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BEYOND | Agriculture, Ecosystems and Environment Group

Affiliated researchers

agriHUB - structure, scientific pillars and research questions
9 £ B 5 agriHUB Al team

Nikos Mpartsotas Numerical simulations of atmospheric and soil parameters
Weather forecasting, Risk analysis against perils, Resilient farming

Domain of application is Agriculture

Datacubes, Distributed Computing, APls, Semantics

Thanassis Drivas % ICT and Big Earth Data Engineering
Anastasis Katsos &

Emphasis in Computer Vision and
Image Processing
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St Indicative tasks

e Image classification

e Semantic Segmentation

e Fill missing values in SITS
e efc.

Ornela Nanushi

George Giannarakis

Blending Networks -
and Process-based Jason Tsardanidis
Models

Blending EO and
Meteorological data

Understanding the
Drivers of Earth
System Change
Ecological Memory

Alex Marantos

Information Extraction
from EO images

[ Physics-aware deep learning J)nsupervised feature represent.

i Spatio-temporal encoding for ] - - - DL Semantic
il Lveather and climate variables [ Multi-source HO image fusion ] Segmentation in EO

Causal discovery and [ Deep self-taught learnirg in EO] Transformers for
causal inference time-series classification

Emulatingiecologicalimsmmaty ] [ Deeq domain adaptation in EO ]

using RNNs
Explainable Al [ Gendrative Adversarial Networks ]
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Motivation — Deep Learning and Big EO data

Scopus publications (satellite classification + method) Scopus publication with “dataset” in the title
M Random Forest [l SVM [ Deep Leaming and “Sentinel” in the abstract
500
Year Number
400
2017 8
300
2018 16
200 2019 29
6 2020 51
2021 56
° 2015 2016 2017 2018 2019 2020 2021 2022
2022 26
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Motivation — Al as an enabler for CAP Monitoring

CAP Monitoring — Agricultural Subsidy Allocations
Farmers declare cropping practices to the Agricultural Paying Agencies

=> Land Parcel Identification Systems data (LPIS)
=>  Containing parcel geometries
=>  Crop type declaration for each parcel
-> 5% of declarations selected randomly for On The Spot Checks (OTSC)
Check for compliance - Random Sampling

Declarations Pool Declaration vs OTSC Action

95% Irrelevant No inspection — Pay subsidies

Agreement Pay subsidies
5% , :
Disagreement No subsidy / Penalty
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Motivation — Al as an enabler for CAP Monitoring

Current status —Smart Sampling — Crop Classification
o Exploitation of Big satellite data (Sentinel-1 and Sentinel-2)
e LPIS for annotations - Matching with satellite data using
o  parcel geometries and
o  crop type labels (declarations)
e Al models for crop classification trained on these data
e Sample field inspections on parcels appearing as non-compliant (classification vs declaration)

Smart Sampling

Classification vs Declaration Action
Strong Agreement No further action required — Pay subsidies
Weak (Dis)agreement Sample for field inspections

BEYOND Centre for EO Research &
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Limitations of Satellite Data - Towards Exhaustive Monitoring

2020-08-01 2020-08-06 2020-08-11

2020-05-02 2020-05-07 2020-05-12 2020-05-17 2020-05-22 2020-06-06

T

BEYOND Centre for EO Research &
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e Satellite data can only get us this far
o  Spatial resolution (10m-60m)
o Inappropriate for photo-interpretation
o  Temporal frequency limitations (cloud impact, 5-day revisit)

Agriculture, Ecosystems and Environment Group



Towards Exhaustive Monitoring

e Exhaustive Monitoring — More data sources from Space to Ground / More data modalities
o  Very High Resolution (VHR) satellite imagery
o Unmanned Aerial Vehicles (UAV)
o  Street-level Images

Towards Exhaustive Monitoring

Classification vs Declaration Action
Strong Agreement No further action required — Pay subsidies
Check street-level images ré
Weak (Dis)agreement If not enough — Fly UAVs Il
If not enough - Field inspections
| womkegmement  Nosubsidy/Penaly/Fiddinspections
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Data going from Space — to Ground

[ Images on the Street-Level }
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Data going from Space — to Ground

[ Images on the Street-Level

J

ﬁesearch focused on otheﬁ

domains (e.g., self-driving
cars, traffic sign detection,
etc.)

