% 52.37% 52.54%

Mixed forest 6.77% 30.31% 8.66% 30.30%
Wet heaths 51.54% 65.34% 79.41% 47.44%
Dry heaths 38.04% 85.27% 49.56% 73.76%

Inland dunes 4.11% 86.82% 72.08% 95.22%
Lakes and ponds 82.14% 57.44% 89.71% 35.95%

Grassland 12.72% 62.72% 23.84% 31.15%

a revision of the rules for the “Mixed forest” type are in place.

5. CONCLUSIONS AND FUTURE WORK

A method for acquiring habitat maps was introduced, based
on a kernel-based reclassification technique, and starting from
thematic land cover maps. The resulting habitat maps are in-
tended to be used together with additional thematic maps that
provide more detailed information on the land cover types, in
order to determine a quality measure for each of the habitats.
While the first part of the reclassification method uses expert
rules to try and determine a habitat type for each location, the
second part uses a distance measure to label the areas that do
not conform to any of the rules, or, alternatively, for which
multiple habitat types are possible. The method was tested on
real heathland data. The results show that the second part of
the method drastically increases the accuracy of the resulting
habitat maps.

However, there is still room for improvement. To increase
the accuracy, the rules should be revised, but also alternatives
for the applied distance measure should be considered. Fur-
thermore, a comparison should be made with other general
approaches for evaluation purposes. For instance, the option
of combining step three and four of the habitat quality assess-
ment framework, by determining the habitats and their quality
in one step, should be investigated.
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P. Scheunders, and P. Kempeneers, “Hyperspectral re-
mote sensing for detailed heathland habitat assessment in
the framework of natura 2000,” Preprint, 2010.

[5] G. Thoonen, J. Vanden Borre, S. De Backer, and P. Sche-
unders, “Assessing the quality of heathland vegetation by
classification of hyperspectral data using spatial informa-
tion,” in proceedings of IEEE Geoscience and Remote
Sensing Symposium (IGARSS), July 2009.

[6] G. Thoonen, J. Vanden Borre, T. Spanhove, and S. Sche-
unders, “Mapping heathland vegetation in a hierarchical
classifcation framework,” Preprint, 2010.

[7] M.J. Barnsely and S.L. Barr, “Inferring urban land use
from satellite sensor images using kernel-based spatial
re-classification,” Photogrammetric Engineering and Re-
mote Sensing, vol. 62, no. 8, pp. 949–958, August 1996.

377



 

Annex C.27. Haest, B., Thoonen, G., Vanden Borre, J., Spanhove, T., Delalieux, S., Bertels, 

L., Kooistra, L., Scheunders, P. (2010). An object-based approach to quantity and quality 

assessment of heathland habitats in the framework of natura 2000 using hyperspectral airborne 

ahs images. Proceedings of the GEOBIA conference, Ghent, Belgium. 
  

378



* Corresponding author 
 

AN OBJECT-BASED APPROACH TO QUANTITY AND QUALITY ASSESSMENT OF 
HEATHLAND HABITATS IN THE FRAMEWORK OF NATURA 2000 USING 

HYPERSPECTRAL AIRBORNE AHS IMAGES 
 
 
B. Haest a,* , G. Thoonen b, J. Vanden Borre c, T. Spanhove c, S. Delalieux a, L. Bertels a, L. Kooistrad, C.A. Mücher d, P. Scheunders b 

 
a VITO, Flemish Institute for Technological Research, Boeretang 200, B-2400, Mol, Belgium – (birgen.haest, 

stephanie.delalieux, luc.bertels)@vito.be 
b IBBT-Visielab, University of Antwerp, Universiteitsplein 1, B-2610, Wilrijk, Belgium – (guy.thoonen, 

paul.scheunders)@ua.ac.be 
c INBO, Research Institute for Nature and Forest, Kliniekstraat 25, B-1070, Brussels, Belgium – (toon.spanhove, 

jeroen.vandenborre)@inbo.be 
d WU-CGI, Wageningen University – Centre for Geo-Information, Droevendaalsesteeg 3, 6708 PB, Wageningen, The 

Netherlands – (lammert.kooistra, sander.mucher)@wur.nl 
 

 
KEY WORDS:  Vegetation, Hyper spectral, Application, Classification, Ecosystem, Landscape, Object, Contextual 
 
 
ABSTRACT: 
 
Straightforward mapping of detailed heathland habitat patches and their quality using remote sensing is hampered by (1) the intrinsic 
property of a high heterogeneity in habitat species composition (i.e. high intra-variability), and (2) the occurrence of the same species 
in multiple habitat types (i.e. low inter-variability). Mapping accuracy of detailed habitat objects can however be improved by using 
an advanced approach that specifically takes into account and exploits these inherent patch characteristics. To demonstrate the idea, 
we developed and applied a multi-step mapping framework on a protected semi-natural heathland area in the north of Belgium. The 
method consecutively consists of (1) a 4-level hierarchical land cover classification of hyperspectral airborne AHS image data, and 
(2) a kernel-based structural re-classification algorithm in combination with habitat patch object composition definitions. Detailed 
land cover composition data were collected in 1325 field plots. Multi-variate analysis (Ward’s clustering; TWINSPAN) of these data 
led to the design of meaningful land cover classes in a dedicated classification scheme. Subsequently, the data were used as reference 
for the classification of hyperspectral AHS image data. Linear Discriminant Analysis in combination with Sequential-Floating-
Forward-Selection (SFFS-LDA) was applied to classify the hyperspectral images. Classification accuracies of these maps are in the 
order of 74-93% (Kappa= 0.81-0.92) depending on the classification detail. To subsequently obtain habitat patch (object) maps, the 
land cover classifications were used as input for a kernel-based spatial re-classification process, in combination with a rule-set that 
relates specific Natura 2000 habitats with a composition range of the land cover classes. The resulting habitat patch maps illustrate 
the methodology’s potential for detailed heathland habitat characterization using hyperspectral image data, and hence contribute to 
the improved mapping and understanding of heathland habitat, essential for the EU member states reporting obligations under the 
Habitats Directive.  
 
