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Farmer PAs and CBs

* More targeted on- field
inspections
* Reduction of costly & time-

* Personalised guidance
* Boost the performanceof the

cultivation : ;
* Reduction of administrative consuming proceaures
burdens e Reduction of operational and
* More transparent execution adml.nlstratlve cc.)sts.
controls e Continuous monitoring of farmland

 Automated checks based on EO

* Avoid penalties/ non-conformances dat
ata
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Stakeholders

Better control system based on
satelliteimages

Data availability, accessibility &
re-use

Design more accurate
certifications

Modernise the monitoring
approach
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Storage of various dataset, from Sentinel
missions to LPIS

Allow scalable continent scale processing of
the stored data

Creation of various feature spaces from the
same data; Pixel-based, object-based, path-
based

2 Full-Year Datacube datasets of Sentinel-1 and
Sentinel-2 images for both Cyprus and Lithuania
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Q Clouds and Small parcels

BEYON
Far £ The ever present problems

and Satellite Remote Sensing

INSAR_VH_mean

Damnit’s cloudy

02

NDVI PARCEL _ID:1003086148-115584-4348-2

- el = Employ validated fusion algorithms on Sentinel-1 and
m , SR e Sentinel-2 data to overcome cloud coverage

051 == NDVI pixels mean
- NDVI predicted mean
NDVI pixels mean +/- std
NDVI predicted mean +/- std

5 : x - Damn that parcel is small

03

2020-05-30

= Pixel-based classification and advanced Al algorithms can
partly solve the problem

= |mproved smart sampling to decide on the risk of false

: declaration even if the classification accuracy is

. suboptimal

mmmmmm
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Analytics on Vegetation and Soil Index Time-

EO Products provided

* GAECs and SMRs requirements — Incompliance Maps

Proximity to water-ways / Runoff Risk assessment for NVAs water pollution (GAEC1/SMR1)
Minimum soil cover for Soil Erosion (GAEC 4)

series

Stubble Burningldentificationand Burnt Scar Mapping (GAEC 6)
* Harvest Event Detection and Detection of illegal activity on Natura2000 regions

e Other GIS and Analytics functionalities:
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Temporal/Zonal Statistics

Animations of temporal evolutionofan area
Smart Multi-faceted Geospatial Queries
Index Anomalies

Trends detection

Harvest events detection (Lithuania)

Stubble Burning Identification

2020-04-18 2020-04-28 2020-05-13 2020-05-18

2020-05-23 2020-05-28 2020-06-02 2020-06-07

lllegal Activity detection on Natura2000 regions (Cyprus)



BEYOND Stubble Burning Identification and Burnt Scar
Mapping

and Satellite Remote Sensing

ALGORITHM CRASH TEST: Devastating Cyprus Forest Fire in July 2021

[ ] GeoLayer

BEENEWS

Cyprus wildfire
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= Results Exported into parcel level
in order to assist CAPO
personnel on damage
evaluation.
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~ BEYOND

oS ENVISION Data Cube GeoTiffs ftp service

http://185.178.86.82/api/parcels/{id}/{starting date}/{ending date}/{ba
nd/index}

e.g. http://185.178.86.82/api/parcels/24/2021-11-01/2022-06-01/ndvi

NOVI for 2020-04-16 NDVI for 2020-04-18 NOVI for 2020-04-23 NOVI for 2020-04-26 NOVI for 2020-04-28
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Crops Distribution - Lithuania
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/(EEION)\D Cultivated crop type maps - Lithuania
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Dynamic Crop Type Mapping

Random Forest
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Cultivated crop type
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Cultivated crop type maps - Lithuania

Example 1. NDVI of a case predicted as Spring Cereal and the label
given is Black Fallow

— Validated: Black fallow (mean +/- std)
0.8 — predicted: Spring cereal (mean +/- std)

—— |D: 10095820421-025492-8206-6 —_————
0.7 —
06 —
05 —
04 —
0.3 —
02 —

| | | I | | 1| I |
Y 13 el I ) o B
.P’?.OD .P’?.O'u .P’?.OD .P’?.OD .P’?.OD .P’?.UD .P’?.OD ~p1°'0 .P’lo'ﬁq
Example 2. NDVI of a case predicted as Winter Cereal and the label
given is Spring Cereal
09 — R b
—— Validated: Spring cereal (mean +/- std)
08 —| predicted: Winter cereal {mean +/- std)
) —=— |D: 1003750787-191468-6273-1
0.7 —
0.6 —
0.5 —
04 —
0.3 —
0.2 —
| | | | | | . | | |
Y 13 %) I el o B
1@1‘.("0 ?'Q?.c’h 1@?5"0 1@10'0 1@?.0'0 ?'Q?.c’h 1@10'0 .@?5"0 1@1("09

