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ABSTRACT 

Data-driven environmental governance is gaining 

importance for tackling the current biodiversity and climate 

crises. Remote sensing can provide an efficient alternative 

to expensive and time-intensive in-situ monitoring. Deep 

learning is the current state-of-the art for knowledge 

extraction from remote sensing data. However, its practical, 

operational application for policy support remains limited. 

In this paper, we coupled the producer and user perspective  

to unravel the reasons behind this. We identified three main 

keys to success for an operational implementation of models 

on the interface between remote sensing and deep learning 

(technology) and environmental governance (policy): (i) a 

truly operational mindset, (ii) the use of generic model 

(components) and (iii) the availability of reference data. We 

argue that the road to success is paved with effective 

communication, a well-substantiated (prototype) use case 

selection and an optimal use of the scarce resource that is 

(the collection of) labeled reference data.  

Index Terms— deep learning, remote sensing, 

participatory technology-policy interface 

 

1. INTRODUCTION 

Well-informed, data-driven environmental governance is 

needed for tackling the climate and biodiversity crisis, as 

well as supporting progress towards global targets like the 

UN Sustainable Development Goals (SDGs) [1]. 

Although in-situ measurements may offer high accuracy, 

collecting them is labor-intensive and time-consuming, and 

they are not able to deliver simultaneous data over large 

areas. 

For a large number of (bio-)physical, structural and 

chemical land and water features, remote sensing can 

provide spatially and temporally explicit data that are 

synchronized, repeatable and consistent [2–5].  

Data-driven science is already widely applied in business 

and economic sectors, and a similar shift is necessary in the 

environmental sector [6]. Deep learning, a branch of 

Artificial Intelligence (AI), is capable of steering this 

transformation. Fit-for-purpose environmental information 

that can inform policy can however only be obtained 

through an intensive cooperation of scientists and policy 

makers throughout the entire development process, a 

concept known as co-design [7–10].  

Over the last decade(s), remote sensing data have become 

freely available, mainly supported by governmental funding, 

such as the Landsat (US) and Sentinel (EU) missions. We 

gain access to ever longer and denser time series, with ever 

greater spatial and spectral detail. A risk associated with this 

exponential growth in remote sensing data is the emergence 

of a schism between the pipeline of data generation and that 

of knowledge extraction.  

To overcome this risk, we can rely on machines for 

information funneling by regularizing, filtering and 

aggregating raw data into information that can be interpreted 

by human users. Over the last decade, we have witnessed a 

great leap forward in machine learning technology, and 

more precisely in deep learning. Deep learning can be 

considered the current state-of-the-art in remote sensing 

science, but its practical application in policy support 

remains limited.  

The GEO.INFORMED project aims at developing 

operational workflows for environmental policy support  in 

Flanders, the northern region of Belgium, based on deep 

learning with nothing more than freely available satellite 

images as their inputs.  

This project is built around the philosophy of user-driven 

co-design, where the policy needs are the driving force 

behind the selection of ‘use cases’. We define a use case as 

a delineated set of parameters that support the same policy 

needs and share a common monitoring protocol.  

Co-design has been amply implemented in a manufacturing 

and societal context, but there are to this day no examples of 

its use with policy makers as the end-users in the field or 

remote sensing.  

This project is situated on the interface between remote 

sensing and deep learning (technology) and environmental 

governance (policy).With this paper, we want to shed light 

on this technology-policy interface, focusing on the major 

levers and barriers for integrating these two still largely 

segregated domains of expertise. Moreover, we want to 

identify strategies for activating the levers and overcoming 

the barriers and lifting deep learning from a promising 

technique in theory to an operational one in practice. 
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2. METHODOLOGY 

A successful technology-policy interface relies on the 

reconciliation of two perspectives: that of the producers 

(remote sensing and deep learning experts) and that of the 

users (environmental policy makers). 

2.1 The experts’ perspective 

At the start of the GEO.INFORMED project (October 

2020), we held a brainstorm among the ten remote sensing 

and deep learning experts involved in the project. It 

consisted of two simple questions:  

• When would the project be a success for you? 

• Which major obstacles do you expect and/or fear? 

The results were grouped into categories and linked to 

specific types of levers and barriers associated with this 

project (see Table 1).  