 

1. INTRODUCTION 

Human activities such as urbanization, industrialization and 
successive agricultural revolutions cause rates of habitat 
destruction and species loss to continue to rise. As a result, 
conserving biodiversity has become imperative during the last 
decades, and conservation action is increasing globally as the 
scale of the threat to biodiversity is more widely recognized 
(Pullin et al., 2004). 
In Europe, the most important standards for biodiversity 
protection are the Habitats Directive (92/43/EEC) (HabDir) and 
the Birds Directive (79/409/EEC), which form the legal basis of 
the Natura 2000 network. Among the various commitments 
imposed by these legal initiatives on EU member states, are (1) 
the design of accurate, simple and repeatable methods for 
habitat and species monitoring and surveillance; and (2) the 
reporting on the 'conservation status' of the habitats present in 
the member state. In practice, these commitments imply that 
every 6 years all EU member states are obliged to report on the 
conservation status of the protected habitats, and the 
methodology applied for the assessment (Förster et al., 2008). 
The conservation status of the habitats has to be assessed in 
terms of the range, the covered area, and the overall quality as 
expressed by the structure and ecological functioning of the 

habitat. These assessments require detailed, reliable and up-to-
date habitat distribution maps, stretching further than merely 
attributing a given vegetation patch to a habitat type, but also 
giving indications on its quality. The first implementations of 
the directive by member states however revealed a great lack of 
knowledge on habitat distribution in many member states 
(Evans, 2006). An easily operated, economically priced and as 
far as possible automated application is hence desired to meet 
these high data needs. 
As remote sensing products can provide a systematic, synoptic 
view of the earth cover at regular time intervals, they have been 
repeatedly indicated as a possibly useful tool to aid in the 
mapping and monitoring of habitat types and biodiversity 
(Förster et al., 2008; Nagendra et al., 2008). Most efforts have 
however been directed at providing data at larger patch- and 
landscape-scales using multispectral satellite imagery, such as 
Landsat ETM+ or Quickbird data. Whereas the scale of such 
analysis may be very valuable for the studies of human drivers 
of land cover change or coarse habitat mapping at a global or 
national scale, its application in the field of detailed biodiversity 
or habitat mapping (scales 0.01-0.1 ha) is rather limited and 
tends to be less effective due to errors related to terrain 
shadowing, geo-locational discrepancies, and other factors 
(Carlson et al., 2007; Díaz Varela et al., 2008; Nagendra et al., 
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2008). Hyperspectral data (15-200 bands), with the ability to 
collect information at a high spectral resolution using 
contiguous spectral bands, each with a narrow spectral range, 
are known to be capable of fairly accurate identification of 
different species (Carlson et al., 2007). Clark et al. (2005) for 
example have shown that variability in hyperspectral 
information can be used to great effect for discriminating tree 
species in landscapes including tropical forests, despite the 
greater complexity of such environments. Notwithstanding the 
potential of hyperspectral imagery for habitat and diversity 
studies, its use in this research domain is rather limited 
(Nagendra et al., 2008).  
Our objective is to demonstrate the potential of hyperspectral 
remote sensing in combination with advanced image analysis 
techniques to map and discern detailed (even ≤ 0.1 ha) 
heathland habitat patch objects and valuable quality-indicating 
characteristics. By doing so, we contribute to making remote 
sensing more relevant for applied ecology, and provide a remote 
sensing framework with possible use for the legislative 
reporting obligations of each EU member state under the 
Habitats Directive.  
 

2. MATERIALS AND METHODS 

2.1 Study area 

The study area, the Kalmthoutse heide (Figure 1), has been 
designated by the Flemish authorities as a part of the Natura 
2000 network since 1996, and is located in the north of Belgium 
(Lat.: 51.41°, Long.: 04.37°). Its central heathland area is almost 
a 1000 ha in size and contains a mixture of wet and dry heath, 
inland sand dunes and water bodies (De Blust & Slootmaekers, 
1997). An overview of the Natura 2000 habitat types that are 
well-represented in the area is given in Table 1. 
Despite its protected status, and due to its location in the 
vicinity of the city and the harbour of Antwerp, the area is still 
affected by anthropogenic influences such as eutrophication, 
intense recreation and desiccation (through drinking water 
extraction). Nitrogen deposition from the sky accelerates dune 
fixation by the alien invasive moss species Campylopus 
introflexus, and leads to an increased dominance of Molinia 
caerulea (purple moorgrass) in wet and dry heaths, at the 
expense of the former species diversity. In recent years, some 
intensive and uncontrolled fires have destroyed nearly one-third 
of the area’s heaths, which were subsequently rapidly colonized 
by Molinia caerulea. To counteract negative influences, 
dedicated management has been implemented since the 1970s. 
Measures include mainly grazing with sheep and cows, sod-

 
Figure 1. Figure 1. Location and illustration of the study area 

'Kalmthoutse Heide' in the north of Belgium. 

cutting, mowing and tree removal, to keep the heathland open 
and in good condition (De Blust & Slootmaekers, 1997; De 
Blust, 2007). The resulting large spatial heterogeneity of habitat 
types (and quality) makes the area specifically suitable to 
demonstrate the potential of the proposed methodology. 
 

2.2  Ground reference data 

Two extensive and independent field reference data sets were 
acquired in June-September 2007 (period of image acquisition), 
and June-September 2009 respectively.  
During the field campaign of 2007, sample plots were selected 
in the field as circles of 10 m diameter that represented 
homogeneous examples of one of the predefined land cover 
classes. Centre points of plot circles were located using GPS. To 
ensure adequate description of vegetation composition and 
structure in the sample plot, data collection was based on the 
BioHab-methodology (Bunce et al., 2008), and included cover 
of plant life forms and dominant species, as well as 
environmental and management qualifiers. Cover was always 
estimated as seen from above, thus adding up to 100%, to 
resemble  a sensor’s viewpoint. Some plant species were split 
up into multiple land covers, and recorded separately to provide 
data on quality indicators (e.g. Calluna vulgaris development 
phases: young, mature, old, and mixed). In 2007, samples were 
collected at a total of 694 plots, to which an extra 146 plots 
were added that were collected in the same area in 2006. 
Additionally, sample plots of easily recognizable classes were 
taken from orthophoto-interpretation, supported by expert 
terrain knowledge. This specifically provided additional 
samples for bare sand, arable fields, agricultural grasslands, 
Juncus effusus-swards and unvegetated water bodies, raising the 
total sample size in the ground reference (land cover training) 
dataset to 1325 plots.  
To enable independent validation of the habitat map results, an 
additional field campaign was performed in 2009. A 
thematically and geometrically stratified random sampling 
survey (586 plots) was set out to directly collect habitat 
information, in contrast to the detailed land cover survey of 
2007. Although there is a two-year time gap between both 
surveys, the habitat patches present are expected to not have 
changed drastically over this period, and areas that clearly had 
changed since 2007 were omitted from the sample. Possible 
additional errors in the validation accuracies are therefore 
thought to be of minor influence. The field surveys were 
performed by two different people to enhance the independency 
of the data sets.  

