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Abstract: Copernicus is Europe's space-based Earth monitoring asset, which consists of a complex 

set of systems that collect data from different sources: remote sensing satellites (RS) and in-situ 

sensors such as ground stations, airborne and marine sensors. This study was originally prepared 

for the needs of the Czech agricultural community, where we provided an in-depth analysis of 

articles related to Earth observation in precision agriculture. At a later stage, we extended this study 

by comparing the recommendations of the European EO4Agri project and scientific articles 

published in MDPI. We had two important objectives, one was to validate the results of the EO4Agri 

project and the other was to look for gaps in current research and community needs. To recognize 

the importance of using Sentinel 1 data, we also added a specific analysis of methods for data fusion 

of Sentinel 1 and Sentinel 2 data. 
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1. Introduction 

1.1  Basic literature overview 

Today, climate change is having an impact on all ecosystems. Scientists are now certain that man-made emissions have 

dangerously and permanently altered our planet [1]. It also threatens the balance of global food production. In addition, 

the world's population continues to grow (9.7 billion people in 2050 according to the United Nations). Between climate 

change, decreasing water supplies for irrigation, increasing production costs and the general reduction of the 

agricultural workforce over the last decades, humanity is now facing great challenges. Monitoring land use change has 

become very important in recent years as it allows better anticipation of the various hazards that can impact agriculture 

and biodiversity but also to limit the impacts of land use [2]. Only one third of the Earth's surface is covered by land 

(about 140 million km²). Forest ecosystems contribute to maintaining biological diversity, regulating the water cycle, 

storing carbon and other ecological functions [2]. However, the main causes of biodiversity loss are land cover change 

and human disturbance, including land use degradation or intensification and urbanisation. A balance must be found 

to provide services to a growing humanity while respecting and preserving the environment in a sustainable manner. 

In agriculture, yields are influenced by a multitude of factors that interact with each other and with the environment, 

such as fertiliser application, irrigation management, soil attributes and climate [3]. Other factors such as pests, 

pathogens, weeds and natural disasters can also have a negative impact on agricultural productivity and yield [4]. 

Precision agriculture (PA) is defined as the management of agriculture, forestry and livestock based on the observation, 

measurement and response of all quantitative and qualitative inter- and intra-field variables that act in agriculture [5]. 

This is done in order to define action plans for the whole farm management, with the aim of optimising yields taking 

into account climatic, environmental, economic, productive and social sustainability. Pierce and Novak [6] define PA 

as "doing the right thing, in the right place, at the right time". Unlike conventional agriculture, PA recognises that each 

field is not uniform and that its specific needs must be taken into account. 

 

PA has a long list of demonstrated benefits, which can be summarized as follows: 

 

- Maximising yields; 

- Identification of plant stress; 

- Constant monitoring of crops with the possibility of implementing targeted actions; 
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- Reduction of intra-field variability; 

- Reduction in the cost and time of farming operations; 

- Reducing the environmental impact of farms; 

- Optimisation of fertiliser, pesticide and water use; 

 

For a precision farming system to be effective, it is necessary to collect a large amount of data, which can be done by 

nearby or distant sensors. This collected data is then interpreted and evaluated from an agronomic point of view so that 

it can be applied manually or as inputs to variable rate machines (VRTs), which are able to perform prescribed actions 

automatically [5]. Data collection, research methods and model-building capabilities have advanced considerably with 

progress in satellite remote sensing and computer technology. Recent advances in remote sensing and artificial 

intelligence, for example, allow precise quantification of phenotypic information at the field level and the integration of 

big data into predictive and prescriptive management tools [7]. Advances in remote sensing can be used in many areas. 

Research in recent years has highlighted a number of potential applications. This review focuses on the uses of the 

Copernicus Sentinel-1 and Sentinel-2 satellites through several publications. 

 

The two satellites launched as part of the European Union's Copernicus earth observation initiative are using high-

resolution radar and optical systems to monitor the earth's biophysical attributes and land cover (ESA 2014). 

Synthetic Aperture Radar (SAR) has the benefit of operating at wavelengths unaffected by cloud cover or lack of 

illumination, and can collect data at any time of day or night, in any weather. 

Sentinel-1 can provide reliable and repeatable monitoring of a vast area because to its C-SAR equipment. 

The twin Sentinel-2 satellites maintain SPOT and LANDSAT image data continuity and contribute to multispectral 

Earth observations. Copernicus satellites are used for a variety of purposes, including land management, agriculture, 

forestry, disaster monitoring, humanitarian relief, risk mapping, and security. 