2.2 The policy makers’ perspective 

The Flemish environmental policy landscape consists of 

multiple agencies that are each concerned with specific 

tasks. First and foremost, there is the Department of 

Environments (DO), led by the Minister of Environment. It 

is supported by three main agencies: the Flemish 

Environmental Agency (VMM), the Agency Nature and 

Forest (ANB) and the Flemish Land Agency (VLM). The 

scientific research that underpins Flemish environmental 

policy is centralized in the Research Institute Nature and 

Forest (INBO).  

The original plan was to host a physical workshop to gather 

information about the views and expectations of these 

agencies regarding the use of remote sensing and deep 

learning for environmental policy support. However, due to 

covid-related restrictions, this was replaced by an online 

questionnaire and several virtual follow-up meetings.  

The questionnaire served a double purpose. It was the first 

step in the process of selecting the most suitable use cases 

for our research project. At the same time, we used this 

questionnaire to gain insight into the project’s levers and 

barriers from the users’ perspective.  

The questionnaire was sent to environmental policy experts 

and scientists from the five agencies listed at the start of this 

section: DO, VMM, ANB, VLM and INBO. The users were 

asked to complete a separate entry for each use case.  

The questionnaire consisted of three parts, related to 

i. the relevance for environmental policy 

ii. the expected results 

iii. the availability of (in-situ) reference data 

 

3. RESULTS 

3.1 The experts’ point of view 

The experts identified three crucial conditions for a 

successful data-technology-policy interface (Table 1):  

1. The creation of operational deep learning models 

2. The creation of generic models or model 

components 

3. The availability of large reference data sets 

 

Table 1: Overview of the levers and barriers as identified by the 

remote sensing and deep learning experts. The number of experts 

that raised each topic is indicated between brackets. 

LEVER BARRIERS 

Operational outcomes (9) Models not fit for purpose (10) 

Generic models (8) Inability of integrating all 

developments into a single 

seamless workflow (3) 

Learning opportunities (3) Insufficient reference data (5) 

Good collaboration (1) Insufficient computational 

power (2) 

 

3.2 The policy makers’ point of view 

The questionnaire yielded a total of 23 entries. 

In this paper, we zoom in to the answers of three questions: 

a. How do you think the use of freely available 

satellite images will improve the monitoring in 

your use case?  

b. What type(s) of models does this use case target?  

c. How many in-situ reference samples are available 

at your agency for the parameters in this use case?  

Figure 1 shows the information gains the policy makers 

expect from integrating deep learning and remote sensing 

into their use cases. Figure 2 summarizes the main model 

types with their associated number of reference samples.  

3.2.1 Expected information gains 

In question a of the questionnaire, we asked the users which 

gains they expected from remote sensing/deep learning: 

• Information will be available sooner 

• Information will be updated more often 

• The level of detail will improve 

• More (diverse) information will be available 

• The accuracy of the information will increase 

Figure 1 shows that for 16 of the 23 use cases  (= 70%), the 

user expects the information to be available sooner. More 

frequent updates and an increased level of detail are 

expected for 12 (= 52%) and 13 (= 57%) use cases 

respectively. For 10 (= 43%) use cases, an increase in 

accuracy is expected. Only for one use case (= 4%) does the 

user expect to get more (diverse) information.  

3.2.2 Model types and reference data availability 

In question b of the questionnaire, users could choose 

between four different model types: 

• Monitoring a continuous variable (= reg) 

• Distinguishing different classes (= class) 

• Detecting a specific type of object (= det) 

• Detecting (abrupt) change (= change) 

In question c, they could choose between five classes of 

reference data availability, namely: 

• No reference samples available 

• Less than 100 samples 

• Between 100 and 500 samples 

• Between 500 and 1000 samples 

• More than 1000 samples 
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Figure 1: Percentage of use cases per type of gain. 

 

Figure 2 summarizes the 23 use cases in terms of their 

model type and their (indicated) amount of reference data 

 

4.  DISCUSSION 

4.1 The theoretical keys to success 

4.1.1 Operational models 

The first key to success identified by the remote sensing and 

deep learning experts is to ensure that the models we 

develop are operational. This is related to the expected 

information gains exercise performed by the users. Figure 1 

indicates that the users expect a lot of gains from the 

integration of deep learning and remote sensing into their 

policy-supporting information streams. In other words, they 

expect tangible benefits from our models, benefits that can 

only be guaranteed if we ensure that our solutions are fit-

for-purpose and thus useful in an operational setting. 

4.1.2 Generic models  

The experts also identified the generic nature of deep 

learning models as a necessary ingredient for success in this 

project. This can be achieved by selecting so-called 

‘prototype cases’, certain use case that serve as an 

exemplary case for a certain model type.  