AgriHUB | Agriculture, Ecosystems and Environment Group

260 1

240 4

2204

200 4

140+

120+

1.0

0.9

0.8

0.7

0.6

0.5

—e— total of candidate wrong declarations
—=—- total of persistent misclassifications

2020-05 2020-06

2020-07 2020-08 2020-09

Acquisitions

—e— candidate wrong declarations precision
—e— candidate wrong declarations recall

o ~——

2020-05 2020-06

2020-07 2020-08 2020-09

Acquisitions




BEYOND Cultivated crop type maps - Cyprus

Centre of EQ Research
and Satellite Remote Sensing

Crops Distribution - Cyprus
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Cereals

Barley

Soft Wheat
Durum Wheat
Triticale
Oat
Maize

Broadleaf
Crops

Potatoes
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Vicia Crops

Vicia Faba
Vetch
Lucerne
Clover

Tree Crops

Qlive Trees
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Citrus Fruit Trees
Orchards
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Meadows Fallow Lands
Pastures

Permanent Crops

~ 7777777 95% of Total Declarations
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Normalized Difference Vegetation Index (NDVI) Profile
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Cultivated crop type maps - Cyprus
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Small Parcels Issue

Parcels Size Distribution (2020)
Barley | i ——- All Parcels Median

Durum Wheat t — - All Parcels Mean
Oat1
Soft Wheat !
Triticale § t
Fallow { }
Vetch for Green Manure
Vicia faba
Carob Trees{ i
Citrus Fruit Trees |
Deciduous-Fruit Trees
Olive Trees
Orchard
Other Permanent Tree Cultivations
Traditional Trees
Peas for Animal Husbadry
Potatoes
Tematoes
Vegetables Mixture
Watermelons
Mixture-Polyculture
Wheat-Triticale Mixture{
Vineyards (board) |

)

1;

Crop Name

Vineyards (for wine) a - |
Permanent Grasslands i
0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00

size (Hectares)

Sampled Parcel Size ~ 0.1 hectrares

Zoom Range ~ 0.8 hectrares

Zoom Range ~ 114.5 haectrares Zoom Range ~ 7.3 hectrares
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Dynamic Crop Type Mapping

From Pixel to Parcel

Support Vector Machine 2 SOFW /W

Support vector o Optimal Hyperplane

\\" D
,¥ Support vector
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Cultivated crop type maps - Cyprus
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BEYOND

ST Cultivated cro p type maps

Precision and Recall of smart sampling algorithm over
cultivation period

[ J
—e— candidate wrong declarations precision
10 . .
—e— candidate wrong declarations recall /.\/_/_‘—‘

0.8

*  Smart Sampling for OTSC (trafficlight system): sophisticated algorithm evolving
dynamically throughoutthe cultivation period by exploitingthe currentand the o7
previously generated Crop Type Maps, to identify the most confident misclassifications o5
and potentially false declarations.

0.5

2020-05 2020-06 2020-07 2020-08 2020-09
Acquisitions
M. Rousi et al., "Semantically Enriched Crop Type Classification and Linked Earth Observation Data to Support the Common
Agricultural Policy Monitoring," in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing, vol. 14, pp. 529-
552,2021,doi: 10.1109/JSTARS.2020.3038152

Greening | Compliance Map

*  Crops Diversification Compliancy Maps (Greening l): a compilation of if-conditions
accordingto the Greening1 set of rules which examines the hypothetical impacts
between an actual truth and crop label mapped. Exploits LPIS and the declarationsof the
farmers.