In their study, [2] propose an alternative method based on conventional change detection techniques combined with 

supervised maximum likelihood classification (MaxLike) of satellite images to generate consistent land use and land 

cover maps. According to them, satellite observations with wide spatial coverage and short revisit times have proven 

to be an effective tool for monitoring vegetation growth. 

The creation of a new approach for monitoring vegetation growth and collecting vegetation phenology from remotely 

sensed vegetation index (VI) time-series data is proposed in their paper. They worked with data collecting, processing, 

and analysis as well. Satellite imagery offers advantages such as the free availability of remote sensing data (Landsat, 

Sentinel, ASTER, among others). Other advantages are that satellite imagery represents temporal data in different 

electromagnetic spectral bands (multispectral data), the temporal resolution of the freely available sensors (16 days, on 

average), and the spatial resolution of the images in the visible and infrared bands (Landsat 30 m, Aster 15-30 m, Sentinel 

10-20 m) is suitable for studies at local or regional scales. 

 

Satellite remote sensing can also be used to assess crop losses due to floods. In their study,[8] review case studies that 

have used remote sensing data for different aspects of crop loss assessment due to floods. Indeed, it is one of the most 

important natural hazards, causing considerable damage to crops worldwide. In addition, the impacts of climate change 

may cause frequent flooding. 

In the past, the assessment of crop losses due to floods was based on surveys and the results remained very general. 

Recently, the number of case studies has increased due to the availability of remote sensing data. Moderate Resolution 

Imaging Spectroradiometer (MODIS) and Landsat are the main sources of optical remote sensing data for flood damage 

assessment. 

In recent years, remote sensing-based vegetation indices (VIs) have been widely used for crop damage assessment, 

including NDVI, EVI and LAI. Many case studies also rely on microwave remote sensing data, due to the inability of 

optical remote sensing to see through clouds. The recent availability of free Sentinel-1 Synthetic Aperture Radar (SAR) 

data will help advance the assessment of crop damage from flooding and overcome this problem. 

Although no use of Sentinel-1 data was reported in the case studies selected in the article, it is quite possible that 

Sentinel-1 will be used in the near future due to its free availability. Sentinel-1 provides multi-polarised C-band SAR 

data, which is suitable for both flood mapping and crop condition monitoring [9], even in overcast conditions. 

 

In their study, [10] aimed to identify the potential of Sentinel-2 satellites to monitor vine growth at a regional scale in a 

wine-growing area during the 2019 growing season. Satellite remote sensing platforms provide accurate temporal and 

spatial information for viticulture and this is improving all the time. 
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The data delivered by these satellites show great efficiency in monitoring management applications (tillage and 

pruning). The days of phenological events of the vineyard plots were also recorded and showed a correlation with the 

altitude of the plots for bud break, flowering, veraison and harvest. The researchers note that the results are reasonable 

in terms of the relationship between altitude and temperature and the effect on vine phenology, which is responsible 

for the delay in vine growth at altitude. 

In conclusion, Sentinel-2 was useful for monitoring vineyards on a regional scale, as a single image could capture all 

vineyards at the same time and under the same atmospheric conditions. Sentinel-2 multispectral data are convenient 

and freely available, with a temporal resolution suitable for monitoring and assessing vine growth. The spatial 

resolution of the initial Sentinel-2 data (10 m) provided average statistical values at the scale of all vineyard plots, which 

was sufficient to monitor dynamic vegetation responses to management and tillage applications. 

 

Remote sensing is also a method used to monitor reclamation vegetation in grassland mining areas, as studied by [11] 

in their review. Due to the large size of the mining areas and the difficulties of transportation, this method is very 

advantageous. The most common method is to calculate various vegetation indices (from Sentinel 2 and Landsat data) 

that reflect ground vegetation cover based on the reflectivity of each waveband. 

Since Sentinel data have the advantages of a short revisit period and high spatial resolution, surface vegetation 

monitoring based on Sentinel data has become a popular research topic. Many researchers have been interested in it 

and have developed indices adapted to it [12] proposed an NSSI vegetation index adapted to Sentinel data [11] proposed 

the NDVI705 vegetation index based on the red band of the Sentinel data and used it to study vegetation recovery after 

the Cyprus fire, [13] used Sentinel data to compute a variety of vegetation indices and used them to invert the surface 

salinity) 

 

Precision measurement technologies can be applied to pasture management and are of great interest for the future 

sustainability of grass-based animal production systems. Indeed, it is possible to increase pasture production in a 

sustainable way by measuring the quantity and quality of pasture more accurately, which is what [14] were looking for. 

