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Abstract 38 

Aims 39 

Mapping gradual transitions in plant species composition via a combination of ordination and 40 

regression from remote sensing data is becoming an established approach. However, the 41 

straight-forward analysis of areas with high species turnover rates may result in a loss of 42 

information since a high level of generalization is required. In this study we investigate 43 

whether analysis of more homogeneous subsets, in contrast to processing of the complete 44 

dataset, is a viable approach to mapping multiple floristic gradients.  45 

Location 46 

The coastal nature reserve ‘Zwin’ (Belgium). 47 

Methods 48 

The measured dataset is partitioned into more homogeneous subsets based upon species 49 

composition using hierarchical classification. The dataset and subsets are then processed 50 

separately. First, ordination to extract floristic gradients in plant species composition; second, 51 

these gradients are related to airborne hyperspectral remote sensing data through regression 52 

models and mapped by projecting these models on image data. Regression validation and 53 

Mantel tests are used to compare the results within the study and to other studies.  54 

Results 55 

The hierarchical classification resulted in two homogeneous vegetation subsets. Ordination 56 

yielded four gradients in the area and all regression models compared favorably to similar 57 

studies in other areas with R² values ranging from 0.47 to 0.74. The Mantel test showed that 58 

by dividing the dataset into subsets, higher resemblance to the original vegetation data can 59 

be achieved. 60 

Conclusion 61 

We showed that mapping gradual transitions in plant species composition across multiple 62 

subsets sampled from one measured vegetation dataset is a promising approach for 63 

retrospective analysis of areas with high species turnover rates. In addition to potential 64 

improvements in performance, this complementary analysis enables mapping of additional 65 

gradients, suggesting that all conventionally predicted maps remain available, valuable, and 66 

necessary for thorough understanding of plant species composition. 67 

Keywords 68 

Airborne; hyperspectral; grassland; dune; salt-marsh; detrended correspondence analysis 69 

(DCA); Partial Least Squares Regression (PLSR); isopam; imaging spectroscopy; high 70 

species turnover 71 
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Main Text 72 

Introduction 73 

Mapping is a key requirement to understand current vegetation types and to quantify natural 74 

and man-made changes over time (Xie, Sha and Yu, 2008). Remote sensing has become an 75 

established tool for this purpose (Chan et al., 2011; Franklin, 1995; Gould, 2000; Ishihama, 76 

Watabe and Oguma, 2012). Usually, mapping of vegetation requires  generalization of the 77 

vegetation types (Xie et al., 2008), like classification in categories, such as the habitat types 78 

of the European Habitats Directive (Council of the European Union, 1992; European 79 

Commission, 2013) or phytosociological assemblages (for example Mucina et al., 2016). As 80 

an alternative to such discrete classification as generalization approach, the use of floristic 81 

gradients following Gleason’s continuum concept (Gleason, 1926) was introduced to the 82 

remote sensing community (Ohmann and Gregory, 2002; Schmidtlein and Sassin, 2004; 83 

Trodd, 1996; Van de Ven and Weiss, 2001). The advantage of this alternate generalization 84 

approach is that it provides more information on the continuous characteristic of vegetation, 85 

such as gradual changes in habitat quality, species distribution, and fine-scale disturbances 86 

(Feilhauer, Faude and Schmidtlein, 2011; Nagendra et al., 2013; Schmidtlein and Sassin, 87 

2004). 88 

Since Trodd (1996), various studies have shown the possibility of predicting gradual 89 

transitions in species composition. Over the years, floristic gradients have been mapped in 90 

different study sites including high mountain grasslands (Magiera, Feilhauer, Waldhardt, 91 

Wiesmair and Otte, 2017), urban forests (Gu, Singh and Townsend, 2015), mire complexes 92 

in southern Germany (Feilhauer et al., 2014, Schmidtlein, Zimmerman, Schüpferling and 93 

Weiss, 2007), primary lowland rain forest in Amazonian Ecuador (Thessler, Ruokolainen, 94 

Tuomisto and Tomppo, 2005), and peatlands (Harris, Charnock and Lucas, 2015). 95 

All aforementioned studies have in common that each individual study site is covered by 96 

vegetation with a rather moderate species turnover. As a result, a single ordination model 97 

and a single map proved sufficient to describe the floristic turnover in the respective area in 98 

detail. However, the species composition of vegetation can show high turnover rates even 99 

within short geographical distance (Lomolino, Riddle and Brown, 2006). For example in 100 

coastal vegetation, plant communities diversify from dune vegetation to grazing meadows 101 

over a short distance (Chapman, 2016). Changes in one plant community can influence the 102 

other community (Grubb, 1977) and it could prove beneficial to analyze neighboring plant 103 