AgriHUB | Agriculture, Ecosystems and Environment Group



BEYOND Grasslands Mowing Events Detection

Centre of EO Research
and Satellite Remote Sensing

Mowing Compliance

‘ Data Fusion ‘q Events Detection q

*  Reconstruction of NDVI based on S1 data (Cloud Coverage)
*  Mowingevents identification based on the new artificially created NDVI

*  Mowing compliance results according national regulations

AgriHUB | Agriculture, Ecosystems and Environment Group
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Q Deep Learning for fusion of Sentinel-1 and Sentinel-2 data and
grassland mowing detection

BEYOND

Overview

AgriHUB | Agriculture, Ecosystems and Environment Group

Grassland Monitoring for the Common
Agricultural Policy (CAP)

Extensive Cloud Coverage and S1-S2 Fusion
Deep Learning for Event Detection

Quantification of the Grassland Use Intensity
and CAP monitoring

Remarks & Future work



/(BEYOND)\ Grassland Monitoring for the Common Agriculture Policy (CAP)
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FUTURE OF

F 0 0 D A N D CLIMATE ACTION o

FAR M I N G SUSTAINABILITY @\) FOOD SECURITY
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RISK MANAGEMENT

INNOVATION ‘
u GENERATIONAL

THRIVING RENEWAL
RURAL
COMMUNITIES

FAIR INCOME

#NewCAP

Common
Agricultural
Policy
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Grasslands provide a wide range of ecosystem services (e.g. fodder for live
stocking animals, wildlife habitats, carbon storage, soil erosion protection etc.)

The Common Agricultural Policy (CAP) requires the systematic and timely
remote monitoring of Agricultural Lands and Grasslands

Pillar | of CAP - The detection of grassland mowing events at the parcel-level
has been identified as a key data product to assess the compliance with respect
several CAP measures, including the crop diversification and permanent
grassland areas maintenance

Most countries also define national regulations such as a reference date or
period for the mowing of permanent grasslands, as well as grazing events,
boundaries elements, mowing date or mowing within an agronomic year (e.g.
Spain, Italy)

Pillar Il of CAP - Conceptual Design of targeted agro-ecological and climate-
focused measures (CAP post-2020)



- Study Area
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The study was conducted in the country of Lithuania (April-October 2020)

1. Curonian Spit

2. Seashore

3. Coastal Lowlands

4. Samogitian Highlands

5. Venta Midstream Lowlands

6. Musa - Nevézis

7. The Lower Reaches of Nemunas
8. Sudovia

9. Dzikija

10. Higher Lithuania

© Alytus QO Teliai
* Based on Climatic Regionin of Lithuania 2013

© Klaipéda © Panevéiys (Lithuanian Hydrometeorological Service under the
Ministry of Environment of Lithuania)

o Utena O Siauliai

AgriHUB | Agriculture, Ecosystems and Environment Group



S EYOND Sentinel-2 Data
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The study was conducted in the country of Lithuania (April-October 2020)

Sample parcels (area > 0.5 hectares) are taken from 6 different regions of
Lithuania

Spatial Resolution: 10m x 10m

Sentinel-2 L2A
* Normalized Difference Vegetation Index (NDVI)
* Scene Classification (SCL) based on sen2cor L2A processor

THUEL TILUHG T34UFF T34VEH TISULA I35ULE TISLME TAVLL
Kiegwn 1 X X
Kigwon 2 X
Kegwon 3 X X
Kigwomn 4 X
Kiegwmn 5 X X

AgriHUB | Agriculture, Ecosystems and Environment Group Region 6 X



Sentinel-1 Data

BEYOND
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* Sentinel-1 GRD (rel. orbits: 58, 131) - Backscattering coefficients (VV-VH)

Sentinel-1 Coherence (rel. orbits: 58,131) - Coherence coefficients (VV-VH)

Spatial Resolution: 20m x 20m

S1 Relative Orbit: 131
51 Relative Orbit: 58

>

ry A

o o o o o o
& o° P Y & K K
2 o o & s o N .
& o8 S ¥ & -l o Ascending
01{‘;1:1]5?;13 Calibration {y,)
CIGIReU VI Apply Orbit File
, ‘ : SISLC T+ JAae
1
. '\
S

Rel.orbit 131 Rel.orbit 58
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§ Optical: Visible to Infrared
o
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Scattering off a rough surface
The variation in surface height is on
the order of the incoming signal’s
wavelength.

Reflection off a smooth surface
The angle of incidence, i, equals the

Descending angle of reflection
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Algorithm 1 Identification of outlier cases and removal

procedure OUTLIERS DETECTION( ey, 3, )
Read Series of size T: Sp (1)
for t €T do
Co — S7(t) — Sp(t—1)
(:3 —r ST(J', + l] — Sf;*(f,)
Cy, = C, —Cy
if (C, <wand Cy < 3 and O, < ) then
S; — NaN
end if
end for
end procedure

Other Masks:
« MAIJA
e Fmask

* s2cloudless

Cloud Masking

Epﬁ
«.@/‘i ‘&
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Common Temporal System of Reference

BEYOND
Centre of EO Research
and Satellite Remote Sensing
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Sparsity due to Cloud Coverage and Artificial Masking
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2000 -

1500 A

1000 A

500 -

Dense Time-series

Parcels Countplot

4% 10°

3x10°

2x10°

lDE 4
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Pixels Countplot




JBEYON)\D Artificial Masking on Dense Time-series
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BEYOND Why not Temporal Interpolation?
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 What when we have large gaps ?