[15] explained how Sentinel-2 data could be used to predict herbage mass (HM) with comparable accuracy to 

hyperspectral detection on South African experimental grassland plots. Nevertheless, poor results were obtained using 

Sentinel-2 data on Irish grassland plots. The study showed that the main limitation of satellite spectral detection over 

Irish grasslands is the frequent cloud cover. Data acquisition was therefore not possible on days when cloud cover 

exceeded 30%. Synthetic Aperture Radar (SAR) is an alternative technology for satellite remote sensing of pastures as 

it is not limited by cloud cover. It uses high-resolution radio wave reflectance to predict pasture height. Barrett et al 

used SAR to overcome the limitations of cloud cover for satellite classification of Irish grasslands. A more recent study 

using SAR over Irish dairy pastures showed promising results for both grass height and HM at 25 cm spatial resolution. 

However, research into this technology used for grasslands is still in its infancy and needs to be continued. 

 

 

1.1 EO4Agri recommendations and conclusions 

As identified by EO4Agri [16], [17], there is a need for increased agricultural production globally in the future that is of 

higher quality while using less land and fewer inputs at the same time. Earth observation can provide relevant 

information to address these challenges at local, national and global levels.  Agriculture today is a complex activity 

involving many actors and stakeholders in agri-food chains that produce and deliver food and agricultural commodities 

to consumers. In addition to farmers, there are suppliers of agricultural inputs, processors, transporters and market 

intermediaries, all of whom have a role to play in making these chains efficient. Given the complexity of the issue, there 

is a need to better understand all the processes involved and to build a new knowledge management system for each 

agricultural sector. Earth observations can be considered as one source of data for better knowledge management 

systems.  Earth observation is used to monitor and assess the status of changes in nature and the built environment. 

During the analysis, a set of data themes needed for each stakeholder group was identified and these data themes are 

listed in Table 1.  

 Table 1. Data needs for each stakeholder group 

Main requirements of 

the Agri-Food group 

  Data on the weather forecast 

  Data for agricultural yields forecasting 

  Data for soil water index 
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  Data for providing a drought early warning system. 

  Data for producing maps of basic fertilizers 

  Data for production maps of fertilizer in the phenophase 30-34 

  Data for determining heights of crops 

  Data for estimating the extent of diseases or damages (losses) 

  Data for monitoring hydrological stresses 

  Data for producing exact information about climatic changes 

      

Main requirements of 

the Financial sector 

  Data for identification parcels for potential land for biomass 

production 

  Data for creating flood maps (for Q5,25,50,100years) 

  Data for annual soil erosion risk maps 

  Data to produce maps of the occurrence of diseases 

  Data for the production of actual calamities map (droughts, flood, 

fires, earthquakes, ...) 

  Data for production maps of relevant information for biofuel 

production 

  Data for determination productivity of grassland and pastures. 

      

Main requirements of 

the Public sector 

  Data for support of the Common Agricultural Policy new 

‘greening’ rules, crop, ecologically sensitive areas 

  Data for the identification of crops to control subsidies 

  Data for water protection against nitrates 

  Data for monitoring of the implementation of natural water 

retention measures 

  Data for mapping parcels and validation of acreage parcels < 0,5ha 

  Data for updating the Land Parcel Identification System (LPIS) 

  Data for monitoring phenology of grassland (number of 

cuts/grazing events per season) 

  Data for the production of crop growing calendar for agricultural 

monitoring 

      

  Data for yield modelling for food security 

  Data for food security information 
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Main requirements of 

Food and Nutrition 

Security 

  Data for cross-border land monitoring, given the interconnection 

of environmental problems and food security 

  Data for near real-time vegetation biomass measurements for 

agriculture and food security during the cropping season 

  Data for early warning information for food security 

 

 

 1.2 Objective of the paper 

The main objective of this paper is to compare the results and recommendations of EO4Agri with the analysis of 

literature sources, to identify gaps and to prepare a list of potential research tasks in this area for the next period. We 

have analysed to what depth the needs identified in the EO4Agri project are addressed in these papers and what are 

their main themes. 