communities, even if dissimilar, to gain a better understanding of the environmental 104 

processes occurring at the site (Acosta, Carranza and Izzi, 2009). Consequently, it is 105 

necessary to attain as much information as possible to recognize changes in one plant 106 

community, which could influence the whole area. 107 

As a first step in this direction, we investigate the use of multiple maps, representing floristic 108 

gradients within the dataset and its homogeneous subsets, across an area with a high 109 

species turnover, in particular the Belgian coast. To this end, we generate two vegetation 110 
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datasets. The first one contains the whole sampled vegetation data over the study site. For 111 

the second one we divide the first dataset into subsets as determined by hierarchical 112 

classification in an attempt to preserve finer differences in the floristic composition. For both 113 

datasets we use separate ordinations to extract floristic gradients to represent the high 114 

species turnover rates within the study site. By linking the gradients to airborne hyperspectral 115 

remote sensing data using regression models, we spatially predict the floristic gradients over 116 

the image data, resulting in multiple maps that represent gradual transitions in plant species 117 

composition in coastal vegetation, including dunes, salt-marshes and grasslands. We 118 

evaluate the performance of each ordination and regression model, considering both 119 

vegetation datasets. Finally, we test if the division of the dataset into subsets allows to map 120 

finer changes in species composition, and hence, preserves valuable information on the 121 

maps. 122 

Material 123 

Study site 124 

The studied coastal vegetation is part of the nature park and the adjacent nature reserve 125 

‘Zwin’ in Belgium (51°21'32''N, 3°20'56'' E), which are located on the North-Western coastline 126 

bordering the Netherlands. The annual average precipitation is around 750 mm, the average 127 

annual temperature is around 10 °C (DWD, 2017), and the soil types are Cambisols, 128 

Gleysols, and Arenosols (WRB 2014; Dondeyne, Vanierschot, Langohr, Van Ranst and 129 

Deckers, 2014). The management of the area includes mowing around June and grazing 130 

with among others, Highland cattle and Koniks horses (Bogaert, 2013). Furthermore, salinity, 131 

wind, soil texture, soil moisture, sea water dynamics and anthropogenic use, besides climate 132 

and management, lead to a highly diverse vegetation in the study site (Dewulf, Van 133 

Nieuwenhuyse and Herrier, 2010). 134 

Vegetation in open areas 135 

The vegetation nomenclature follows (Wisskirchen & Haeupler, 1998). Open areas in the 136 

study site can be divided into three main areas: dunes, salt-marshes, and grasslands. First, 137 

the dunes contain mostly bare sandy soils with a vegetation cover that increases towards the 138 

South. On the shoreline, white dunes with Ammophila arenaria prevail, which are gradually 139 

changing into humid dune slacks and landwards into fixed coastal dunes with herbaceous 140 

vegetation. Second, the salt-marshes in the east of the area are dominated by salt-tolerating 141 

plants. Close to the few creeks in the salt-marshes, Salicornia and other annuals are 142 

colonizing the mud and sand. With increasing distance to the water, the vegetation is 143 

changing into Atlantic salt meadows with, for example, Limonium vulgare. Further away from 144 

the water one finds gray dunes with herbaceous vegetation. Third, connected to the dunes 145 

but in the west of the study site, are the grasslands consisting of different grasses, 146 

herbaceous plants, and mosses, and man-made fresh water pools and creeks. Parts of it, 147 

which are only mowed, contain lowland hay meadows. 148 
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Vegetation data 149 

To randomly sample the vegetation across the open areas in the study site, we first created a 150 

list of 120 randomly located plots. In the field, we restricted the list to plots which showed 151 

homogeneous vegetation in their surroundings to reduce the influence of GPS errors. This 152 

resulted in sampling of 60 plots in June 2016 and 27 plots in May 2017. From this total of 87 153 

plots, 15 were located in the dunes, 34 in the salt-marshes, and 38 in the grasslands. 154 

Each plot was quadratic with a side length of 3 m and the GPS coordinates were taken in the 155 

center with either a real-time satellite-based Augmentation System (SBAS) or a real time 156 

kinematic (RTK) GPS device with an error for both systems < 2 m. We used a modified 157 

Londo cover scale to describe the abundances of all occurring vascular plant species on the 158 

plots. The estimation of cover fractions was always conducted by the same two persons (IU 159 

or LV) to reduce observer bias. 160 

Remote sensing data 161 

In this study, we used image data acquired with the airborne imaging spectrometer APEX 162 

(Airborne PRISM Experiment) in a flight campaign on 9 July 2013 in two flight lines with NW-163 

SE orientation. The data were delivered geometrically and atmospherically corrected by the 164 

