
1

In-Situ Data Collection and Preparation
Novel Approaches  for Agricultural EO Applications

Raphael D’ANDRIMONT

22/11/2022

11th Advanced Training Course on Land RS



The European Commission’s science 
and knowledge service

Joint Research Centre



JRC

Joint Research Centre



The JRC is the European Commission's knowledge 
and science service

€ 386 million Budget annually,
plus € 62 million earned income

125 instances of support

to the EU policy-maker annually

Over 1,400
scientific publications per year

1500 core research staff, 3000 total staff

83% of core research staff 
with PhD's

42 lаrge scale research facilities, 
more than 110 online databases

More than 100 economic, 
bio-physical and nuclear models

30% of activities in policy preparation, 
70% in implementation

Independent of private, 
commercial or national interests

Policy neutral: 

has no policy agenda of its own

JRC



In-situ

The holy grail



In situ

I N - S I T U C O M P O N E N T :  O V E R V I E W

• In situ data = "observation data from ground-, sea-, or air-borne 
sensors, reference and ancillary data licensed or provided for use in 
Copernicus" (Copernicus regulation – article 3) 

• Use of In situ data: 

– Validate & calibrate Copernicus products

– Reliable information services



In-situ data is still the holy grail of remote sensing

In-situ data for EO agricuture could be

•Crop type

•Phenology information

•Agricultural practices

•Biophysical variables (e.g.LAI, LAIeff, FAPAR or FCOVER, soil moisture, yield, crop height, density )

and other data collected on the ground or obtained from data analysis.

They are used for training / calibration of algorithm and for validation.

As remote sensing data arise « free and open »,

Processing capabilities are available,

Analytical method are mature,

the last frontier is  the in-situ data to generate high quality information.



Big Data and Agriculture

Context



Agriculture in the data age
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Velocity, Volume and Variety are now the state 
of the art

20
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+- 240 observations per 

year (half of it with 1 sensor)

35
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+- 90 observations per year 

+- 365 observations per 

year 

daily

Weather information

Market and farm information

DIASCloud 

processing

70.000.000 EU agricultural parcels observed more 300 times/year with Copernicus (<20 m)
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Internet of 
Things
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Scientific Modelling

Wireless 
technology

Digital era

Novel technology



Disruptive ways to bring Veracity and Value?

Active Farm sensors and machinery

Geo-tagged street level imagery

Crowdsourcing
Social 

Networks

Administration data 
- Yearly parcel crop type information 

(LPIS-GSAA)

- Statistics (LUCAS)

Farmers data
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Survey

Farmers’ 
declarations

Farm management tools

Opportunistic
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Roadside survey with camera

Proof of concept study



Survey with roadside data collection

Roadside data collection is an easy and cheap type of survey to collect 
crop information

(see JECAM guidelines  )

Why looking at new ways to collect roadside data?
• Traditional surveying lacks the scale and possibility for automated
integration using big data analytics
• Prone to sampling errors
• Require a considerable organizational effort and money,
• Difficult to achieve periodic re-sampling to assess changes in 
dynamic agricultural phenomena JECAM guidelines ‘windshield’ strategy
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Which sampling strategy?

Random sampling selects cropland training samples irrespective of their location. 

Roadside sampling emulates what can be collected from a roadside survey. Cropland 
pixels <250 m away from a road are randomly selected. 

Transect sampling is a spatially-constrained variant of Roadside sampling. Cropland pixels 
are selected from a horizontal/vertical 5 km across the area of interest.

Waldner et al. (2019) 

Roadside and Transect data are significantly less 
representative of the population compared to random 
data. 

Differences in representativeness do not systematically 
translate into marked accuracy differences (<2%).

Transect sampling is subject to drops in accuracy as 
large as 15% and its accuracy levels highly variable. 

Random and Roadside training sets with similar 
representativeness yield comparable accuracy. 