HabDir  
code Habitat type 

2310 Dry sand heaths with Calluna and Genista 

2330 Inland dunes with open Corynephorus and Agrostis 
grasslands 

4010 Northern Atlantic wet heaths with Erica tetralix 

4030 European dry heaths 

6230 Species-rich Nardus grassland 

7150 Depressions on peat substrates of the 
Rhynchosporion 

3160 Natural dystrophic lakes and ponds 

9190 Old acidophilous oak woods with Quercus robur 
on sandy plains 

Table 1. Natura 2000 habitat types present in  
the 'Kalmthoutse heide' study area 

380



 
 

The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Vol. XXXVIII-4/C7 

2.3 Hyperspectral image data 

In June 2007, Airborne Hyperspectral line-Scanner radiometer 
(AHS-160) images of the Kalmthoutse Heide study area were 
acquired. The AHS sensor was mounted on a CASA C-212 
airplane operated by INTA, equipped with 63 spectral bands in 
the visual and near-infrared spectral domain (400 to 2500 nm). 
The images, acquired with a spatial resolution of 2.4 by 2.4m, 
were radiometrically calibrated and accurately geo-referenced. 
Geometric and atmospheric correction were performed using 
VITO’s in-house Central Data Processing Center (CDPC) 
(Biesemans et al., 2007). Subsequently, all 6 image products 
were mosaicked into a nearly seamless data product. To do so, 
atmospheric influence on reflectance values caused by off-nadir 
viewing was minimized by using data from the image with the 
smallest View Zenith Angle (VZA) in overlapping areas. 
 
2.4 Methodological framework 

Based on the inherent properties of (semi-)natural heathland 
habitats and of hyperspectral image data, we developed a 
methodological framework that enables (semi-)operational 
habitat quantity and quality mapping at the patch level. In 
summary, the method consists of breaking down habitats into a 
number of (hierarchical) land cover classes that 1) are expected 
to be spectrally distinct; 2) incorporate parameters that can 
serve for habitat quality assessment; and 3) enable the 
subsequent reconstruction to habitats using patch composition. 
In a two-step process, the hyperspectral data are first classified 
using field data as training, and subsequently the obtained land 
cover classification maps are transformed to habitat (quality) 
patch maps by means of a spatial kernel-based re-classification 
technique in combination with a habitat reconstruction rule-set. 
Figure 2 gives a schematic overview of the proposed 
methodology. In the following sections, each separate step in 
the methodology is explained in detail. 
 
2.5 Design of a dedicated classification scheme 

In most cases, the observed land cover pattern in a habitat patch 
(presence/absence, relative abundance) is a result of processes 
acting on the habitat patch, and therefore reveals information 
that can be used to assess the quality of that patch. While some 
land cover types indicate a good habitat quality, others indicate 
processes that negatively affect habitat quality. Several member 
states have made use of this inherent complexity of habitats to 
draw up evaluation frameworks for the assessment of quality of 
habitat patches (e.g. T’jollyn et al., 2009). For habitat type 2310 
for example (Table 1), positive quality indicators are the 
presence of bare sand and patches of mosses and lichens, 
whereas encroachment by grasses (especially purple moorgrass, 
Molinia caerulea), trees and the invasive Campylopus moss are 

negative quality indicators. 
In order to raise the chances of successful habitat mapping and 
quality information extraction from hyperspectral remote 
sensing data, the classification scheme should comprise of 
classes that are delimited based on attributes that strongly 
influence the spectral signature. Plant architecture, above-
ground biomass and dominant species are such attributes. 
Therefore, the list of habitats present in the study area (Table 1) 
was translated into a list of land cover classes, which can be 
interpreted as spatial units of homogeneous vertical structure 
and plant species dominance. Once the image is classified, these 
classes can then be translated back into Natura 2000 habitats, by 
making use of the spatial arrangements of classes in the image 
to facilitate this back-translation and to incorporate information 
on habitat quality.  
In a first step, a provisional list of expected land cover classes 
was drawn up from the list of habitats present. Habitat 
definitions (European Commission, 2007; amongst others) and 
quality indicators (T’jollyn et al., 2009) served as input for this 
translation. Focus was put on quality indicators that relate to 
vegetation patterns and processes in the habitat, and not to 
species composition, because the latter relies on the presence of 
typical but usually rare (and often small) plant species that 
hardly influence the spectral signature. In a second step after the 
field work, the collected data were analysed using two 
contrasting techniques of multivariate analysis: (1) TWINSPAN 
(a divisive method; Hill and Smilauer, 2005) and (2) Ward’s 
clustering with Euclidean distance measure (an agglomerative 
method; McCune and Mefford, 2006). For each plot, the cover 
(in %) of the plant life forms as well as of the dominant species 
(i.e. all species having 10% or more cover in the vegetation) 
were used as input variables, thus restricting the analysis to 
those parameters that are hypothesized to show the highest 
correlation to the spectral signatures. The outcome of both 
methods was compared and clear outliers were removed from 
the dataset, to assure that remaining clusters were homogeneous 
in sample composition. Each of the retained clusters was 
consequently interpreted and identified with a land cover class 
from the provisional list. Some of these predefined classes 
turned out not to be present in the study area in sufficient 
amount or in sufficiently large patches and were removed from 
the list (e.g. Rhynchosporion vegetations). Others were slightly 
adapted to better correspond to the field situation. This led to a 
final list of land cover classes (Figure 3d). In a final step, the 
land cover classes were manually arranged in a 4-level 
hierarchical classification system, based on similarity of plant 
life forms or dominant species present.  
 