Flemish Institute for Technological Research (VITO) using the standard processing chain 165 

applied to APEX images (Sterckx et al., 2016; Vreys, Iordache, Biesemans and Meuleman, 166 

2016). We mosaicked the two images and masked out bare soil, water and forest stands, 167 

leaving only open areas in the image. 168 

The resulting image that served as input for our prediction models had a final spatial 169 

resolution of 2.5 m x 2.5 m on the ground and covered a spectral range from 413 nm to 2445 170 

nm, distributed equally over 220 bands, with the exclusion of water absorption bands 171 

between 1195 nm – 1448 nm and 1695 nm – 2050 nm. 172 

Even though the remote sensing data has an offset of four years to the vegetation data, prior 173 

analysis showed that vegetation patterns were rather stable over the years 2013-2017 174 

(Unberath, unpubl.), hence the offset did not hamper the analysis. 175 

Methods 176 

After sampling, we used the following methods: From the sampled vegetation data we 177 

generated two homogeneous subsets, using hierarchical classification. Then we created 178 

individual continuous floristic gradients via ordination models for the sampled vegetation 179 

dataset and the two subsets. Regression models linked these gradients to the related remote 180 

sensing data and predicted them on the image data. To compare the prediction accuracy of 181 

the dataset to each other a correlation analysis with the original sampled was applied to each 182 

of the datasets separately (Fig. 1). 183 

Fig. 1: Schematic work-flow describing the scope of the experiments performed.  184 

Generating datasets 185 
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The first dataset contained the whole sampled 87 vegetation plots in the study site and will 186 

be referred to as WH. To perform ordination space partitioning only based on this sampled 187 

vegetation dataset WH, we used the isopam algorithm (Schmidtlein, Tichỳ, Feilhauer and 188 

Faude, 2010). When the algorithm is used for hierarchical clustering, ordination and 189 

partitioning of the data is repeated until a predefined stopping criterion is met. One particular 190 

benefit of this method is that the typical species that are discriminative of the clusters can be 191 

assessed (Eichel, Corenblit and Dikau, 2016; Schmidtlein et al., 2010; Vanselow, 2011). In 192 

our experiments, we used the isopam algorithm as provided by the “isopam” package in R 193 

with the default parameters, distance metric, and stopping criterion ((Schmidtlein, 2015a), 194 

Version 0.9.13). The portioning of the WH dataset resulted in two subsets. Subset one is 195 

referred to as DUSM and subset two as GR, see results section for further information about 196 

labeling. 197 

Ordination 198 

The sampled dataset (WH) and the subsets (DUSM and GR) were analyzed with individual 199 

detrended correspondence analysis (DCA) (Hill & Gauch, 1980). Despite the criticism of 200 

various authors, among others Kenkel and Orloci (1986); McCune and Keon (2002), Minchin 201 

(1987) and Wartenberg, Ferson and Rohlf (1987), DCA is reported to be a robust technique 202 

(Eilertsen, Okland, Okland, Pedersen and Rune, 1990; Ejrnaes, 2000; Hill and Gauch, 1980) 203 

and can be considered a well-established analysis tool in vegetation science (Douda et al., 204 

2016; Labadessa, Alignier, Cassano, Forte and Mairota, 2017; Rudolph, Velbert, 205 

Schwenzfeier, Kleinebecker, and Klaus, V. H.  et al., 2017). The main purpose of DCA is to 206 

determine the underlying compositional gradients within vegetation datasets (Peet, Knox 207 

Case and Allen, 1988). Thereby, each species is assigned equal importance neglecting its 208 

actual abundance in the vegetation. As a result, rare species can have a high influence on 209 

ordination axes. To reduce this effect we used down-weighting, a technique that assigns 210 

lower weights to rare species to reduce their impact on the ordination axes (Caballero-211 

Rodríguez, Lozano-Garcia and Correa-Merio, 2017; Eilertsen et al., 1990; Oksanen et al., 212 

2017) and results in a stronger generalization. We restricted our analyses to DCA axes which 213 

displayed a wide range of the dataset based on axis length, and showed high agreements 214 

between the DCA scores and the hyperspectral data. Furthermore, we displayed some of the 215 

typical species revealed by the isopam algorithm together with the most common species in 216 

the study site above each DCA axis according to their abundance for a better understanding 217 

of the floristic turnover in the study site. 218 

Regression 219 

Based on a principal component outlier analysis we removed five plots from all vegetation 220 

datasets (WH, DUSM and GR), which showed atypical vegetation reflectance spectra. We 221 

predicted the floristic gradients extracted for each dataset over the study area using 222 

regression models. To this end, the gradient scores were linked to the airborne hyperspectral 223 
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remote sensing data by Partial Least Squares Regression (PLSR) (Helland, 1990; Jöreskog 224 