Roadside sampling for cropland mapping is a valuable 
source of calibration data when the range of 
environmental and management gradients are 
surveyed. 
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CAP Checks by monitoring

Sentinels and LPIS

● From sampled approach to 100%

● Detailed area managed in LPIS+GSAA

● Sentinels confirm declared crop

● Sentinels monitor agricultural activity (e.g.  

grass mowing, catch crops)

● In EU(2018)/746 since May 2018

DIAS

Crop type at parcel level with Sentinel 1

➔ Outlier identification preferably < 5%

➔ Marker analysis for activity detection

➔ Requires Big Data Analytics



Grasslands are key biotopes to monitor and were 
used for a case study
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Key biotopes in climate change mitigation (support carbon 
sequestration)

Habitats for plants and animals supporting biodiversity

Declining since the 1960s in EU →  EU Policies developed
- Limit declines in the ratio of permanent grassland to total 

agricultural area below 10 % and then 5%
- Management of at least 5% of the arable land  as  Ecological 

Focus Areas

→ Grassland monitoring needed



Specific research questions
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(1) Define efficient markers for grassland monitoring 
combining  Sentinel-1 SAR and Sentinel-2 multi-spectral 
observations

(2) Evaluate the efficiency and effectiveness of street-level 
imagery as a source of ground truth 



A 1-day survey in the Netherlands
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Study site
- 15395 parcels 

Survey
- 231 parcels observed by surveyor
- 1411 parcels surveyed by cameras

Field survey combining ground truth ands roof cameras Study site



‘Mark’ the non-grassland parcels with the Sentinels 
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https://github.com/rdandrimont/AGREE

- 15000 parcels from BRP
- S1 VV, VH, COHERENCE TensorFlow 

classification
- S2 Bare Soil Index (BSI)  and NDVI trend

Main processing steps→ Target potential ‘non grasslands’ parcels

https://github.com/rdandrimont/AGREE


What is available at parcel level?
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Probability 

of being 

outliers
S1 backscatter S1 coherence S2 BSI

S1 AND S2 S1 OR S2

Marked fields mapped



Crop types from street-level imagery
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Interpretation of the street-level pictures 

Along road sampling 

Parcel observation with street-level pictures



3 key results

▪ The number of parcels identified by S1 and 
S2  as non grassland ranged from 2.57% to 
17.12% of the total of 11,773 parcels 
declared as grassland

▪ Parcels flagged by the combined S1 and S2 
marker were robustly detected as non-
grassland parcels with ground-truth (F-score 
= 0.9)

▪ Street-level imagery collection could 
improve collection efficiency by a 7 factor 
compared to field visits (1411 parcels/day vs. 
217 parcels/day) while keeping an overall 
accuracy of about 90% compared to the 
ground-truth 23

(d’Andrimont et al., 2018)

Markers versus ground-truth

Markers versus street-level pictures

Farmers’ declaration versus the ground-truth 



Computer Vision 

From pictures to knowledge



● Capture evolution
44 billion of cameras by 2022
700 trillion of pictures taken every day by 
2050

● Computer vision deep learning recent 
developments

Deep learning and google street view to 
estimate voting patterns in US (Gebru et al., 2017)

Treepedia (Seiferling et al., 2017)

● Improved processing capabilities 
cloud, GPU

● Crowdsourcing potential
Mapillary open platform (1,800 M pictures)

A paradigm shift in visual data capture

25

(Source: LDV Capital)



CAP Checks by Monitoring

IACS & geo-tagged pictures
● Complimentary information provided by 

farmers and controllers
● Based on a monitoring alert, or to 

document specific measures (e.g. 
grassland mix)

➔ Farmers may supply millions of 
pictures…

➔ In-situ data needed for a sample of 
parcels subject to CAP CbM

➔ Computers may help to recognize crops 
on 90% of the pictures



Evidence for practices we cannot determine with remote sensing

What can geo-tagged pics be used for? 

Crop types Crop residue management GAEC 2 

Flowerstrips Landscape features GAEC 7 © JRC

©ESTAT

© E. Tabacco

© JRC



• Street-level imagery (SLI) for 

scaling up in-situ data.