2. Materials and Methods 

2.1 Methods of analysis 

There are a large number of publications on the use of remote sensing for agriculture. In order to simplify the analysis, 

we focused on publications in MDPI and, due to the large number of publications, we decided to analyse only the most 

recent publications from the last year. We also used Google Scholar as a source for the search. This helps us to reduce 

the number of publications and also makes it easier to search for publications. In our analysis, we look at all the numbers 

of publications that deal with each topic. For each topic, we analyzed the number of publications and also reached an 

in-depth analysis of the most relevant articles. 

2.2 Deap Literature analysis 

 Table 2. Deep literature analysis 

EO4Agri analysis 

Number of publications 

analysed in MDPI Most relevant papers 

Data on the weather forecast 1 890 [18], [19], [20], [21] 

Data for agricultural yields forecasting 670 [22], [23], [24], [25] 

Data for soil water index 2640 [24], [26] 

Data for providing a drought early warning system. 216 [27], [28], [29], [30] 

Data for producing maps of basic fertilizers 1600 [31] 

Data for production maps of fertilizer in the phenophase 

30-34 3 - 

Data for determining heights of crops 846 [32], [33], [34], [35] 

Data for estimating the extent of diseases or damages 

(losses) 2 850 [36], [37] 

Data for monitoring hydrological stresses 426 [38], [39], [40] 

Data for producing exact information about climatic 

changes 2650 [18], [41], [42], [43], [44] 
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Data for identification parcels for potential land for 

biomass production 146 - 

Data for creating flood maps (for Q5,25,50,100years) 1230 [45], [46], [47] 

Data for annual soil erosion risk maps 

250 if special search "soil 

erosion" [48], [49] 

Data to produce maps of the occurrence of diseases 1750 special search [50], [51] 

Data for the production of actual calamities map 

(droughts, flood, fires, earthquakes, ...) 37 [45], [52], [53] 

Data for production maps of relevant information for 

biofuel production 248 [54], [55], [56], [57] 

Data for determining productivity of grassland and 

pastures. 205 [58], [59], [60] 

Data for support of the Common Agricultural Policy new 

‘greening’ rules, crop, ecologically sensitive areas 127 [61] 

Data for the identification of crops to control subsidies 1110 - 

Data for water protection against nitrates 1130 [62], [63] 

Data for monitoring of the implementation of natural 

water retention measures 109 [64], [65], [66] 

Data for mapping parcels and validation of acreage 

parcels < 0,5ha 222 [67] 

 2730 all literature - 

Data for updating the Land Parcel Identification System 

(LPIS) 36 - 

Data for monitoring phenology of grassland (number of 

cuts/grazing events per season) 10 - 

Data for the production of crop growing calendar for 

agricultural monitoring 813 [68], [69], [70] 

Data for yield modelling for food security 2880 [71] 

Data for food security information 1460 [43], [72], [73] 

Data for cross-border land monitoring, given the 

interconnection of environmental problems and food 

security 59 [43] 

Data for near real-time vegetation biomass measurements 

for agriculture and food security during the cropping 

season 123 - 

Data for early warning information for food security 1280 [43], [44], [72], [73] 

 

3. Results 
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3.1 What tell us literature analysis in comparison with EO4Agri conclusion 

The high number of publications shows that the recommendations highlighted in the EO4Agri analysis are of high 

priority for the scientific community. It shows that these topics have been recognised by both the user and scientific 

communities. As such, the topics that are the hottest are: 

● Data on the weather forecast 

● Data for soil water index 

● Data for producing maps of basic fertilizers 

● Data for estimating the extent of diseases or damages (losses) 

● Data for producing exact information about climatic changes 

● Data for creating flood maps (for Q5,25,50,100years) 

● Data to produce maps of the occurrence of diseases 

● Data for the identification of crops to control subsidies 

● Data for water protection against nitrates 

● Data for yield modelling for food security 

● Data for food security information 

● Data for early warning information for food security 

Although we have used a limited number of journals, it is clear that these topics are currently research priorities as all 

of this number of publications are from last year. 

On the opposite side of research priorities were: 

● Data for providing a drought early warning system. 

● Data for production maps of fertilizer in the phenophase 30-34 

● Data for identification parcels for potential land for biomass production 

● Data for annual soil erosion risk maps 

● Data for the production of actual calamities map (droughts, flood, fires, earthquakes, ...) 

● Data for determining productivity of grassland and pastures. 