0.6

0.4

 What when we have steep drops ?

—— SAR_ W
SAR_VH

————— INSAR_VV

——- INSAR_VH |

0.90
0.85
0.80
0.75
0.70

0.65

0.60
0.55 /

- NDVI Actual

- NDVI S1/52 Fusion

= NDVI Linear Interpolation
Input Cbservations

0.50

May Jun
2020
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S2 Time-Series
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Sentinel-1/Sentinel-2 Fusion

RGB




Sentinel-1/Sentinel-2 Fusion Results

BEYOND
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Mean Absolute Error on manually cut Observations
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/Q Sentinel-1/Sentinel-2 Fusion Results
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Training excluding Region 1
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Q Sentinel-1/Sentinel-2 Fusion Results

BEYOND

Centre of EO Research
and Satellite Remote Sensing

@ 51/S2 Fusion
—_ ¥ Linear Interpolation
Ly 0.12
<
=
-~ 0.10
-
S
L] 0.08 |
% v
= 0.06
) \ 4 ®
3 v Y »
- ¢
M
Q 0.02
=

0.00
™ © A
Q’L 0,)) Q- Q?) Qo Q
*\L S \\/, \\b *\L *\L
(c;\& (;\& k& (é’{& \é”\& k(;\(' Ké
() 2 () (o) (o) () 2
R R R R R R R

AgriHUB | Agriculture, Ecosystems and Environment Group



Sentinel-1/Sentinel-2 Fusion Results
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/Q Sentinel-1/Sentinel-2 Fusion Results
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Sentinel-1/Sentinel-2 Fusion Results

MAE
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BEYOND Photo-Interpretation Process for Validation Instances

and Satellite Remote Sensing
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Deep Learning for Events Detection
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Reference day of the year (DOY) for the mowing events and

Events Detection Accuracy the DOY predicted by the model
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Deep Learning for Events Detection
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Before Mowing: 2020-06-25 After Maowing: 2020-06-30 Prediction Range: (2020-06-23,2020-06-29)
=~

Before Mowing: 2020-07-20

After Mowing: 2020-07-30 Prediction Range: (2020-07-17,2020-07-23)

Before Mowing: 2020-06-18 After Mowing: 2020-06-25 Prediction Range: (2020-06-17,2020-06-23)

Mowing Prediction Mask D



Towards exhaustive CAP monitoring & Quantification of
BETOND Grassland Use Intensity

and Satellite Remote Sensing

Mowing Events Counts
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Q Remarks & Future work
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* A pixel-wise (DL) routine that can create dense NDVI time-series integrating both Synthetic Aperture Radar (Sentinel 1) and the
available cloud free Sentinel 2 acquisitions

* Anoriginal Deep Learning Mowing Detection Algorithm based on Recurrent Neural Networks

o5

* Meteorological and other ancillary metadata (e.g. topographic, DOY, LPIS subclass etc.) integration C—
* Evaluate more sophisticated architecture layers (e.g. self-attention) ‘%
* Analyze grasslands management activity of Lithuania and provide an eco-scheme knowledge i&&

“ o

* Generalization of pipeline to a variety of similar event detection tasks on SITS (e.g. Stubble Burning Detection)

e Sentinel-1B anomaly that occurred on 23 December 2021 is still on-going

AgriHUB | Agriculture, Ecosystems and Environment Group
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o
IVM S p 2022 Drivas, T., Sitokonstantinou, V., Tsardanidis, ., Koukos, A., Kontoes, C., & Karathanassi, V. (2022). A Data Cube of Big
e Satellite Image Time-Series for Agriculture Monitoring

Sitokonstantinou, V., Koukos, A., Drivas, T., Kontoes, C. and Karathanassi, V., 2022. Datacap: A satellite datacube and
crowdsourced street-level images for the monitoring of the common agricultural policy.