• Crop type and phenology 

(BBCH-scale) monitoring.

• 2018 field campaign

• Geo-processing workflow to 

append BBCH info to parcels 

and SLIs.

• Hyper-parametarizing

Monitoring crop phenology with street-level imagery using 
computer vision

Field data collection:

- 2 side looking Sony action cameras

- 1 Nikon high resolution camera

- 8 field visits (March-October 2018)

- 200 km route

- 49,000 SLI/visit == ~ 400,000 SLIs

- 220 in-situ pheno observed parcels

- 17 observed crops

- 82 crop-pheno combinations





Results

• Limitations include: detail of data lost due to CNN resampling; CNN 

input resolution; "OTH" and "BSO" class handling; BBCH 

distribution along parcel assumption;

d’Andrimont, R., Yordanov, M., Martinez-Sanchez, L. and Van der Velde, M., 2022. Monitoring crop phenology with 

street-level imagery using computer vision. Computers and Electronics in Agriculture, 196, p.106866.



FlevoVision v2 - Towards Hierarchical multinet
classification

1. Geolocation, association with parcel, and orientation towards parcel.

2. Automatically segment a cropped parcel on street level imagery.

3. Crop type classification on segmented window?

4. Use full scope of pheno (BBCH) information in the data.



Methods for assessing fitness of tile – find difference between summary 

statistic (SumStat) of tile and SumStat of Detectron parcel mask. 

SumStats tried – RGB_mean, RGB_mode, RGB_quantiles, histogram 

comparison.

FlevoVision v2 – Tiling and tile filtering



And other way …

Lemoine, G., et al., 



Roadside surveys

Other examples



Can we accurately detect the peak of rapeseed 
flowering with S1 and S2 time-series at parcel level?

Photo collection with roof cameras

Close-up photos to identify BBCH stage

Study site and in-situ data

d’Andrimont, R., Taymans, M., Lemoine, G., Ceglar, A., Yordanov, M. and van der Velde, M., 2020. Detecting flowering 
phenology in oil seed rape parcels with Sentinel-1 and-2 time series. Remote sensing of environment, 239, p.111660.



Satellite time series detected parcel flowering date with an 
accuracy of 1 to 4 days combining Sentinel-1 & -2

Sentinel-1 : structure and morphology

Structure & 

Sentinel-2 : yellow index

VV drop during flowering
Parcel in-situ and Sentinels

NDYI peak during flowering



Mapping at regional scale shows expected 
climatic gradient in flowering from South to North

Crop model-relevant thermal time to 
flowering based on satellite observations.

Parcel flowering peak (DOY) at regional level level

25-km aggregation

and thermal time



Can we quantify the damage of Xylela fastidiosa
in Puglia?

300 km
2 days



Data overview





Disruptive ways to bring Veracity and Value?

Active Farm sensors and machinery

Geo-tagged street level imagery

Crowdsourcing
Social 

Networks

Administration data 
- Yearly parcel crop type information 

(LPIS-GSAA)

- Statistics (LUCAS)

Farmers data

41

Survey

Farmers’ 
declarations

Farm management tools

Opportunistic



Farmers’ declarations as “in situ” data?



Parcels

2019 LPIS data for those countries with 

open data licenses following a stratified 

sample.

Images

Images of 256x256 pixels will be 

selected based on a stratified sampling 

(eg, using the total segment length) to 

ensure that a diversity of landscapes 

are selected. 

AI4Boundaries - open data set for parcel 
extraction and standards’ evaluation

Single date / 10 m

a set of cloud free 

images centred 

around June

Multi date / 10 m

a set of monthly 

composites 

Single date / <=1 m

a set of cloud free 

orthophotos

d'Andrimont, R., Claverie, M., Kempeneers, P., Muraro, D., Yordanov, M., Peressutti, D., Batič, M., and 

Waldner, F.: AI4Boundaries: an open AI-ready dataset to map field boundaries with Sentinel-2 and 

aerial photography, Earth Syst. Sci. Data Discuss. [preprint], https://doi.org/10.5194/essd-2022-298, in 

review, 2022.