& Wold, 1982). The aim of PLSR is to predict a set of dependent variables (in this study 225 

floristic gradient scores) from an independent data matrix (in this study remote sensing data). 226 

Therefore, the model is searching for a set of latent vectors which explain as much as 227 

possible of the covariance between the dependent and independent data matrix (Abdi & 228 

Williams, 2013). The resulting regression models were used to predict the floristic gradient 229 

scores (i.e., the position of each pixel in the ordination space) of each dataset over the study 230 

site. The advantage over multiple regression is that PLSR works better with large datasets 231 

containing many inter-correlated variables (Wold, Sjöström and Eriksson, 2001), which is 232 

typically the case when using hyperspectral data (Möckel, Dalmayne, Schmid, Prentice and 233 

Hall, 2016; Neinavaz, Skidmore, Darvishzadeh and Groen, 2017; Thorp, Wang, Bronson, 234 

Badaruddin and Mon, 2017). For each regression model, we used brightness-normalization 235 

of the spectral data (Feilhauer, Asner, Martin and Schmidtlein, 2010) to minimize the 236 

influence of differences in brightness due to observation conditions and amount and 237 

orientation of plant tissues in canopies (Asner, Martin, Anderson and Knapp, 2015; Lopatin, 238 

Fassnacht, Kattenborn and Schmidtlein, 2017). Since PLSR extrapolates the predicted 239 

values outside the sampled ranges, we also restricted the predictions to the ranges observed 240 

in our ordination and mask out pixels with predicted scores exceeding the observed ranges. 241 

The models were validated using leave-one-out cross-validation. For each model the root 242 

mean squared error (RMSE), the normalized root mean square error (%RMSE) and the 243 

coefficient of correlation (R2) were reported to describe the fit and to compare it with similar 244 

studies. 245 

Comparison of datasets 246 

The model results of the three different vegetation datasets (WH, DUSM and GR) were 247 

finally compared with respect to their information content in the mapped representation of the 248 

floristic compositions by using multiple Mantel tests (Mantel, 1967). Put concisely, the Mantel 249 

test allows to assess how well the predicted DCA scores of any respective gradient 250 

represents the species composition in the underlying vegetation datasets. It is based on a 251 

correlation analysis between the dissimilarity matrix of the plots in the vegetation dataset and 252 

the dissimilarities in the mapped ordination scores. To quantify the mutual dissimilarities of 253 

the plots in the vegetation data we used Bray-Curtis distances while for dissimilarities in all 254 

predicted ordination scores the Euclidean distance was used. In summary, predicted 255 

ordination scores of a gradient were compared with the vegetation data measured in the 256 

field. The resulting figure of merit is the Mantel R value, with one for highest correlation and 257 

zero for no correlation. One big advantage of this test is that it naturally handles multi-258 

dimensional responses.  259 

All analyses were performed in the R statistical environment (R version 3.2.1 (2015-06-18)) 260 

using the packages ‘rgdal’ ((Bivand, Keitt, et al., 2017), Version 1.1.10), ‘maptools’ ((Bivand, 261 
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Lewin-Koh, et al., 2017), Version 0.8.39), ‘raster’ ((Hijmans et al., 2016), Version 2.5.8), 262 

‘isopam’ ((Schmidtlein, 2015a), Version 0.9.13), ‘vegan’ ((Oksanen et al., 2012), Version 263 

2.4.0 ), and ‘autopls’ ((Schmidtlein, 2015b), Version 1.3). 264 

Results  265 

Generating datasets 266 

The first dataset WH representing all of the 87 sampled plots contained a high number of 267 

species, 173 vascular plants, which represented the high species turnover in the study site. 268 

In Fig. 2, which presents the position of each plot in the DCA ordination space of dataset 269 

WH, it looked like there are two main clusters in the dataset. Especially plots located in the 270 

grasslands showed small distances between the individual plots on every DCA axis. This 271 

leaded to the assumption that the main dataset WH contains two homogeneous subsets, 272 

correlated with the three main areas in the study site. This was confirmed by the isopam 273 

algorithm, which relieved two subset containing by chance only plots located in a specific 274 

area. Subset one consists of 49 plots located in two of the three areas, namely dunes and 275 

salt-marshes and is therefore referred to as subset DUSM. The second subset, represents 276 

the 38 plots located in the remaining grassland area and was labeled as subset GR. 277 