e Datasets mainly from urban
areas

e \/olume of data required to
cover single satellite
acquisition

e Attaching agricultural
annotations to street-level

\images /

Agriculture, Ecosystems and Environment Group
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Data going from Space — to Ground

[ Images on the Street-Level }

D [ eecwreremens ]

m'\’esearch focused on other\

domains (e.g., self-driving
cars, traffic sign detection,
person identification, etc.)

e Datasets mainly from urban
areas

e \/olume of data required to
cover single satellite
acquisition

e Attaching agricultural
annotations to street-level

\images /
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Data going from Space — to Ground

|

Images on the Street-Level

D [ eccwreuiemens |

ﬁesearch focused on other\

domains (e.g., self-driving
cars, traffic sign detection,
person identification, etc.)

e Datasets mainly from urban
areas

e \/olume of data required to
cover single satellite
acquisition

e Attaching agricultural
annotations to street-level

\images /

(Decentralization of data \

collection effort

e Enhance focus on
agricultural areas

e Robust annotation
framework for
ground/street-level imagery

\ /

Agriculture, Ecosystems and Environment Group
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Data going from Space — to Ground

[ Images on the Street-Level }

_ — [ Needs/Requirements ] —> _
¢ J

Gesearch focused on other\ Gecentralization of data \

domains (e.g., self-driving collection effort
cars, traffic sign detection,
person identification, etc.)
e Datasets mainly from urban e Enhance focus on
areas agricultural areas
e \/olume of data required to
cover single satellite

acquisition e Robust annotation
e Attaching agricultural framework for
annotations to street-level ground/street-level imagery
= VRN /
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Data going from Space — to Ground

-
[ Images on the Street-Level

_ —> [ Needs/Requirements ] —) [ Solutions

KResearch focused on other\ mecentralization of data \ ( Decentralization through\

domains (e.g., self-driving collection effort Crowdsourcing
cars, traffic sign detection, .
person identification, etc.) Mapillary
e Datasets mainly from urban e Enhance focus on
areas agricultural areas e Annotation through LPIS
e \/olume of data required to and coordinate
cover single satellite transformations
acquisition e Robust annotation :
e Attaching agricultural framework for @ DataCAP
annotations to street-level ground/street-level imagery e Space2Ground dataset

\\images / K / Kavailability /
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Mapillary Crowdsourcing Platform

<\ Mapillary

Image by dandrimont Oct 10,2017
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Mapillary Crowdsourcing Platform
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Annotating SLIs - DataCAP approach

55034

55035

55036
55037

55038
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Combining Street-level images in the Netherlands with Dutch LPIS
labels openly available.

GEOMETRI_1 GWS_GEWAS id geometry
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DataCAP annotation approach

4
175 1

[] rght parcel
. left parcel
@ street level image

117 4
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DataCAP

Demonstration
SLI-part

®
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Extending SLI coverage for Agriculture Purposes

e Field inspectors of agricultural PAs cover large distances while visiting parcels
e Take advantage of this fact to boost agricultural coverage of SLls
e Minimize overhead by using current operational framework

BEYOND Centre for EO Research & ~Bevonp
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Extending SLI coverage for Agriculture Purposes

e Field inspectors of agricultural PAs cover large distances while visiting parcels
e Take advantage of this fact to boost agricultural coverage of SLls
e Minimize overhead by using current operational framework

e We could mount a camera on field inspector vehicles
e Automate capture per time and/or distance

BEYOND Centre for EO Research & ~Bevonp
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Extending SLI coverage for Agriculture Purposes

e Field inspectors of agricultural PAs cover large distances while visiting parcels
e Take advantage of this fact to boost agricultural coverage of SLls
e Minimize overhead by using current operational framework

e We could mount a camera on field inspector vehicles
e Automate capture per time and/or distance

Let’s see the Cyprus / CAPO example:

Iskele

LLLLLLL
aaaaaaaaaaaa

uuuuuuu

nnnnn
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H2020 CALLISTO - Field Campaigns

e NOA /CAPO collaboration on street-level image capture

e 2 Field Inspectors involved
o 1 with regular acquisitions

o 1 with occasional acquisitions

e Almost 1 year of acquisitions:

BAA

Agriculture, Ecosystems and Environment Group

BEYOND Centre for EO Research &
Satellite Remote Sensing
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H2020 CALLISTO - Field Campaigns

e NOA /CAPO collaboration on street-level image capture
e 2 Field Inspectors involved

o 1 with regular acquisitions

o 1 with occasional acquisitions
e Almost 1 year of acquisitions

N

BEYOND Centre for EO Research & _BEYOND

of Excellence
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H2020 CALLISTO - Field Campaigns