Multi date / 10 m

a set of monthly 

composites 

Single date / <=1 m

a set of cloud free 

orthophotos

d'Andrimont, R., Claverie, M., Kempeneers, P., Muraro, D., Yordanov, M., Peressutti, D., Batič, M., and 

Waldner, F.: AI4Boundaries: an open AI-ready dataset to map field boundaries with Sentinel-2 and 

aerial photography, Earth Syst. Sci. Data Discuss. [preprint], https://doi.org/10.5194/essd-2022-298, in 

review, 2022.



Main Purpose: A Reusable Framework

An open AI-ready data set to map field 

boundaries with Sentinel-2 and aerial 

photography (AI4Boundaries).

Flexible, high-performance serving 

system for deep learning models.

Open-source TensorFlow scripts for creating 

an optimised data set, coding and running 

Deep Learning (DL) architectures.

Serving

1

3

2

Models Training on

Tensor Processing 

Unit (TPU)

TFRecord Files

Open-source 

Scripts

45

Muraro, D., et al., in prep.



Base Model: U-Net + EfficientNetB6 + Noisy 
Student Learning Approach

E
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r

D
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d
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r

• T. Agrawal, et al., EfficientUNet: Modified encoder-decoder architecture for the lung segmentation in chest x-ray images, Expert Systems, April 2022

• B Baheti et al., Eff-UNet: A Novel Architecture for Semantic Segmentation in Unstructured Environment, Conference on Computer Vision and 

Pattern Recognition Workshops (CVPRW), June 2020.

528px resolution

456px

380px

46Muraro, D., et al., in prep.



Complicated coverage and standardisation at European level due to

Different data protection regulations

→ Not all countries publish their data for research purposes

Country-specific names & taxonomy for field crops

→ Demand for a uniform European taxonomy

HCAT

Based on EU regulation and the EAGLE matrix 

Organises all classes into a 6-level hierarchy

Any granularity obtained from the countries can be reflected and stored

47

Hierarchical Crop and Agriculture Taxonomy 
(HCAT)

Schneider, M., Marchington, C. and Körner, M., 2022. Challenges and Opportunities of Large 

Transnational Datasets: A Case Study on European Administrative Crop Data. arXiv preprint 

arXiv:2210.07178.



Administration data

A hidden gold mine



Harmonising LUCAS - the biggest collection of
in-situ data in Europe

LUCAS is the Land Use/Cover Area 

frame Survey

• sample every 2km
• 100 variables
• 15 years (2006, 2009, 2012, 

2015, 2018)
• 10 K surveyors
• 1.3 M points and 5.4 M photos
• Designed for statistics not for EO

5.4 M photos

1.3 M points

d’Andrimont, R., Yordanov, M., Martinez-Sanchez, L., Eiselt, B., Palmieri, A., Dominici, P., Gallego, J., Reuter, H.I., Joebges, C., 

Lemoine, G. and van der Velde, M., 2020. Harmonised LUCAS in-situ land cover and use database for field surveys from 

2006 to 2018 in the European Union. Scientific Data, 7(1), pp.1-15.



5.4 M LUCAS PUBLIC PHOTOS (P, N, E, S, W) 

FIG - Overview of the data available for a LUCAS point that was visited five times: (a) Point, North, East, 

South and West photos for 2006, 2009, 2012, 2015 and 2018, (b) Location of the point in the EU, (c) Zoom 

showing the point (3-m diameter in green, 50-m diameter in dashed red), (d) Visit frequency on a 20 by 20 

km square centered on the point, and (e) In-situ land cover observation of the point for the different years

TAB - Number of LUCAS photos per year, per type (N, E, S, W, P) with proportions that have EXIF geo-location

(Location [%]) and orientation information (Orientation [%]).