Ordination 278 

The ordination of the WH dataset resulted in high eigenvalues and rather long axis, 279 

presented in Table 1. The first two axes of the WH DCA ordination space (Fig. 2) reflect the 280 

main variation in the study site. For the third gradient the axis length is dominated by few 281 

outliers and the main cluster show no wide range, approximately -1 to 1 (Fig 2). Therefore 282 

this gradient has not been considered in further analysis, besides the high value of the axis 283 

length with 5.30. The floristic gradient extracted from the first DCA axis is labeled as WH1 284 

and the one from the second axis as WH2. Fig. 3(b and c) illustrates the gradient scores of 285 

the first two axes together with the distribution of the selected species, respectively. Scores 286 

on the first range from -2.4 to 4.7, where scores >3.0 represent the Atlantic salt meadows 287 

with Limonium vulgare. Areas with a higher percentage of grasses such as Trisetum 288 

flavescens are depicted in an orange to red color with scores <-1.0.  289 

For the second axis the scores range from -3.7 to 3.2. The scores >0.7 represent white 290 

dunes with Ammophila arenaria, with colors cyan to blue, transitioning into fixed coastal 291 

dunes with Holcus lanatus and Agrostis capillaris, presented in purple.  292 

Eigenvalues and axis lengths of the ordinations of the subsets DUSM and GR are presented 293 

in Table 1. Subset DUSM showed a really high axis length for the first axis with 6.6 294 

compared to axis two and three, and subset GR showed a high axis length for the first two 295 

axes with 3.8 and 3.7, respectively. Nevertheless, for both datasets only the first axis was 296 

considered for further analysis, because the second axis showed no correlation with the 297 

remote sensing data, see next section for further information. While the DCA axes are 298 

orthogonal and such linear independent from each other they are still dependent to each 299 
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other by representing directions of greatest variation within in the dataset in decreasing 300 

order. Consequently if a higher axis is removed the lower axis must be removed too since 301 

they represent less prominent variation in the vegetation dataset. For both subsets the 302 

second DCA axes was removed and therefore the third axes must be eliminated alike. As a 303 

result, one prominent floristic gradient was observed in each subset.  304 

For the ordination of DUSM the gradient with scores ranging from -3.0 to 3.6, were chosen 305 

and presented together with the corresponding typical species in Fig. 3(d). There it becomes 306 

apparent that the dunes, colored in yellow to orange with species like Ammophila arenaria 307 

and Festuca arenaria, gradually turn into grass dominated areas, shown in green to purple 308 

with Festuca rubra, and finally grade into Atlantic salt meadows, colored in blue with 309 

Limonium vulgare. The predicted ordination scores of the GR subset ranging from -1.5 to 2.3 310 

and typical species among others Jacobaea vulgaris, Mentha aquatica, Juncus inflexus, and 311 

Holcus lanatus are also shown above the axis in Fig. 3(e). The small range of scores, 312 

resulting in a short axis length for the first DCA axis compared to the other models, can be 313 

seen in Table 1, as well. 314 

Regression 315 

The performance of the regression and prediction models of the two floristic gradients 316 

extracted from the WH dataset and each gradient of the subsets is presented in Table 2. We 317 

found that the subset GR had the highest %RMSE with 21.58% indicating that this model 318 

showed the weakest performance of all considered models.  319 

The mapped distribution of each gradient for the WH dataset is presented in Fig. 4(b and c). 320 

In these figures, the spatial distribution of the three areas, dunes, salt-marshes and 321 

grasslands, becomes particularly apparent. Nevertheless, a gradual change in vegetation 322 

can be observed between these areas, for example in Fig. 4(b) there is a transition from 323 

yellow to red to green.  324 

The validation values of each regression model from the subsets DUSM and GR are 325 

presented in Table 2. The R2 of GR2 is close to zero with 0.04 and the R2 of DUSM2 is even 326 

negative with -0.33. This indicates that both second gradients of each subset show no 327 

correlation with the remote sensing data. The mapped first floristic gradients of each subset 328 

are presented together in Fig. 5. Despite the same color gradient for each subset they 329 

represent different floristic turnovers. For example, light blue patches in the grasslands 330 

represent grass areas with Holcus lanatus (Fig.3 (e)) in contrast to light blue areas in the 331 

dunes with salt-marshes which represent salt meadows with Limonium vulgare (Fig. 3(d)). 332 

In Fig. 6 the gradients WH1, WH2 and DUSM are restricted to an area of the DUSM and 333 

visualized in higher magnification. The actual salt-marshes with plants with Limonium vulgare 334 

and Tripolium pannonicum are colored in blue for the WH1 and DUSM1 gradient (Fig. 6(b 335 

and d) and in green for the WH2 (Fig. 6(c)). Areas with Festuca arenaria and Ammophila 336 

arenaria are plotted in light blue for WH2, in red to orange in DUSM, and in light blue to 337 

purple in WH1.  338 
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Comparison of datasets 339 

We computed the R values of the Mantel tests, presented in Table 3, for the following 340 

gradients. At first for both WH gradients together (WH), second for every gradient separately 341 