2.6 Detailed land cover classification 

The land cover classifications were performed using one-
against-one majority-voting Linear Discriminant Analysis 

Figure 2. Flowchart of the proposed methodology for habitat patch quantity and quality mapping 
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(LDA) in combination with Sequential-Floating-Forward-
Search (SFFS) band selection algorithm. With this 
methodology, the complexity of the multi-class assignment 
problem is circumvented by combining several binary LDA 
classifiers. The one-against-one approach implies that for each 
pixel spectrum all possible pairs of output classes are compared, 
resulting in C(C-1)/2 classifiers. The finally assigned land cover 
class is then decided through a maximum-voting decision rule. 
The Sequential-Floating-Forward-Search band selection 
technique was used to extract the band combination that leads to 
the highest accuracies. In short, the technique sequentially adds 
one additional band at each step, but additionally one or more 
backward steps are taken to remove a previously selected 
variable to see if the separability measure can be increased at 
that level (Pudil et al., 1994). One of its main advantages over 
other feature selection or extraction techniques is that it 
optimizes the selection to the problem at hand, instead of 
merely reducing the computational complexity or feature space. 
This classification approach has proven to be robust for 
classification of hyperspectral data in previous vegetation 
studies (Deronde et al., 2008; Kempeneers et al., 2005). 
The results of the land cover classifications are discussed in 
section 3.1, albeit briefly as they are not the focus of this study. 
 
2.7 Rule-set for habitat compositions of land cover classes 

The classification scheme was designed in such a way that the 
list of habitats present in the study area is translated into a list of 
land cover classes that can be classified using the spectral 
signatures. These land cover classes can conversely be 
interpreted as spatial units which can serve to build up a map of 
Natura 2000 habitat patch objects. Certain land cover classes 
can however occur in different habitat types, hampering a 
straightforward re-classification.  
 To circumvent this issue, we defined a number of rule-sets that 
characterize each habitat, using percentage ranges of land cover 
composition. Based on the descriptions of habitats (European 
Commission (2007); amongst others), we identified which land 
cover classes can occur in each habitat type, and what the 
minimal and maximal percentage of occurrence within a habitat 
patch are. Two different rule-sets were compiled: (1) one that 
relates the land cover composition only to the type of habitat; 
and (2) a second in which the composition rules not only relate 
to the habitat type, but to specific quality indicators as well. 
Composition overlap between different habitat type definitions 
was allowed as this possibly might reflect and allow to map the 
true fuzziness of patches (e.g. at the borders). For each habitat 
type, a maximum presence of 10% of land cover classes other 
than those that characterize the habitat was also allowed. This 
rule was added because habitats are intrinsically heterogeneous 
and the presence of a non-typical land cover to such a low 
extent does not influence the overall habitat patch 
characterization. Moreover, such a rule tolerates up to 10% of 
misclassification in the land cover classification, making the 
final habitat map result more robust, i.e. less sensitive, to 
errors/noise in the prior land cover classification.  
 
2.8 Contextual re-classification to habitat patch objects 

To reclassify the land cover classification map to a habitat map, 
we adopted a modification of the algorithm proposed by 
Barnsley and Barr (1996). In their kernel-based re-classification 
technique, a convolution kernel is moved across the land cover 
classification image. At each pixel, the local spatial patterns in a 
kernel of fixed size (e.g. 3x3) are explored, and compared to a 
set of reference kernels. These (reference) template kernels 

characterize each desired output class type, and are based on 
training datasets in the initial land cover map. Our re-
classification method differs from the above technique in that:  
- it does not take into account the spatial arrangement within 

the kernel, but merely looks at the class composition (in %). 
- template kernels are not defined based on training areas in 

the initial land cover map, but using knowledge-based 
habitat compositions. 

In a first approach a habitat (or overlap) class was only assigned 
when the window land cover composition specifically fell into 
the percentage ranges of that habitat. If it did not fit any of the 
percentage definitions, the pixel was marked as being no habitat 
(of interest).  
 

3. RESULTS AND DISCUSSION 

3.1 Land cover classification results 

A true-color image and level-4 (most detailed) classification 
extract (587 x 455 pixels) of the core study area is shown in 
Figure 3a and 3b. Overall classification accuracies (and Kappa 
indices) using leave-one-out validation proved to be rather high 
at all levels of detail (level 1-3 > 80%; level 4 > 70%; Table 2). 
Accuracies drop the most from level 3 to 4. At level 3, all 
classes still consist of specific vegetation species or land cover 
types. At level 4 however, structural elements within one 
species are introduced. Confusion specifically occurs within (1) 
the age classes of Calluna heath (young, adult, old, and mixed); 
and (2) the permanent grassland types (species rich and species 
poor). Different strategies might be pursued to improve the 
accuracy of the structural quality classes (level 4), e.g. using 
spectral unmixing techniques to characterize the age classes, or 
exploiting spatial dependency information. This is however not 
the focus of this study, the reader is referred to Delalieux et al. 
(2010) and Thoonen et al. (2010), respectively.  
 

Level Number of 
classes 

Overall 
Acc. Kappa 

1 6 93 0.92 
2 11 88 0.85 
3 17 84 0.84 
4 24 74 0.81 

 
Table 2. Overall classification accuracies and Kappa indices of 

the land cover classifications at different levels of detail. 

3.2 Habitat patch map results 

Figure 3c shows the resulting habitat map for an extract of the 
study area. The habitat patch map consists of 10 classes relating 
to 6 Natura 2000 habitat types. The 2310/4030 class is included 
because of the high similarity between both habitat types in 
certain circumstances. Pixels belonging to this class can either 
be 2310 or 4030, but differentiation in the field was  not 
feasible. In Table 3, the confusion matrix is shown using the 
habitat data collected in 2009 in the field (ground reference data 
in the columns). Two accuracy interpretations are given for both 
the user’s (UA) and producer’s (PA) accuracy: (1) a strict 
accuracy number corresponding to the conventional 
interpretation (strict UA and PA); and (2) an accuracy number 
for which confusion between 2310 or 4030 on the one hand and 
2310/4030 on the other hand is not interpreted as an error (UA 
and PA). As confusion also often occurs in field interpretation 
of these habitats, the second accuracy assessment numbers are a 
better reflection of the true errors.  
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Figure 3. (a) True color extract of the study area; (b) Detailed (highest level) land cover classification; (c)  Habitat patch map;  
(d) Legend of the land cover classification (in b); (e) Legend of the habitat patch map (in c) 

Judging on the UA’s, the areas mapped as habitat type 2310 and 
2330 mainly do belong to these habitat types, although some 
confusion seems to exist between both, which is most likely due 
to semi-open areas of sand. An even higher confusion exists 
between habitat types 4010 and 4030. This is however mainly in 
patches which show very high encroachment by Molinia 
caerulea, and hence are also very similar. Part of the 4010 
habitat patches are classified as 31xx, which can be explained 
by the presence of small water surfaces in the wet heath habitat 
patches. Different approaches will be investigated to tackle 

these issues. While habitat types 2310 and 4030 both have 
Calluna vulgaris as the dominant species, only little confusion 
occurs between both, illustrating the potential of our 
methodology to deal with the low inter-variability between 
certain habitat types. In general, a significant amount (≈ 18%) 
of habitat patches still ends up as No Habitat while they in fact 
do belong to one of the habitat types. Future research will reveal 
if this can be resolved through adaptation of the habitat build-up 
rules, or by additional analysis of the No Habitat class.  