● Data for support of the Common Agricultural Policy new ‘greening’ rules, crop, ecologically sensitive areas 

● Data for monitoring of the implementation of natural water retention measures 

● Data for mapping parcels and validation of acreage parcels < 0,5ha 

● Data for updating the Land Parcel Identification System (LPIS) 

● Data for monitoring phenology of grassland (number of cuts/grazing events per season) 

● Data for cross-border land monitoring, given the interconnection of environmental problems and food security 

● Data for near real-time vegetation biomass measurements for agriculture and food security during the cropping 

season 

If we take into account the limited accuracy of this analysis due to the limited amount of paper analyzed, we can 

generalize the results of this analysis in the following simple statement: 

● The needs of the agri-food group are addressed fairly well in the research. 

● The needs of the financial and public sectors are much less addressed. This is a very interesting fact, especially 

in response to the public sector services that will in the near future be related to the implementation of the 

Green Deal on a European scale and the Sustainable Development Goals on a global scale. It seems therefore 

that increased efforts by the research community will be necessary here. 

● Of the topics, grassland monitoring is addressed to a very limited extent. All topics related to grasslands are 

treated in a minimal number of publications. 

One topic in particular should be mentioned, namely the monitoring of small plots. This need has been documented in 

the EO4Agri analysis. Small plot monitoring is one of the key issues given that most of the agri-food sector participants 

are from smaller farms. 
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Figure 1. Stakeholders’ Questionnaire - farm scale [17] 

 

 

Most users need higher resolution images. 

 

Figure 2. Stakeholders’ Questionnaire -  required image resolution [17] 

 

This is probably related to the fact that satellites with better than 10 m resolution are commercial, which limits not only 

their use but also research activities aimed at exploiting these images. 

3.2  Sentinel-1 and Sentinel-2 data fusion 

During the INSPIRE Hackathon series [74 - 75], we documented one very important fact, namely that one of the biggest 

limitations of using satellite data is the availability of optical data due to cloud coverage areas.  
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Figure 3. Availability of Sentinel 2 data for selected farm. 

For this reason, the use of radar data (e.g. Sentinel 2) seems to be a high priority for the future use of satellite data in 

agriculture. This was the reason why we started providing in-depth analysis of papers related to the fusion of Sentinel 

1 and Sentinel 2 data. The number of published papers last year was low at 61 papers in MDPI and 147 papers in total. 

Therefore, it follows that this topic is also under-researched and there is a research gap. In the following paragraph, we 

provide a deeper analysis of the most important papers. 

Nowadays, Satellite monitoring of the world provides valuable data in several areas such as agriculture, hydrology, 

biodiversity and the environment. [76] Remote sensing images are delivered continuously and are accurate enough to 

monitor changes in land cover and land use around the world. For this purpose, a multitude of indices (like the 

Normalized Difference Vegetation Index) have been created and provide quantitative estimation of different 

parameters. [77 - 78] However, multispectral sensors are unusable in the presence of clouds, which make it impossible 

to guarantee continuous monitoring. The Sentinel-1 satellite is able to overcome this drawback, as it is equipped with 

Synthetic Aperture Radar (SAR) imaging sensors. Effectively combining the data and advantages of the different types 

of sensors would allow great progress in land cover observation. 

Over the last decades, a multitude of works have used different data fusion techniques to combine the specific bands 

and polarisations of optical and SAR sensors. [79], [80] In this scenario, the ESA Copernicus programme has developed 

Sentinel missions, specifically for SAR applications, to provide a never-before-seen data continuity with the large 

number of satellites launched. Thus, the Sentinel-1 and Sentinel-2 missions address these issues by providing data with 

a higher revisit time than other satellites at a finer spatial resolution, and a higher spatial resolution than everyday 

sensors. 

Furthermore, the application of convolutional neural network approaches in remote sensing data fusion has been 

promoted by a growing interest in Deep Learning. These methods are extremely valuable in global monitoring for a 

variety of applications.  In the literature, image segmentation is addressed using different approaches:  

- superpixel segmentation methods [81 - 82] 

- watershed segmentation methods [83 - 84]   

- level set segmentation methods [85 - 86] 

- deep learning segmentation methods [87 - 88]  

Crop types with similar phenological growth stages are difficult to classify and are a real challenge for Earth 

observation. The synergy of optical and synthetic aperture radar (SAR) data allows a broad representation of 
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biophysical and structural information on target objects, thus improving the mapping of crop types. Fusion of dense 

multi-sensor time-series data remains complicated, however, and often poses the problem of high-dimensional feature 

space. [89] 

4. Discussion 

4.1 Initial Strategic Research agenda of EO4Agri 

On the base of EO4Agri analysis [16], [89], EO4Agri recommended following research priorities 

● Intra-parcel heterogeneity mapping is a widely established tool in precision agriculture for example as a basis 

for variable rate treatment. Further research in the domain is however encouraged and especially with regard 

to small fields an increase in available spatial resolution (e.g. 5m) would be highly beneficial for the analysis. 