(WH1, WH2, DUSM1 and GR1) and finally both WH gradients separately restricted to the 342 

areas of the subset (WH1-DUSM, WH1-GR, WH2-DUSM and WH2-GR). For every test we 343 

compared the dissimilarity matrix of the plots in the particular vegetation dataset and the 344 

dissimilarities in the dedicated mapped ordination scores. A comparison of the resulting 345 

correlations shows that the first WH gradient in the dunes and salt-marshes area (WH1-346 

DUSM) is lowest with 0.09, which indicates a small correlation between the predicted 347 

ordination scores of the first WH1 gradient in the DUSM area with the original measured 348 

vegetation data. On the opposite for the gradient in subset DUSM the highest correlation of 349 

0.52 was achieved, suggesting that the ordination and prediction performs best on this 350 

subset.  351 

 352 

Table 1: Eigenvalue and axis length for ordination models, with whole dataset (WH), and 353 

subsets dunes and salt-marshes (DUSM), and grasslands (GR). For each ordination all three 354 

axes are presented (1, 2, and 3). 355 

 WH1 WH2 WH3 DUSM1 DUSM2 DUSM3 GR1 GR2 GR3 

Eigen-

values 
0.82 0.59 0.50 0.80 0.64 0.26 0.57 0.44 0.33 

Axis 

length 
7.10 6.90 5.30 6.60 3.80 2.90 3.80 3.70 2.60 

Table 2: Validation values of each regression model of every ordination model (1, 2, and 3). 356 

 WH1 WH2 WH3 DUSM1 DUSM2 DUSM3 GR1 GR2 GR3 

RMSE 1.13 0.86 0.51 0.92 0.47 0.54 0.82 0.88 0.47 

%RMSE 15.92 12.46 9.62 13.93 12.36 18.62 21.58 23.78 18.08 

R
2 0.67 0.50 0.53 0.74 -0.33 -0.07 0.47 0.04 0.48 

runs 24 2 5 17 2 2 4 3 4 

latent vectors 5 6 7 6 3 2 2 2 3 

predictors 9 8 23 10 30 198 42 178 56 

Table 3: Results of Mantel test. 357 

 WH WH1 WH2 DUSM1 GR1 WH1 – DUSM WH1 – GR WH2 –DUSM WH2 - GR 

R 0.49 0.42 0.27 0.52 0.38 0.09 0.10 0.40 0.15 

p 999 999 999 999 999 999 999 999 999 

 358 

Fig. 2: Scatter plots of DCA scores of the first three axes using dataset WH. Plots are labeled 359 

after their location in one of the main areas of the study site.  360 

Fig. 3: Results of the floristic gradients. Typical species identified with the isopam algorithm 361 

in the DCA ordination (a). Floristic gradients obtained with the DCA algorithm for the first 362 

gradient in the whole study site (b), the second gradient in the whole study site (c), in dunes 363 

and salt-marshes (d) and in the grasslands (e) are plotted with the same color gradient and 364 
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the same range. Dots represent the gradient score location of the sampled field data in the 365 

ordination. Typical species (a) distribution are plotted above the respective DCA axes (b-d). 366 

Fig. 4: Maps with floristic gradients over different open areas in coastal vegetation. Location 367 

of the study site in Belgium (a). Map representation of the first gradient (b) and second 368 

gradient (c) in the whole study site. Color legend is presented in Fig. 3.  369 

Fig. 5: Map with floristic gradients in dunes and salt-marshes and in the grasslands, 370 

respectively. Color legend is presented in Fig. 3. 371 

Fig. 6: Overview of gradient in an area restricted to salt-marshes. Exact location of restricted 372 

area in study site (a). The first (b) and second (c) gradient in the whole study site and the 373 

gradient (d) in the dunes and salt-marshes are plotted in the restricted area (a) for a better 374 

overview. 375 

Discussion 376 

Dividing the dataset into homogeneous subsets, based on clustering in floristic compositions 377 

via hierarchical classification showed to be a straight-forward and comparably cheap way to 378 

display additional subtle differences in floristic composition within species rich areas by 379 

projecting it on multiple maps. As no additional data acquisition is necessary, the proposed 380 

approach may remain valid for retrospective analysis, for example in studies where field work 381 

is already completed.  382 

With multiple ordination and regression models, at least one floristic gradient within each 383 

dataset was identified and spatially predicted over the study site. By plotting the typical and 384 

most common species above the ordination axes (Fig. 3) one notices that every gradient 385 

could coincide with a moisture gradient. We assume that soil moisture, besides salinity, is the 386 

dominant environmental factor especially in the dunes and salt-marshes, as this axis has the 387 

maximum value for typical species indicating high moisture through their Ellenberg moisture 388 

values (Ellenberg, 1974). The opposing low end of the DUSM DCA axis with scores below -389 