Table 3. Confusion matrix of the habitat patch map 
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4. CONCLUSIONS 

It is a well-known problem in the ecology - remote sensing 
community that detailed habitat patch object mapping is 
hampered by the high intra-variability of habitat patches, as well 
as by the low inter-variability between different habitat types. In 
this study however, we propose a methodology that makes use 
of high spatial, hyperspectral imagery to exploit these inherent 
characteristics in order to obtain detailed habitat patch maps. 
The results illustrate the potential of the methodology to deal 
with the inter- and intra-variability problems for heathland 
habitat areas, but certain specific issues remain for which 
further research is necessary. For example a significant amount 
of habitat (< 20%) remains unassigned. Our future research will 
therefore focus on the optimization of the proposed 
methodology by adaptation of the habitat reconstruction rules or 
other additional measures.  
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Habistat validation report based on a random sample size 
 

1. Introduction 
 

This validation annex contains a comparative accuracy assessment of a number of Habistat 

land/vegetation cover maps produced using three major classification algorithms on the same 

training data sets and AHS hyperspectral imagery. The validation was based on a stratified 

random set of validation points distributed over the study area and collected independently from 

the training data. It should be considered as a validation of the entire map product, including the 

areas with vegetations that are difficult to classify, such as transition zones and vegetations that 

are by definition difficult to categorize, even in the field (e.g. fragmented plant communities, 

“rompgemeenschappen” in dutch).  

 

We decided not to include an evaluation of the Biological Valuation Map (BVM) for comparison, 

because this would merely reflect an assessment of the translation rules from the BVM-units to 

the Habistat classification units, rather than an assessment of the BVM map itself. Therefore, these 

validation results cannot be used to compare remote sensing products with field-based maps, but 

can only be used to compare classifiers with each other. As a result, the critical accuracy level of 

80% as the minimum acceptable overall accuracy (Table 5.1 in the Habistat final report), does not 

apply to the validation methods used in this Annex, because the 80%-target was calculated using 

samples of homogeneous, typical examples of each vegetation or habitat type.  

 

2. Classification algorithms 
 

Three classification algorithms were compared. Firstly, a Linear Discriminant Analysis (LDA, 

Fisher, 1936) in combination with a Sequential-Floating-Forward-Search (SFFS, Pudil et al., 1994) 

band selection algorithm was performed. With this methodology, the complexity of the multi-

class assignment problem is circumvented by combining several binary LDA classifiers. A one-

against-one approach was used, which implies that for each pixel spectrum all possible pairs of 

output classes are compared, resulting in C(C-1)/2 classifiers. The finally assigned output class is 

then decided through a maximum voting decision rule. The SFFS band selection technique was 

used to extract the band combination that led to the highest accuracies. The technique 

sequentially adds one band at each step, but additionally one or more backward steps are taken 

to remove a previously selected variable to see if the separability measure can be increased at that 

level. One of its main advantages over other feature selection or extraction techniques is that it 

optimizes the selection to the problem at hand, instead of merely reducing the computational 

complexity or feature space. Previous studies that have applied this approach for classification of 

hyperspectral data, include Deronde et al. (2008) and Kempeneers et al. (2005). 

 

Secondly, a land cover classification based on support vector machine tree-structured (TS) 

Markov Random Field (MRF) was executed. In TS-MRF, a binary tree is constructed, exploiting 

the hierarchical structure exhibited in the image. The leaves of this tree correspond to the end 

classes. As a result, with K end classes, the K-ary field reduces to a sequence of binary Markov 

Random Fields that are all configurable separately. Consequently, this technique allows many 

more degrees of freedom than conventional models, which use only a single set of parameters 

estimated on the whole image, irrespective of the difference in statistics encountered in different 

regions. The tree structure is by no means restricted to the binary case, but it is selected because of 

its relative simplicity, as it reduces the computational burden. From the same point of view, more 
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complex Markov Random Field models are allowed as well. Moreover, the possibility exists to 

use diverse models for specific nodes of the tree. 

 

Finally, a land cover classification based on the tree-based ensemble classifier Random Forest was 

performed. Random forest is an ensemble classifier that consists of many decision trees and 

outputs the class that is the mode of the class's output by individual trees. The algorithm for 

inducing a random forest was developed by Breiman (2001) and Adele Cutler. The method 

combines Breiman's "bagging" idea and the random selection of features, introduced 

independently by Ho (1995) and Amit and Geman (1997) in order to construct a collection of 

decision trees with controlled variation. 

 

Algorithms Short explanation Programmed by 

SFFS-LDA Linear Discriminant Analysis (LDA) in combination with the 

Sequential-Floating-Forward-Search 

VITO 

TS-MRF Support Vector Machine Tree-Structured (TS) Markov 

Random Field (MRF) 

University of 

Antwerp (UA) 

Random 

Forest 

Tree-based ensemble classifier Random Forest. Free University 

of Brussels 

(VUB) 
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3. Validation 

 

3.1  Introduction 
 

The aim of this validation study is to assess and compare the accuracy of the classifications (land 

cover /vegetation maps) made with the three classification algorithms. 

 

A first validation of all classifications was performed at the end of 2008 and beginning of 2009, 

where the field dataset was split in a training and a validation dataset (see Habistat final report 

section 5.3.11.1). A major drawback from this method was that the fieldwork of 2007 concentrated 

only on selected homogenous plots. Consequently, it was not a proper validation scheme, which 

should be based on (stratified) random sampling of all land cover/vegetation types present. 