Landscape openness and distance estimation 
thanks to computer vision

• Natural objects that are farther away will 
have less pixels representing the object

• Approximate the real distance on an object 
in an image

• Derive the openness of an image relative to 
the objects in the horizon

• Use of signal processing methods to derive 
distances on an image

Martinez-Sanchez, L., Borio, D., d’Andrimont, R., and van der Velde, M., 2022. Skyline variations allow estimating distance to trees on 

landscape photos using semantic segmentation. Ecological Informatics, 70(2):101757.



Semantic segmentation of landscape photos
could tell us about land cover

Semantic segmentation of LUCAS images
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DeepLab v.3 with ADE20K

Martinez 

Sanchez, L., 

et al., in prep.



• Copernicus Programme

• Need for in-situ data : ground 

truth data is still the holy grail of 

remote sensing

• EO LUCAS module introduced in 

2018 to collect surface relevant 

for EO instead of points

• 1.5-m points not suited for EO

• 60 K “pure” polygons collected

• Average area of 0.3 Ha

• Open Data set in ESSD*

LUCAS Copernicus an in-situ data for EO training 
and validation

Examples of a LUCAS Copernicus polygon

Example of a LUCAS Copernicus polygon and Sentinel 

10-m grid VS LUCAS point

*d'Andrimont, R., Verhegghen, A., Meroni, M., Lemoine, G., Strobl, P., Eiselt, B., Yordanov, M., Martinez-Sanchez, L. and van der Velde, M., 2021. LUCAS Copernicus 

2018: Earth-observation-relevant in situ data on land cover and use throughout the European Union. Earth System Science Data, 13(3), pp.1119-1133.​



Satellite time series are used to obtain Land Surface 
Phenology and compared with in-situ data

Sentinel-1 Cross Ratio 
(VH/VV)

Sentinel-2 NDVI

Satellite Start of season (SOS) 

In-situ early stem 
elongation (BBCH 31) 

Δ is the difference in days between the average timing of the LSP metric and BBCH stage

Δ In-situ start of season

Satellite time series fitting provides Land Surface Phenology metrics (start, peak and end of the season)

Meroni, M., d'Andrimont, R., Vrieling, A., Fasbender, D., Lemoine, G., Rembold, F., Seguini, L. and Verhegghen, A., 2021. Comparing land surface 

phenology of major European crops as derived from SAR and multispectral data of Sentinel-1 and-2. Remote sensing of environment, 253, p.112232.



Sentinel-1 data are consistent at EU and 
national level

R:VH20180511, G: VH20180610, B:VH20180710​

Sentinel-1 GRD pre-processed

• Google Earth Engine​

• 10-meter pixel spacing (~ 4 ENL)

• Averaged over 10 day periods

• VV and VH backscatter ​Sigma0

• 2018​

Belgium Romania



•Training dataset: Extraction of S1 10-day 

time series over 58,423 polygons 

(1,337,682 pixels )

•Supervised classification: Random Forest

• Two phase - classification: 

• Level 1) land cover

• Level 2) crop types​

• Stratification: 2 strata (North and South)

• Parametrization and features selection:

• Indices and temporal

• 1st January to 31st July 2018​

• 4 RF models

Crop type classification

Overall accuracy for S1 indices

(Jan to July)

Legend of the EU crop map



The EU crop map

EU 2018 crop map at 10m pixel spacing 

(1st January to 31st July 2018). Masked with non-

vegetation Corine Land Cover classes.

d’Andrimont, R.; Verhegghen, A.; Lemoine, G.; Kempeneers, P.; Meroni, M.; van der Velde, M. From parcel to continental scale – A first 

European crop type map based on Sentinel-1 and LUCAS Copernicus in-situ observations. Remote Sens. Environ. 2021, 266, 

112708.