1.0 is represented by typical species that exhibit lower Ellenberg moisture values, like 390 

Ammophila arenaria, and can be clearly defined as drier areas. In the dunes and salt-391 

marshes it becomes apparent that the gradient ranges from dry fore-dunes with Ammophila 392 

arenaria to tidal areas with Limonium vulgare. These results are in very good agreement with 393 

our observations in the field where we observed moisture areas mostly around the lower soil 394 

levels and creeks in the dunes and salt-marshes. For the subset of grassland, the 395 

observation is not as clear as in the dunes and salt-marshes. Areas with Mentha aquatica 396 

and Juncus inflexus, which show a high Ellenberg moisture values, are depicted in greenish 397 

colors. Drier areas are shown in a green to orange with species like Sedum acre and 398 

Jacobaea vulgaris. Again, these results agree with our observations in the field. Moist areas 399 

are found mostly around the pools and a small creek in the grasslands. Nevertheless, also 400 

the content of salt in the soil could influence the floristic gradients. Again, especially in the 401 

dunes and salt-marshes this is shown clearly. Ammophila arenaria is a low salt-tolerant plant 402 

with an Ellenberg salt value of one, in contrast to Limonium vulgare with a high Ellenberg salt 403 

value of eight (Ellenberg, 1974). In the grassland it is not as clear as in the dunes and salt-404 
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marshes because the typical species are presented by Ellenberg salt values of either 0 or 1, 405 

showing a small range. On both axis ends Holcus lanatus and Sedum acre show values of 406 

one. However Jacoabaea vulgaris indicates a salt value of zero and Juncus inflexus of one. 407 

Thus, the axis does not represent a clear salt gradient but rather a variety of lightly salt 408 

tolerating plants and no salt tolerating plants. Further analyses are necessary to reveal the 409 

underlying environmental gradient of the floristic gradients in the study site. 410 

In each of these four predictions (WH1 and WH2, DUSM, and GR) we achieved similar 411 

results as other studies, despite considering a higher number of species in the whole study 412 

site. Harris et al. (2015) had 86 field plots with 49 species in peatland vegetation ordinated by 413 

isometric feature mapping and regression with PLSR. They obtained model fits with R²val = 414 

0.74, 0.45, and 0.30 for the first three ordination axes, respectively. Schmidtlein and Sassin 415 

(2004) mapped continuous floristic gradients in grasslands by ordination of 134 species 416 

located in 111 subplots using DCA and PLSR. They achieved an R²val = 0.71 for the first and 417 

0.66 for the second axis. Our model in the dunes and salt-marshes and the first gradient over 418 

the whole area performs similarly to the higher R²val values of these studies. One reason may 419 

be the pronounced spectral differences among the dune and salt-marsh plots. Airborne 420 

hyperspectral remote sensing data do not only consist of the vegetation signal but are also 421 

influenced by soil reflectance (Verrelst, Geerling, Sykora and Clevers, 2009). Especially soil 422 

moisture has a high influence on the reflectance spectrum: Lillesand and Kiefer (2015) and 423 

Belluco et al. (2006) showed that species of the family Limonium are easily classified in 424 

various settings, due to their characteristic spectral reflectance spectrum. In this study, the 425 

dunes with Ammophila arenaria feature a canopy reflectance that resembles the signal of 426 

bright sand. On the other hand, salt-marshes with Tripolium pannonicum and Limonium 427 

vulgare show the typical reflectance pattern of dark, wet Gleysols. The remaining vegetation 428 

with mostly grasses and some herbaceous plants grow tighter and show the expected typical 429 

vegetation reflectance.  430 

Even if we were unable to demonstrate improvements in ordination and prediction for 431 

experiments identified by hierarchical classification, our results remain encouraging since 432 

clustering allowed us to improve performance of the regression models in every comparison 433 

and experiment for at least one of the two datasets. Considering these observations, it 434 

seems likely that the performance of PLSR in predicting floristic gradients over the complete 435 

study area is driven by the large variations in reflection spectrum inherent to the three areas: 436 

grassland, dunes, and salt-marshes. In the subsets, these large variations are reduced 437 

entailing poorer performance of PLSR regression. As expected, this characteristic is more 438 

pronounced for the grassland where we observe a high dense vegetation cover, suggesting 439 

that changes in reflection spectrum are solely due to species turnover. 440 

To quantify if the predicted gradients in the subsets better represent the sampled vegetation 441 

data than the two predicted gradients over the whole study site, we used the Mantel R 442 

values. From Table 3 it becomes apparent that each predicted gradient, (WH, DUSM and 443 
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GR) yields similar correlations to the vegetation data, where DUSM1 has the highest score, 444 

suggesting that ordination and prediction works well on all datasets. To compare the 445 

performance of ordination and prediction between WH and the subsets, we consider the 446 