Tsardanidis, I., Sitokonstantinou, V., Koukos, A., Drivas, T. and Kontoes, C. 2022. Deep Learning Methods for Grassland
living planet|son Activity Monitoring.
symposium |2022
Sitokonstantinou, V., Koukos, A., Choumos G., Kontoes, C. DataCAP: Sentinel datacubes, crowdsourced street-level
images and annotated benchmark datasets for the monitoring of the CAP

A #1 || FALL
NI P MEETING Tsardanidis, I., Sitokonstantinou, V., Koukos, A., Drivas T. and Kontoes, C., "Deep Learning for Event Detection on

New Orleans, LA & Online Everywhere Grasslands", B42C-07 presented at 2021 AGU Fall Meeting, 13-17 Dec.

13-17 December 2021
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Deep Learning for cloud gap filling on NDVI
time-series

lason Tsardanidis, Alkiviadis Koukos, Vasileios Sitokonstantinou, Thanassis Drivas and Charalampos Kontoes

Abstract—The demand of interrupted optical time series is
essential for the detection ol evenls on grasslands. Nevertheless,
the continuwity of the Sentinel-2 time-series is often hindered
by intense cloud coverage, which is even more of an issue
for northern European countries. A collaborative exploitation
of both Sentinel-2 observations that are characterized as cloud
Iree and the Sentinel-1 Synthetic Aperture (SAR) measurements
which can be provided on a lixed time step can alleviate the
current problem. Taking into consideration the ability of Deep
Learning architectures o track temporal patterns and identily
correlations between optical and SAR data, we propose a CNN-
RNN based model that exports dense NDVI time-series of a static
f-day time resolution in order to detect events on grasslands. In
this study, pixel-level data from 7 different areas of Lithuania
extracted using an Analysis Ready Datacube (ARD) for the direct
comparison of the most usual gap-filling methodologies and ours
on a random selected time frames of variable sizes. Finally, it is
demonstrated that our model is able to provide dense artilicially
created NDVI time-series that can be deployed on the context
of a lully operational scenario and improve the accoracy of
evenl identification task on grasslands, as well as to eliminate
the abrupt changes and noise of NDVI time series due to cloudy
observations that applied masks are [requently not able to filter
oul.

Index Terms—S1-52 Fusion, Satellite Image Time-series, Event
Detection, Deep Learning.

I. INTRODUCTION

HE ever-increasing availability of remote sensing data

throughout the last decades, have direct impact on the
development of agricultural land and practices monitoring .
The maintenance of croplands is one of the basic pillars of
the socio-economic human activity. The Sentinel constellations
provide timely and accurately information of the high spatial
and temporal resolution, with no charge, which paves the way
to the enhancement of a plethora of applications related to
crop management, food security, climate change and control

range of ecosystem services, such as provision of fodder for
live stocking animals, wildlife habitats, filtering or retention
functions of waterways and greenhouse gas emissions, carbon
storage. pest control, crop pollination and protection against
s0il erosion | 10], [11]. Therefore, in order to ensure their high
ecological value but also regulate their controlled development
and shield their vulnerability, European Union introduced
in 2003 the Common Agricultural Policy (CAP). This is a
financial support system of subsidies directed to EU farmers
in order to enhance agricultural productivity and quality in
tandem with the maintenance of natural sources management
of rural areas and the balanced territorial development. For
this reason, following CAP’s 2013 reformation, a detailed
knowledge of the grassland use intensity and compliance
monitoring of every applicant is necessary for the adminis-
tration and control of requested support from the EU Member
States” (MS) paying agencies (PA) and control bodies (CB)
(1st pillar of the CAP, European Commission, 201 3a) and the
consolidation of agro-ecological measures for climate change
(2nd pillar of the CAP, European Commission, 2013b) [12],
[13].

In general, the vast majority of grasslands monitoring works
related remote sensing are addressing issues regarding the
discrimination of the different grassland categories (perma-
nent, temporal, etc.) from other land-cover types. Only few
of them are entirely focused on the assessment of grass-
land management intensity and detection of activity [13],
and in most cases, under the solely exploitation of optical
Earth Observation (EQ) data (MODIS, RapidEye, Landsat-§,
Sentinel-2 )|2], [14], [15], [16], [17] or any combination of
them (e.g. NASA Landsat-Sentinel Harmonized dataset)|13].
Several studies though, evaluate the mapping of the mowing or
erazing frequency using statistical methods over multi-spectral
time series on regional] 16] or national scalel 13], [11], [2].
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