Therefore, statistician Martin Knotters (Alterra) was invited to design a proper sampling design 

for the validation. In the summer of 2009 a new field survey was implemented by INBO 

according to the new sampling design. Field data thus became available for 2007 and 2009. The 

Habistat validation team decided to use two different scenarios for validation, namely: 

 

- System A: 2007 field data set (homogenous plots) are used for training and the entire 

2009 field data set (random plots) for validation  

- System B: Separation of the 2009 data set in a training and a validation subset 

 

 

3.2 Sampling design 
A stratified simple random sampling was designed, with strata based on the following main land 

cover categories: 

1. Forest,  

2. Grass,  

3. Heath,  

4. Sand,  

5. Water,  

which constitute the domains of interest. To obtain a fair spatial coverage of sampling locations 

within these domains compact geographical strata have been constructed using the k-means 

algorithm of SPCOSA (Spatial Coverage Sampling and Random Sampling from Compact 

Geographical Strata; Walvoort et al., 2010). Because of the irregularly shaped and ‘crumbled’ 

domains these compact geographical strata are unequally sized. Table 1 gives the numbers of 

compact geographical strata and sampling locations. The minimum number of sampling locations 

in a geographical stratum is two, to enable estimation of sampling variance.  

 

Table 1. Distribution of compact geographical strata and sampling locations over the five domains 

of interest. 

Domain Number of 

geographical 

strata 

Number of sampling locations 

per geographical stratum  

 Total number of sampling 

locations 

1. Forest 51 2-3 103 

2. Grass 30 2 60 

3. Heath 33 8-10 325 

4. Sand 7 10-11 76 

5. Water 1  13 13 
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The final result was a database with the exact sampling locations divided over the compact 

geographical strata, see also Figures 1 to 4 below. 

 

 
 

Figure 1. Forest: location of the compact geographic forest strata (left) and the exact location of 

the samples (right). 

 

 
 

Figure 2. Grass: location of the compact geographic grass strata (left) and the exact location of 

the samples (right). 
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Figure 3. Heathland: location of the compact geographic heath strata (left) and the exact 

location of the samples (right). 

 

 

 

 
Figure 4. Sand: location of the compact geographic sand strata (left) and the exact location of the 

samples (right). 

 

At every location, Habistat land cover, the Natura 2000 Annex-I habitat type and the conservation 

status was noted in a circle with diameter 10m. For a full description of the field sampling 

protocol, we refer to Annex C.3. 

 

 

3.3 Estimators for map purity 
 

Although the three evaluated classification methods are hard classifications, the accuracy was 

assessed in circles with diameter 10m (details in field protocol). This resulted in a land cover 

390



 

composition matrix with areal fractions of coverage by each class type, both for the classification 

data and the ground reference data (illustrated in Table 2). This is similar to existing evaluation 

procedures of soft classification results. For this group of classifications, the evaluation cannot 

simply be done using traditional contingency tables, but it can be estimated using various 

operators. We applied the Boolean operator, the multiplication operator and the minimum 

operator to estimate map purities.  

 

 

Table 2. Example of validation data for location 20090017. The numbers are areal fractions. 

Class Classification data Reference data 

Fdb- 0.14 0.16 

Hdcm 0 0.34 

Hdcy 0.29 0 

Hgmd 0.57 0.50 

 

Boolean operator based on dominant category 
The Boolean operator based on dominant category is defined as follows: if the dominant category 

in the classification equals the dominant category in the reference data, the Boolean operator is 1, 

else the Boolean operator is 0. In the example of Table 2 the Boolean operator is 1, since Hgmd is 

the dominant category in both the classification and the reference data. 

 

Multiplication operator 
The multiplication operator is based on the assumption that the spatial distribution of the 

categories in the spatial units is unstructured. Let Pni• denote the membership to class i in the 

classification data at location n, and Pn•j denote the membership to class j in the reference data at 

location n. Then the multiplication operator is defined as follows (after Pontius and Cheuk, 2006): 
jPnPniPnij •×•=

  
Table 3 gives the results of the multiplication operator for location 20090017. 

 

Table 3. Example of the multiplication operator, applied to the validation data for location 

20090017. 

Classification 

data 

Reference data 

  Fdb- Hdcm Hdcy Hgmd 

  0.16 0.34 0 0.50 

Fdb- 0.14 0.0224 0.0476 0 0.07 

Hdcm 0 0 0 0 0 

Hdcy 0.29 0.0464 0.0986 0 0.145 

Hgmd 0.57 0.0912 0.1938 0 0.285 

 

The estimator for overall accuracy based on the multiplication operator at one validation unit (i.e. 

a circle with diameter 10m) is the sum of the diagonal elements, which for the example in Table 3 

equals 0.3074.  

 

 

Minimum operator 

The minimum operator (Binaghi et al., 1999) is defined as follows: 

),min( jPnPniPnij ••=
. 

Table 4 gives the results of the minimum operator for 20090017. 
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Table 4. Example of the minimum operator, applied to the validation data for location 20090017. 

Classification 

data 

Reference data 

  Fdb- Hdcm Hdcy Hgmd 

  0.16 0.34 0 0.50 

Fdb- 0.14 0.14 0.14 0 0.14 

Hdcm 0 0 0 0 0 

Hdcy 0.29 0.16 0.29 0 0.29 

Hgmd 0.57 0.16 0.34 0 0.50 

 

 

The estimator for overall accuracy at one validation unit is the sum of the diagonal elements 

divided by the sum of the proportions of the reference data (which equals 1 in the case of Table 4). 

The estimated overall accuracy based on the minimum operator for the spatial unit in Table 4 

equals 0.64. 

 

Estimation of overall accuracy 

The overall accuracy of the vegetation map is estimated from the validation data using the 

selection probabilities of the sampling elements in the stratified simple random sample. The 

overall accuracy can be estimated as the mean of the purities of the validation units. Let zhi be the 

purity for validation unit i in the stratum h, estimated by the Boolean operator, the multiplication 

operator or the minimum operator. The areal mean ẑ is estimated by: 

 

∑
=

=
H

h

hh zaz
1

ˆˆ

, 

(De Gruijter et al., 2006) with ah the stratum weight and hẑ
 the estimated mean in stratum h: 

∑
=

=
hn

i

hi
h

h z
n

z
1

1ˆ

, 

with nh the number of sampling units in stratum h. The stratum weights are the relative areas of 

the strata. 

The variance of the estimated overall accuracy is estimated by: 

∑
=

=
H
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)ˆ(ˆ

. 

 

The standard error of the estimated overall accuracy is the square root of 
)ˆ(ˆ zV

. 