Mantel R value between the DCA scores as predicted on the whole dataset (WH) but 447 

restricted to the areas dunes and salt-marshes (DUSM) and grasslands (GR), respectively. 448 

This comparison reveals low correlation between the predicted DCA scores on the whole 449 

dataset and the original vegetation data in the restricted areas, with the first Gradient (WH1-450 

DUSM and WH1-GR) being less correlated than the second one (WH2-DUSM) and (WH2-451 

GR). This behavior is likely due to the fact that the first DCA axis of the WH dataset 452 

discriminates between vegetation in grassland and dunes with salt-marshes while the second 453 

DCA axis considers finer changes, especially in the vegetation of dunes with salt-marshes. 454 

This is also confirmed by our results in Fig. 2, Fig. 3(b and c) and in Fig. 4(b and c), which 455 

show that the first gradient reflects differences in the vegetation from the grasslands area 456 

with species like Vicia cracca and Trisetum flavescens to the dunes and salt-marshes with 457 

species like Ammophila arenaria and Limonium vulgare. The second gradient mostly 458 

differentiates dunes (blue areas) from areas with grass (purple and green areas) (Fig. 4(c). 459 

Observing the difference of the mapped gradients in Fig. 6 further supports the following 460 

results: WH1 exhibits less details in the restricted salt-marsh area as WH2 and DUSM1. For 461 

example, vegetation patches with Festuca arenaria and Ammophila arenaria are not depicted 462 

in WH1. Comparing WH2 with DUSM reveals that areas with typical salt-marsh vegetation 463 

like Limonium vulgare and Tripolium pannonicum are better defined in DUSM, while in WH2 464 

they are mixed with grassland species like Vicia cracca. 465 

By generating subsets and modeling them separately from the whole vegetation dataset, we 466 

achieved multiple maps that can give slightly better impressions of the floristic turnover in 467 

each of the areas. However, doing so comes at the cost of identifying areas in which the 468 

floristic turnover is to be analyzed. We are falling back to hard boundaries, which we tried to 469 

avoid by mapping a gradient rather than a category. In addition, we need an objective 470 

approach to generate the subsets, such as isopam. Yet, most of the time the division into 471 

subsets is based on subjective decisions such as the compositional similarity or pre-defined 472 

areas, the size of the subsets after partitioning, and the model that will be applied. By using 473 

the isopam algorithm, a compositional similarity approach, we can achieve partitioning of a 474 

vegetation dataset that is quantitative and data-driven, yet closely resembles by chance a 475 

subjective partitioning based on pre-defined areas. In our work, we have found that the first 476 

map over all instances providing a general overview provides a solid basis for objectively 477 

generating subsets.  478 

This is likely because the overall map avoids hard boundaries, and thus, presents the floristic 479 

turnover in the study site without interruptions. However, supported by the quantitative 480 

assessment provided in Tables 2 and 3, mapping over the whole study site may fail to 481 

accurately preserve floristic turnover if the study site is very heterogeneous. In these cases, 482 
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individual analysis of more homogeneous subsets is necessary in addition to the general 483 

overview map to achieve an impression of the floristic turnover in a study site (Fig. 6). 484 

A study by Feilhauer et al. (2011) indicates that the chosen ordination technique has only a 485 

minor influence on the extraction of the gradients. Nevertheless, alternatives to the linear 486 

DCA and PLSR, for example curvilinear regression or novel machine learning techniques 487 

such as deep learning, can be used to improve modeling.  488 

Conclusion 489 

To preserve more information of the gradual transitions in the floristic composition within the 490 

different areas of the study site, we generated multiple maps by dividing the whole dataset 491 

into subsets via hierarchical classification. We mapped in total four floristic gradients, two in 492 

dataset WH and two in each subset, DUSM and GR, using airborne hyperspectral image 493 

data. Furthermore, we predicted the extracted gradients over the area achieving 494 

performance that compares favorably to results reported in previous studies. Within our study 495 

site the predicted gradients of the subsets, representing different areas, showed a higher 496 

agreement to the original vegetation data as the whole dataset, representing the complete 497 

study site. It is worth mentioning that, while the presented approach of splitting the dataset 498 

proved to be useful for this specific area, there is no theoretical guarantee that this concept 499 

will generalize to other areas with high species turnover, for example other coastal areas, to 500 

display additional information of the floristic turnover on multiple maps. However and 501 

considering our promising results, we believe that the proposed method is worth trying if 502 

acquiring additional data is prohibitive, since the described approach is simple and potentially 503 

effective. 504 
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