Map download and WMS

Code on Github

https://doi.org/10.1016/j.rse.2021.112708
https://doi.org/10.1016/j.rse.2021.112708
https://data.jrc.ec.europa.eu/dataset/15f86c84-eae1-4723-8e00-c1b35c8f56b9
https://github.com/ec-jrc/eucropmap​


Border Austria Czech republic

Castilla y Leon (Spain)

Orléans (France)

Romania



- Validation with 87,853 points : accuracy of 

80.3% (main crop type groups) and 76% (19 

crop types)

- Comparison with farmers’ declarations 3.1 M 

parcels
BE fl, DK, FR cv, NL, DE nrw, SI

- Comparison with Eurostat area reporting at nuts-

2 level : R from 0.93 (potatoes) to 0.99 

(rapeseed)

Robust assessment



• Methodology by Ebrahimy et al. (2021) to 

derive a "per-pixel land cover accuracy” 

(PLCA)

• Implemented prediction for the EU crop map
• 90% of the 87,853 LUCAS 2018 filtered core 

point

• For each class: RF to establish a non-linear 

relationship between the LUCAS dataset 

(converted to binary) and the VV and VH time 

series

• Processing at the EU level at 10 meter

• One PCLA value is available for each 10-

m pixel of the EU crop map (download)

Per Pixel Land Cover Accuracy (PLCA)

(a)

(b)Verhegghen, A.; D’Andrimont, R.; Waldner, F.; Van der Velde, M. Accuracy assessment of the first EU-

wide crop type map with LUCAS data. In Proceedings of the IEEE International Geoscience and Remote 

Sensing Symposium (IGARSS), 2021; 2021.

https://jeodpp.jrc.ec.europa.eu/ftp/jrc-opendata/EUCROPMAP/2018/pixac_v7_byte_masked.tif


Limitations include – heterogeneity in terms 

of field of view, lack of EXIF information.

Perspectives include – historical analysis 

from point revisit, (crop) species 

classification, (crop) organ segmentation.

LUCAS Cover dataset – a hidden gold mine?
• Detailed close-up view of 

sampled tree, crop and plant 

species.

• 875,661 photos collected 

between 2006-2018.

• Pure land cover photos –

absence of other landscape 

elements.

• Anonymized.

• Ideal for AI-based workflows.

d'Andrimont, R., Yordanov, M., Martinez-Sanchez, L., Haub, P., Buck, O., Haub, C., Eiselt, B., and van der Velde, M.: LUCAS 

Cover photos 2006–2018 over the EU: 874,646 spatially distributed geo-tagged close-up photos with land cover and 

plant species label, Earth Syst. Sci. Data, 14, 4463–4472, https://doi.org/10.5194/essd-14-4463-2022 , 2022.

https://doi.org/10.5194/essd-14-4463-2022


LUCAS Cover dataset



Crop type detection
• Crop classification via DL on 

LUCAS Cover photos.

• Crop calendar harmonization 

and data extraction for 12 major 

mature crops in EU.

• 157 models trained.

• M-F1: 0.757

• M-F1_En: 0.817

• Entropy-based post-processing

• Un-favourable conditions (B11)

Yordanov, M., 

et al., in prep.



Semantically segmented dataset focus on 
agricultural landscapes towards landscape features

• Sampling of LUCAS 3,000 

landscape photos

• 29 classes (13 general purpose, 

16 to describe the landscape, 

cropfield, flowerfield, ... )

• 10,519 objects manually delineated 

• Quality checks ongoing

Naydenov, D., Martinez-Sanchez, L. et al., in prep.



• Creating computer vision dataset: 500 images with 

9524 manually delineated flowers

• Training and tuning Faster R-CNN to detect flowers

• Using model predictions to extract flower abundance 

and colors from images

• Identifying individual species with Pl@ntNet API

• Indicator species in relation to pesticide applications?

Recognizing flowers on grassland images 

Elvekjaer, N., Martinez-Sanchez, L., et al. in prep. 