Achievements of field campaigns

e ~ 340k images acquired up to now
More than 5000 km distance covered!
Top contributors in Cyprus for Mapillary
Largely focused on Agricultural Areas
Dispute resolutions - Potential for Al applications

Cyprus

Alltime  Thismonth  This week

no. of images

#1 noal 295.0K

#2 stpkyriakou 164.2 K

WhanTwo 103.7K

#4 healixx 85.3K

ozkanilyasaksu 67.5K

BEYOND Centre for EO
Research & Satellite BEYOND
Remote Sen5|ng for EO Sciences and Services

noa2 38.3K




Field Campaigns — Acquisition Examples

Camera mounted on the front / windshield:
link to front-mounted camera sequence

Camera mounted on the side window:
link to side-mounted camera sequence

Action-camera sequence example:
link to action camera sequence

BEYOND Centre or EO
Research & Satellite BEYOND
Agriculture, Ecosystems and Environment Group Remote Sensing S e


https://www.mapillary.com/app/?lat=34.99698925535898&lng=32.53253410049206&z=17&dateFrom=2021-06-01&dateTo=2022-01-20&username%5B%5D=noa1&username%5B%5D=noa2&pKey=300391581570805&focus=photo
https://www.mapillary.com/app/?lat=35.05860570010098&lng=33.50386489999801&z=17&dateFrom=2021-06-01&dateTo=2022-01-20&username%5B%5D=noa1&username%5B%5D=noa2&pKey=418436043627384&focus=photo
https://www.mapillary.com/app/org/agrihub?lat=35.087436799972&lng=33.0216629&z=17&dateFrom=2021-06-01&dateTo=2022-01-20&username%5B%5D=noa1&username%5B%5D=noa2&pKey=1971252849741471&focus=photo

Exploiting agricultural SLI volume and DataCAP framework

e Street-level images are not only photo-interpretation material
e Volume available + DataCAP annotation framework
o Potential for DL on SLlIs
o Potential of fusing Space & Ground components to a single dataset
e Common labels (LPIS) for Space (Sentinel-1/2) and Ground (SLI) components

BEYOND Centre or EO
Research & Satellite  “sevono
Agriculture, Ecosystems and Environment Group Remote Sensing S e



Exploiting agricultural SLI volume and DataCAP framework

e Street-level images are not only photo-interpretation material
e Volume available + DataCAP annotation framework
o Potential for DL on SLlIs
o Potential of fusing Space & Ground components to a single dataset
e Common labels (LPIS) for Space (Sentinel-1/2) and Ground (SLI) components

“Towards Space-to-Ground Data Availability for Agriculture Monitoring”

.lllll- !“"\’"{":w@IEEE IEEE @

Society-

BEYOND Centre or EO
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Exploiting agricultural SLI volume and DataCAP framework

e Street-level images are not only photo-interpretation material

e \olume available + DataCAP annotation framework
o Potential for DL on SLlIs

o Potential of fusing Space & Ground components to a single dataset

e Common labels (LPIS) for Space (Sentinel-1/2) and Ground (SLI) components

“Towards Space-to-Ground Data Availability for Agriculture Monitoring”

e umse S IEEE oo

Society-

Space2Ground Dataset

Space2Ground is a multi-level, multi-sensor, multi-modal dataset, annotated
with grassland/non-grassland labels for agriculture monitoring. We combine
Sentinel-1 SAR data, Sentinel-2 multispectral data and street-level images
for the purpose of grassland detection.

Agriculture, Ecosystems and Environment Group

Space-2-Ground Dataset

// Sentinel-1 ARD \;

Sentinel-2 ARD

_|..
_|_
+

Grassland / Non-Grassland
Labels

h

_4

) GitHub

BEYOND Centre or EO
Research & Satellite
Remote Sensing

" BEYOND
Com Bl



Achieving Exhaustive Monitoring - Data Availability

e Data sources from Space and Ground
o Plethora of available data sources / datasets
o  Connection between Space and Ground components?

Space-2-Groud Data Availability

Component Source / Dataset examples
Space BigEarthNet, DENETHOR, ZueriCrop, Sen4AgriNet, CropHarvest
Ground iCrop, CropDeep, CWFID
Space & Ground ?