● For fertilisation and variable rate treatment an incorporation of more data sources (weather, radar, in-situ) 

would benefit the applications and increase precision and facilitate site specific calibration. Close collaboration 

with agronomists is necessary. 

● In the domain of grassland (productivity) assessment/management, the cutting frequency is used as a primary 

proxy for land use intensity and directly policy relevant in the context of the CAP. Ground truth information 

and the combination of optical and radar satellites would be beneficial for the application. 

● Crop sprouting is an important physiological trait for crop evaluation and nutrient management. In this field 

of application, remote sensing methods should always be combined with manual surveys (due to canopy 

density and field heterogeneity) to improve the detection. 

● The generation of Crop growing calendars remains a challenge especially in areas with multiple cropping cycles 

that are highly heterogeneous. Therefore, a pure satellite-based method for detecting reliable crop growing 

dates is difficult, since a long-term analysis requires a very good crop type identification as a prerequisite (due 

to crop type rotation), which needs proper in-situ data for calibration and validation. 

● Although the analysis of crop diseases seems possible from a scientific point of view, it is still only moderately 

available as a service for farmers. The spatial, as well as temporal resolution, are limiting factors. Furthermore, 

more precise ground-truth data and other in-situ data would be beneficial. 

● The measurement of crop heights is available with UAV and SAR data. The use of UAV data prohibits its cost-

effective use over an extended area. The implementation is also extremely dependent on the crop type and 

further research is needed. It would also greatly benefit from more available in-situ data. 

● Soil moisture / Soil Water is mostly required on a field or intra-field level which is not yet available. Additional 

research, as well as more refined in-situ data, is missing. Furthermore, the accuracy of the retrieved soil 

moisture still needs to be improved to minimize uncertainties. The generation of long-term high-resolution soil 

moisture products has also been identified as a need and can be achieved by a fusion of multiple datasets. 

Emphasis should also be laid on maintaining the current operational satellite-based soil moisture products, to 

keep the consistency with subsequent initiatives. 

● For food security, greater availability and simplified comparison of the different services are desirable for 

increased uptake by end users. For small fields VHR data is desirable. 

● An additional benefit on land surface in-situ data is to develop robust policies and strategies for food 

management 

● For drought monitoring, better handling of in-situ data is recommended. Furthermore, better operationalisation 

of these services seems possible. A better prediction of yield is needed and the time between the emergence of 

scientific research and implementation as operational activities needs to be lowered. 

4.2 Identified GAPS in current research  abains EO4Agri Strategic Research Agenda. 

In general, all EO4Agri recommendations seem valid in terms of the literature analysis.  However, further research 

needs to be stimulated in areas that are not adequately addressed in the current literature. It is clear that probably not 

all research in this area is published as scientific research, but the basic research gaps seem to be evident. We can 

mention, for example: 

● Based on an analysis of the current research in the literature, we identified one of the largest gaps as research 

focused on the use of satellites with 5-meter resolution and better. This seems to be important for the 

widespread use of EO data for small and medium farmers and especially for farmers in developing countries. 
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There is a need to provide further research with commercial data and to address the opportunities and benefits 

of these data and the services developed that will economically benefit small and medium farmers. Having 

such services will also be necessary to reduce the negative environmental impacts of agriculture. There is 

therefore a real need to stimulate such research because only a large number of services using VHR data can 

reduce the cost of these data and services and make their use economically viable. 

● Another important topic is to stimulate further research on the use of radar data (in the Copernicus data Sentinel 

1 programme). These services can provide information for all agricultural sectors in all seasons. 

● It is important to stimulate further research on environmental and public sector services. This includes services 

such as grassland monitoring, better use of marginal lands, biodiversity services and other services.  This will 

be important for the implementation of the Green Deal at European level, but also for policy decisions. Building 

Earth oriented digital twins can improve policy decisions and the building of new strategies. 
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