LUCAS 2022 - 400,000 points 

A) Field survey and its components 200.000 (March – November 

2022)

• Copernicus observation (150.000 pts)

• Soil module 41.000 pts

• Bulk density measures (4.000 pts),

• Biodiversity sample (2.000 pts)

• Depth 30 cm

• Gully erosion on all points

• Grassland module (20.000 pts), “20m grassland transect”

• Landscape Features (93.000 pts)

• Extended grassland parameters (40.000 pts)

B) Photo-Interpretation in office - 200.000 (by March 2023)



…a new element in LUCAS 2022…

in 93,000 LUCAS points 

(and 41 subpoints: 100x100 m quadrat)

spatial representativeness at MS level 

(and possibly also NUTS2),

consistent quantification of LFs for the EU and MS level,

with information on different LF types,

compatible with data from other sources at EU level

…with a two-stage approach

office-based photo-interpretation (PI, phase 1)

field survey (SU, phase 2)

JRC expertise

Functional definition of LF (based on SO6)

Harmonized & simplified typology

Practical guidelines (for field survey & photointerpretation)

→ goal: a reliable & fit for purpose I.21

LUCAS LF module

41 subpoints

LUCAS base grid

Sampling points

41 subpoints 
(for the LF module)

1

2

3Small fragments of non-
productive semi-natural 
vegetation in agricultural 
landscape which provide 
ecosystem services and 
support for biodiversity

CZUCZ, B. et al.



• Single trees

• Rows of trees

• Hedges

• Copses

• …

• Buffer strips

• Grassy field margins

• …

• …

• Ditches (D)

• Small streams (D)

• Small ponds (P)

• Small wetlands (P)

• …

• Stone walls

• Clearance cairns

• Terraces

• Flower strips

• Fallow strips

• …

• Historical 

mounds

• Earth banks

LF types in LUCAS

Woody Grassy

Wet Stony

W: woody 

vegetation LF

G: permanent grass / 
herbaceous LF

S: stone walls, cairns 
and terraces

P: small ponds and 
wetlands 

D: ditches and 
streams

T: temporary 
herbaceous LF

C: cultural LF

LF in the EU:
https://publications.jrc.ec.europa.eu/r
epository/handle/JRC128297

LF in the MS:
https://publications.jrc.ec.europa.eu/r
epository/handle/JRC128876

https://publications.jrc.ec.europa.eu/repository/handle/JRC128297
https://publications.jrc.ec.europa.eu/repository/handle/JRC128297
https://publications.jrc.ec.europa.eu/repository/handle/JRC128876
https://publications.jrc.ec.europa.eu/repository/handle/JRC128876


EMBAL: European monitoring of biodiversity in 
agricultural landscapes

EMBAL elements:

(1) Plots                   

(2) Parcels and landscape elements

(3) Vegetation transects
References are made to:
Oppermann, R., Aguirre, E., Bleil, R., Calabuig, J. D., Šálek, M., Schmotzer, A., & Schraml, A. (2021). A Rapid Method for Monitoring Landscape Structure and Ecological 
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EMBAL

Only areas under agricultural use are surveyed 

in detail:

• Arable land

• Permanent grassland and permanent 

pasture

• Permanent crops

• Landscape elements, minimum width of 1m:

Robust:

 Harmonized across EU

 Operational / feasible

 Repeatable

 Meaningful

https://doi.org/10.3097/LO.202190
tps://edgg.org/sites/default/files/page/Sutcliffe_et_al_PG40_27_31.pdf


EMBAL rollout 2022/2023

3.000 plots across EU-27

Sampling
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Conclusion and perspectives

❖ LUCAS Copernicus component has high potential for remote sensing community to 
generate timely LC information

and more:

❖ Location and validation of Land Cover boundaries

❖ Training and validation database for automatic image recognition

❖ Extending a professional survey using citizen science approaches

❖ Contributing to global free&open in-situ databases for EO analysis

❖ Linking sample and areal based Land Cover extent estimates

❖ Trigger better integration of statistical and geospatial domains 

❖ Computer vision could be used to re-engineered legacy data

❖ New survey data coming



Disruptive ways to bring Veracity and Value?

Active Farm sensors and machinery

Geo-tagged street level imagery

Crowdsourcing
Social 

Networks

Administration data 
- Yearly parcel crop type information 

(LPIS-GSAA)

- Statistics (LUCAS)

Farmers data
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Survey

Farmers’ 
declarations

Farm management tools

Opportunistic



Active crowd-sourcing

In-situ data for agriculture



Can we support Farm Sourcing app in Serbia?