BEYOND Centre for EO Research &
Satellite Remote Sensing
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Achieving Exhaustive Monitoring - Data Availability

e Data sources from Space and Ground
o Plethora of available data sources / datasets
o  Connection between Space and Ground components?

Space-2-Groud Data Availability

Component Source / Dataset examples
Space BigEarthNet, DENETHOR, ZueriCrop, Sen4AgriNet, CropHarvest
Ground iCrop, CropDeep, CWFID
Space & Ground X

No datasets combining Space and Ground components exist!

BEYOND Centre for EO Research &

Satellite Remote Sensing BEYOMD

Agriculture, Ecosystems and Environment Group



Space Component

™A Sentinel-1
— SAR

' Sentinel-2
Multispectral

Ground Component

Street-level
images
Optical

Mapillary

VV &VH
Backscatter
Coherence

Space-2-Ground Dataset

Bands
2!3!4!5!6!718l
8A,11,12

A 4

S1 Object-
based SITS

Label images
(using LPIS)

S2 Object-
based SITS

Y

(=

entinel-1 ARD

A

_|_

- -

\ 4

Agriculture, Ecosystems and Environment Group

Separate
parcel sides
(left,right)

Extract
vegetation
patches

Clustering &
cleaning

' I

BEYOND Centre for EO Research &

Y

/ Sentinel-2 ARD /

_|_

/Street-LeveI Images AR[y

_|_

/

/ Crop type labels (LPIS)

/

Space-2-Ground Dataset
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Space-2-Ground Dataset - Components

Space Component

e Sentinel-1 Synthetic Aperture Radar data
o  VV & VH Backscatter & Coherence
o S1time-series data on the object-level (ie. parcel level)
e Sentinel-2 Multispectral data
o Bands: B02, BO3, BO4, BO5, BO6, BO7, BO8, B8A, B11, B12
o S2time-series data on the object-level (i.e., parcel level)
e Parcel geometries used in order to aggregate on the object level (Land-Parcel Identification Systems data - LPIS)

Space Component

.
: L WV &VH o /
™% I Backscatter > | o1 Object > / Sentinel-1 ARD /
i Coherence B3¢
N Wil paanee S2 Object- |
fiispecta PO > |based SITS g / Sentinel-2 ARD /
Eil )

BEYOND Centre for EO Research &
Agriculture, Ecosystems and Environment Group Satellite Remote Sensing
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Space-2-Ground Dataset - Components

Ground Component

e Street-level Images
o  Crowdsourced, openly-accessible data — Mapillary platform

o  Annotation using acquisition coordinate transformations and LPIS parcel geometries (based on
DataCAP methodology)

o  Further preprocessing steps (both procedural and Machine Learning) to clean-up and isolate
vegetation patches of each image side

Ground Component +
e Street-level Label images Separe.lte Extra(?t Clustering &
| T (using LPIS) pzrc;tel sf?s veg(tetﬁtlon cleaning Street-Level Images ARD
o g z eft,right patches
Optical . , , :

_|_
KM* Mapillary

/ Crop type labels (LPIS)/
\Z /

v
& g

rr\Lag lon2
O

Space-2-Ground Dataset
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Initial Ground/Street-level Image

Image Labels >
parcel id: 1, crop: Grassland
parcel id: 2, crop: Grassland

BEYOND Centre for EO Research &
Agriculture, Ecosystems and Environment Group Satellite Remote Sensing

BEYOND
o £




Split image in half - Separate labels

e parcel id: 1 parcel id: 2
ot A crop: Grassland crop: Grassland

il

8 =con
116 4

BEYOND Centre for EO Research &
Agriculture, Ecosystems and Environment Group Satellite Remote Sensing
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Extract vegetation patches

0%-30%
70%-100%
of width

20%-50% of height

Vegetation patches
resized to (260,260) px

Grassland Grassland

BEYOND Centre for EO Research &
Agriculture, Ecosystems and Environment Group Satellite Remote Sensing S e
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Clustering and Cleaning

VGG16 representation PCA i

conv1 :
vegetation patch — G
_ / o = l top 100 components
Data in 5 Clusters
£ >:<; 12.54
& 1IE || 8 i
14 x14x512 T 7.54 °
28x28x512 7x7x512 sol °
56 x 56 x 256 2'5 K-means
2% 125128 (1) convolutional + ReLU %
Eﬂ max pooling 237
@ fully connected + ReLU 0
224x224x3 e ,
0 2 4 6 8 10 12 14
BEYOND Centre for EO Research & /Q\
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Clustering and Cleaning