 

In System B (see 3.1) the overall accuracies for Forest and Grass were estimated using the 

collapsed strata method (Cochran, 1977, p. 138-140). In the collapsed strata method two 

neighbouring strata with one sampling location each are grouped to one stratum with two 

sampling locations. Strata needed to be collapsed to obtain a minimum number of two sampling 
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locations within each stratum, required to estimate the standard error of the estimated overall 

accuracy. 
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4. Validation results 

 

4.1. Introduction 
 

For the validation, almost twice as many samples were available for system A (training with 

homogeneous plots) than for system B (training with random plots), being 586 and 289 

respectively. The reason is that in system A the field data set of 2007 was used for training while 

the field data set of 2009 was entirely used for validation. In system B the field data set of 2009 

was split in a training and validation set (each ca. 50 %).  

 

 
 

Figure 5. Distribution of the sample locations over the study area. Samples according to system B (N 

= 289) are a subsample of samples according to System A (N = 586). Therefore, behind every red 

dot is also a green dot. 

 

 

Each sample has a sample ID, and a central X and Y coordinate (Belgian Lambert72 projection). 

Since each sample has a radius of 10 meter diameter for field recording, only those map pixels 

(with a 2.4 meter resolution) that fell completely within the circle were included in the analysis 

(see Figure 6). 
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Figure 6. Process of selection of pixels from the classified maps for comparison with the field data. 

Only those pixels (with a 2.4 meter spatial resolution) that fell completely within the circles (sample 

points with a 10 meter diameter, which equals 78.5 m2) were included in the analysis. 

 

A spreadsheet was created in which each sample point with a specific ID had the field recordings 

on the right side (class type and percentage estimate) and the classified pixels (only those within 

the radius) on the left side (class type and percentage estimate). This means for each sample (78.5 

m2 in surface area) there is a composition of what has been recorded in the field and a 

composition of what has been classified on the basis of the remotely sensed images.  

 

 

 
Figure 7. Schematic view of the spreadsheet with the samples (records) for which there is a 

composition of classes in the field recording as well as in the RS classifications. 

 

 

4.2. Validation results  
 

Overall accuracies for the different maps using the selected vegetation patches (dataset 2007, 

“system A”) as training set are given in Table 5. Estimated overall accuracies for the total area 

vary from 0.26 (SFFS-LDA, estimate based on multiplication operator) to 0.39 (TS-MRF, estimate 

based on dominant category Boolean operator). Estimated overall accuracies based on the 

multiplication operator are relatively low, while both the Boolean and minimum operator result 

in similar values. Using selected vegetation patches as training datasets (i.e. “system A”), the TS-

MRF classifier performs best of the three tested classifiers, followed by RF and LDA. 

Class1 % Class 2 % ……. Sample-ID Class1 % Class 2 % ……

………..
586

Classified pixels Field data

Sample
5m rad.

Composition Composition
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Table 5. Validation results for Boolean, Multiplication and Minimum statistical operators (using 

system A) at classification level 4. (Bear in mind that these accuracies apply to entire map product, 

including the areas with vegetations that are difficult to classify, such as transition zones and 

vegetations that are by definition difficult to categorize. Therefore, the critical accuracy level of 

80% as the minimum acceptable overall accuracy does not apply to the validation results 

described here.) 

Stratum Boolean Operator       

 TS-

MRF 

  SFFS-

LDA 

  RF   

 OA 

(OA) 

variance(OA) se(OA) OA 

(OA) 

variance(OA) se(OA) OA 

(OA) 

variance(OA) se(OA) 

Forest 0.40 0.00 0.05 0.32 0.00 0.05 0.31 0.00 0.05 

Grass 0.28 0.00 0.07 0.07 0.00 0.04 0.27 0.00 0.06 

Heath 0.45 0.00 0.03 0.44 0.00 0.03 0.34 0.00 0.03 

Sand 0.35 0.00 0.05 0.33 0.00 0.06 0.32 0.00 0.06 

Water 0.92 0.00 0.06 0.92 0.01 0.08 1.00 0.00 0.00 

Total 0.39 0.00 0.03 0.30 0.00 0.02 0.32 0.00 0.03 

          

Stratum Multiplication 

Operator 

       

 TS-

MRF 

  SFFS-

LDA 

  RF   

 OA 

(OA) 

variance(OA) se(OA) OA 

(OA) 

variance(OA) se(OA) OA 

(OA) 

variance(OA) se(OA) 

Forest 0.34 0.00 0.04 0.30 0.00 0.03 0.29 0.00 0.03 

Grass 0.28 0.00 0.06 0.08 0.00 0.04 0.25 0.00 0.06 

Heath 0.38 0.00 0.02 0.35 0.00 0.02 0.28 0.00 0.02 

Sand 0.34 0.00 0.05 0.28 0.00 0.04 0.31 0.00 0.04 

Water 0.91 0.01 0.08 0.90 0.01 0.08 0.92 0.00 0.05 

Total 0.35 0.00 0.02 0.26 0.00 0.02 0.28 0.00 0.02 

          

Stratum Minimum Operator        

 TS-

MRF 

  SFFS-

LDA 

  RF   

 OA 

(OA) 

variance(OA) se(OA) OA 

(OA) 

variance(OA) se(OA) OA 

(OA) 

variance(OA) se(OA) 

Forest 0.38 0.00 0.04 0.36 0.00 0.03 0.35 0.00 0.03 

Grass 0.28 0.00 0.06 0.08 0.00 0.04 0.26 0.00 0.06 

Heath 0.42 0.00 0.02 0.42 0.00 0.02 0.34 0.00 0.02 

Sand 0.39 0.00 0.05 0.37 0.00 0.04 0.36 0.00 0.05 

Water 0.92 0.01 0.08 0.90 0.01 0.08 0.92 0.00 0.05 

Total 0.38 0.00 0.02 0.32 0.00 0.02 0.33 0.00 0.02 

 

Overall accuracies for the different maps using the stratified random patches (dataset 2009, 

“system B”) as training set are given in Table 6. Estimated overall accuracies for the total area 

vary from 0.30 (Random Forest, estimate based on multiplication operator) to 0.43 (SFFS-LDA, 

estimate based on dominant category Boolean operator and minimum operator). Similarly as in 
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“system A”, the multiplication operator estimates are lowest, and the Boolean and minimum 

operator result in similar values. Conversely, the ranking of the three classifiers differs between 

system A and system B: with a random set of training data (“system B”), SFFS-LDA performs 

consistently better than the other two, followed by TS-MRF and RF. 