• Crop Support App developped by 

Inonsens

• 242 parcels monitored by farmers

• Gamification with students

• Corn, Soybean, Wheat

• Very Small parcels (Sentinels)



Rewards:

Each location visited 
awarded the participant 

between 1 to 3 Euros, 

depending on the level of 
difficulty, e.g., €3 for visiting 

points on sites far from 
roads

Weekly challenges with 1 
random point awarded 

€30 Euros to the first 

visitor
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Can we collect Land Cover ground truth with crowdsourcing ? FotoQuest

Available locations to visit, money (€) earned, and 2D/3D map view

Europe

Additional 
background 

layers available



e-shape CropObserve App

The e-shape CropObserve mobile 

application was developed to allow anyone 

to observe agricultural fields anywhere. 

The app is focused on collecting crop type, 

phenological stage, visible damage and 

management practices.

https://e-shape.eu/


Collection of in-situ data

• Involve non-experts
o Basic information:

o Crop type

o Phenological stage

o Damage

oManagement activities

• All data is made open

1 2 3



• Develop a branch in Pl@ntNet on European crops

• Using 100.000s LUCAS cover pictures and citizen science 

• Further develop deep learning algorithms for European crops 

• Deploy app and collect in-situ data on crops across Europe – in-season 

observations on crop location? Use by citizens, farmers, inspectors, ...?

Pl@ntNet European Crops project

B11 - Common wheat
B12 - Durum wheat
B13 - Barley
B14 - Rye
B16 - Maize
B18 - Triticale
B21 - Potatoes
B22 - Sugar beet
B31 – Sunflower

Van der Velde et. , in review.



Opportunistic crowd-sourcing

In-situ data for agriculture



1. Introduction

1. Copernicus Sentinels 
and the need for 
groundtruth.

2. Crowdsourced, street-
level imagery

3. Availability and 
usability of this data 
set

4. LUCAS 2018
5. Parcel-level crop 

identification.
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Research Questions

Is crowd-sourced street-level imagery a potential suitable source of in-
site ground-truth data in the field of agricultural Earth Observation?
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What is the availability of these data sets in terms of their spatial and 
temporal coverage?

What is the usability of these data sets in terms of their fitness for 
purpose for agricultural monitoring?



Methodology
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.

4.3. USABILITY



Results
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5.1. Availability Assessment - EU
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Results: Availability Assessment - NL
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175000

27000



5.2. Results: Usability Assessment - NL
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5.3. Results: Use cases - NL
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6. Conclusion

1) What is the spatial  availability of Mapillary street-level imagery across the European Union based on 
the stratified and systematic LUCAS 2018 sample?

2) What is the detailed spatio-temporal availability of these images in relation to crops, crop phenology, 
and agricultural parcels in the Netherlands?

3) Which are the parcels which most likely to be observed by the Mapillary crowd-sourced images using 
metadata and geo-spatial analysis?

4) And finally, what is the potential usefulness of crowd-sourced imagery for different agricultural 
monitoring use cases?
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Social media campaign #YellowFlowersEU



Social media campaign #YellowFlowersEU

Active and opportunistic sourcing…



Social media campaign #YellowFlowersEU

Citizens

Farmers

Scientists

Photographers



Social media campaign #YellowFlowersEU

Rapeseed is controversial: agriculture, 
pesticides, biofuels, biodiversity & bees

Inherent bias in some CS activities?? 
Connect all stakeholders for policy making…



Conclusions & Take home messages

• New pardigm for remote sensing acquisition : free, global, high 

spatial and temporal resolution

• New (almost free) computing capacities

• Data deluge integration needed

• Money or capacity is not the limit anymore, sky is the limit !

LEARN, LEARN, LEARN….

→ New opportunities for young graduates!!!



Thanks
Questions?
You can find me at raphael.dandrimont@ec.europa.eu
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