Cluster 3@/200 Cluster 1?/200 . ;
Cluster size 288. Grasslands: 265 Non Grassland: 23 Cluster size 319. Grasslands: 266 Non Grassland: 53
Non_G Non G

Non_G

R

S
-
—1
.
Non_G
.
cass

BEYOND Centre for EO Research &
BEYOND
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\?s“ sentinel-2

4

Benchmarking - Model fusion

time

Street-level images

8,875 Grasslands
1,227 Non Grasslands

Crop classification

RF, SVM, TempCNN, LSTM, l
LSTM + Attention

s

Crop classification T o
Pre-trained on Imagenet - Reverse decision

ResNet, EfficientNet, VGG,
Inception v3

Low confidence l
decisions

\/

BEYOND Centre for EO Research &
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,'s“ sentinel-2

Model fusion

4

time

Street-level images

Crop classification
RF, SVM, TempCNN, LSTM,
LSTM + Attention

Method SVM RF TempCNN | LSTM | LSTM+Attention

Accuracy | 93.69% | 94.68% | 9522% | 95.14% 95.20% Inception v3 = 85%

FI score | 85.22% | 88.08% | 89.96% | 89.85% 90.05%
Low confidence l R
decisions

BEYOND Centre for EO Research &

Agriculture, Ecosystems and Environment Group Satellite Remote Sensing oD



CALLISTO Data Repository - Al4Copernicus

https://github.com/Agri-Hub/Callisto-Dataset-Collection/

= README.md

Al for Copernicus - a data repository by CALLISTO

A list of datasets aiming to enable Atrtificial Inte e applications that use Copernicus data.

Callisto Generated Datasets

Data

Source Type Paper Code Relevant implementations

Street

Parcel  Netherlands

Agriculture, Ecosystems and Environment Group

Releases

Packages

Contributors 4

@ cisk

@ ochoumos

. vsitokonstantinou
. ggiannarakis

BEYOND Centre for EO Research &
Satellite Remote Sensing


https://github.com/Agri-Hub/Callisto-Dataset-Collection/

Space-to-Ground v2 - Work in Progress

Improving the Ground-component
e Llarge percentage of street-level acquisitions are noisy and become difficult to use
® \egetation extraction
o Unlike satellite imagery, it is difficult to isolate parcels and extract vegetation parts of image
o Images ignored because of which part vegetation appears in
o  Rule based approach can only get us that far

Can we improve our data? How?

BEYOND Centre for EO Research & Q
Agriculture, Ecosystems and Environment Group Satellite Remote Sensing




Space-to-Ground v2 - Work in Progress

Improving the Ground-component
e Llarge percentage of street-level acquisitions are noisy and become difficult to use
® \egetation extraction
o Unlike satellite imagery, it is difficult to isolate parcels and extract vegetation parts of image
o Images ignored because of which part vegetation appears in
o  Rule based approach can only get us that far

Semantic Segmentation
e |[solate vegetation through semantic segmentation
®  Greatly increase the amount of images utilized
e Potential for identification of more items of interest within each image (animals, buildings, etc.)

Mask
head

Proposal

Back
ackbone head

Fusion

Seglaztic BEYOND Centre for EO Research &
Agriculture, Ecosystems and Environment Group o Satellite Remote Sensing




Space-to-Ground v2 - Semantic Segmentation

Initial image

—TC

.A | L
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Space-to-Ground v2 - Semantic Segmentation

BEYOND Centre for EO Research &
Agriculture, Ecosystems and Environment Group Satellite Remote Sensing




Space-to-Ground v2 - Semantic Segmentation

Initial image )
Image detections

BEYOND Centre for EO Research & /Q\
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Alternative Data Sources
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Remarks & Future work

» Enhance quality of the datasets:
o Improve street level annotation methodology
o Quality Assessment of street-level images (e.g. No Reference/ Reference IQA)

o ldentify the agriculture part of the image using Semantic Segmentation and apply on side
captures
o Augment semantic segmentation labels, by adding crop types instead of merely vegetation

» Create analysis ready benchmark dataset from our campaigns in Cyprus containing 100s of
thousands of images & enhance street-level image based crop classification

« Explore DL models for early and late fusion of space and ground data
o Lightweight DL models
o SOTA DL architectures (Transformers, RNNs, etc)
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