The selection of these prototype cases is a matter of 

reconciling user and producer needs. From the user 

perspective, the added value for policy support is the main 

concern. Policy makers are most inclined to invest in those 

use cases that (i) support the policy instruments (e.g. 

monitoring, reporting) with the highest relevance and (ii) 

promise the largest increase in information per unit of 

financial or time investment. The producers –  the remote 

sensing and deep learning experts – on the other hand, are 

mainly interested in use cases that (i) lead to scientific 

innovation and breakthroughs and (ii) are technically 

feasible. Prototype selection is a process that requires 

mutual trust and transparency between users and producers 

 

4.1.3 Reference data availability 

In any deep learning project, the availability of large 

reference datasets is an important key to success. In 

environmental policy, spatially explicit in-situ data is a 

scarce resource, and as such often a barrier rather than a 

lever. The simplest strategy for dealing with this data barrier 

would be to only select those use cases that have a 

sufficiently large reference dataset. In the field of 

environmental monitoring, large datasets of reliably labeled 

reference samples are however quite rare, and the 

probability that this will be the case for the most policy-

relevant use cases is rather low.  

 

4.2 How to unlock this success in practice? 

4.2.1 Developing a common understanding 

As argued in section 4.1.1, the realization of tangible 

benefits depends on the degree to which the models are fit to 

their operational context. This requires a good mutual 

understanding between the producers and the users. The 

producers have to learn all about the policy context and the 

specificities of the parameters contained in each use case. In 

the questionnaire, we already included questions about the 

units, the thematic detail, the spatial coverage and scale and 

the update frequency associated with the parameters of the 

use cases. To ensure real operationality, we need to develop 

‘translation dictionaries’ to effectively communicate about 

these aspects. Table 2 contains an example of such a 

translation dictionary for common model types between the 

remote sensing and the deep learning community. 

Table 2: Model type designation in remote sensing vs. deep 

learning. 

Remote sensing term Deep learning term 

Object detection Classification 

Classification Segmentation 

Object classification Instance segmentation 

Object segmentation Object detection 

4.2.2 Selecting the best prototype cases  

The overview of cases from Figure 3 can be used as a 

preliminary input for the selection of so-called prototype 

cases for each model type. This figure however mainly 

reflects the producers’ viewpoint, focusing on the deep 

learning model types and the number of reference samples. 

We could use this overview to identify the theoretically 

most interesting cases (e.g. cases 5 and 12 for regression, 

cases 8, 13 and 22 for detection). From the user perspective, 

this information needs to be supplemented by a preference 

analysis, where each policy agency scores or sorts the cases 

based on their expected added value. We will organize a 

(virtual) workshop for the five main users to gather this 

information. In a next step, we will send an online 

questionnaire to a wider range of potential users in Flanders 

(such as provinces, municipalities, policy agencies outside 

the environmental domain) and ask them to sort the use 

cases of each model type according to their value for their 

operations. 
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Figure 3: The use cases per model type (columns), amount of reference data (X-axis) and main user (color). 
 

4.2.3 Overcoming the reference data barrier 

As said before, the number of available reference samples in 

environmental monitoring is often insufficient for deep 

learning. Therefore, we must resort to a combination of 

active learning, transfer learning and spatiotemporal 

optimization of in-situ sampling schemes.  

In active learning the deep learning model indicates the 

marginal added value of an extra label for each sampling 

location. Users or other persons involved in the gathering of 

reference data can then preferentially ‘visit’ the locations 

with the highest marginal value. 

Transfer learning on the other hand uses a deep learning 

model trained for other parameters that have data patterns 

similar to those of the use case at hand. This model is then 

further refined with training data from the actual use case. 

Spatiotemporal optimization includes maximizing the 

overlap with existing monitoring campaigns. Once the 

return-on-investment has clearly been demonstrated, the 

users will be more inclined to invest in data collection.  

 

5. CONCLUSIONS 

The goal of the GEO-INFORMED project is to develop 

deep learning/remote sensing models that not only represent 

theoretical advances, but that can be used in an operational 

setting for environmental policy support. In this paper, we 

have tried to identify the major keys to success– operational 

models, generic models, and reference data availability – 

and proposed strategies for reaching our goal.  

We hope that this may inspire the remote sensing and deep 

learning communities to invest more in operational 

applications, in close collaboration with users in the 

environmental policy domain, in Flanders and beyond. 
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