 

Table 6. Validation results for Boolean, Multiplication and Minimum statistical operators (using 

system B) at classification level 4. (Bear in mind that these accuracies apply to entire map product, 

including the areas with vegetations that are difficult to classify, such as transition zones and 

vegetations that are by definition difficult to categorize. Therefore, the critical accuracy level of 

80% as the minimum acceptable overall accuracy does not apply to the validation results 

described here) 

Stratum Boolean Operator      

 TS-MRF   SFFS-

LDA 

  RF   

 OA 

(OA) 

variance(

OA) 

se(O

A) 

OA 

(OA) 

variance(

OA) 

se(O

A) 

OA 

(OA) 

variance

(OA) 

se(O

A) 

Forest 0.33 0.00 0.06 0.38 0.00 0.06 0.36 0.00 0.07 

Grass 0.34 0.01 0.08 0.39 0.00 0.07 0.26 0.01 0.08 

Heath 0.44 0.00 0.04 0.54 0.00 0.04 0.41 0.00 0.04 

Sand 0.33 0.01 0.10 0.31 0.01 0.08 0.27 0.01 0.08 

Water 1.00 0.00 0.00 1.00 0.00 0.00 1.00 0.00 0.00 

Total 0.37 0.00 0.04 0.43 0.00 0.03 0.35 0.00 0.04 

          

Stratum Multiplication Operator       

 TS-MRF   SFFS-

LDA 

  RF   

 OA 

(OA) 

variance(

OA) 

se(O

A) 

OA 

(OA) 

variance(

OA) 

se(O

A) 

OA 

(OA) 

variance

(OA) 

se(O

A) 

Forest 0.32 0.00 0.05 0.34 0.00 0.04 0.30 0.00 0.04 

Grass 0.33 0.00 0.07 0.37 0.00 0.05 0.24 0.00 0.06 

Heath 0.40 0.00 0.03 0.39 0.00 0.02 0.34 0.00 0.02 

Sand 0.25 0.00 0.06 0.26 0.00 0.05 0.23 0.00 0.05 

Water 1.00 0.00 0.00 0.98 0.00 0.02 1.00 0.00 0.00 

Total 0.35 0.00 0.03 0.36 0.00 0.02 0.30 0.00 0.02 

          

Stratum Minimum Operator        

 TS-MRF   SFFS-

LDA 

  RF   

 OA 

(OA) 

variance(

OA) 

se(O

A) 

OA 

(OA) 

variance(

OA) 

se(O

A) 

OA 

(OA) 

variance

(OA) 

se(O

A) 

Forest 0.35 0.00 0.05 0.41 0.00 0.05 0.39 0.00 0.04 

Grass 0.33 0.00 0.07 0.39 0.00 0.06 0.26 0.00 0.06 

Heath 0.42 0.00 0.03 0.49 0.00 0.02 0.42 0.00 0.03 

Sand 0.28 0.01 0.07 0.32 0.00 0.05 0.30 0.00 0.06 

Water 1.00 0.00 0.00 0.98 0.00 0.02 1.00 0.00 0.00 

Total 0.37 0.00 0.03 0.43 0.00 0.02 0.37 0.00 0.02 
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5. Discussion and conclusions 
 

Evaluation (‘validation’) of remote sensing maps is an indispensable part of the map production 

process, but the applied methods strongly differ between studies. In most cases, typical examples 

of the legend classes are used to train and to evaluate the produced maps, using techniques such 

as cross-validation or leave-one-out evaluation. Although a (stratified) random sampling design 

is strongly advised from a statistical point of view, such evaluation is not often performed. In this 

Annex, we performed a statistically sound evaluation of three classification maps of the 

Kalmthoutse heide study area based on three novel classification algorithms. In comparison to a 

more traditional evaluation using typical examples in the validation dataset (see section 5.3.11 in 

the report), map accuracies calculated using a random dataset are generally much lower. This is 

not surprising, as a random point may contain vegetation that is difficult to label, it can consist of 

mixed vegetations, and geometrical inaccuracies may be an issue in very heterogeneous 

vegetations. 

 

The different operators taken from literature and used here (Boolean, multiplication and 

minimum operator) provided slightly different estimates for the map purity. However, the 

relative ranking of the three operators was mostly constant within a given setting of training and 

validation sets. When comparing the two systems for training, namely selected, typical vegetation 

patches (‘system A’) versus random vegetation patches (‘system B’), we observed a shift in the 

ranking of the algorithms: while SFFS-LDA performed worst using selected vegetation patches, it 

performed best when random patches were used. Surprisingly, the ranking does not correspond 

with Table 5.14 of the Habistat final report, for which selected sites were used for both training 

and validation. This clearly illustrates the effect of the type of reference data on classifier 

performance. Hence, it is impossible to designate a single best classifier for heathland habitats 

that would work for all possible applications 

 

The theoretical advantages of a validation with a random dataset are obvious: it provides a fair, 

unbiased, and comparable evaluation, even allowing to compare methods and maps across areas. 

Unfortunately, there are also plenty of practical difficulties. First, with a random point selection, 

assessment of map purity becomes more challenging, e.g. requiring specific operators in map 

evaluation. These methods are less frequently used, and interpretation may differ from the 

traditionally used and well-known confusion matrix. Second, the need to collect field information 

on random points for validation alone means that a completely new dataset needs to be collected. 

The user commissioning and paying for the map product may be reluctant to ask for this 

additional information, as this would cost a lot of resources for relatively little extra information. 

However, it should be noted that validation using a random dataset provides the only reliable 

way by which the value of different map products can be objectively compared... 

 

The goal of this Annex was to assess and compare the performance of three classifiers in a 

heathland context against an independent set of random validation data. From the results, it can 

be concluded that the performance of a classifier, as revealed by the overall accuracies of the 

classifications, is strongly influenced by external factors, such as the type of reference data used, 

and the size of the training dataset. Therefore, one should never treat accuracy assessments as an 

absolute measure of performance, but rather as a relative measure of performance using a given 

training and validation dataset in a particular setting. The choice of a certain classifier, the type of 

reference data, and the validation approach that will be pursued, should hence be carefully 

considered depending on the intended use of the results. 
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