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Technology is the answer
But what was the question?

Cedrid Price, 1960
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Climate change, extreme events, biodiversity loss

Need for reliable and timely information




Multi-Source Remote Sensing for Agriculture
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Multi-Source Remote Sensing for Agriculture
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Classification

Availability of large amounts
of multi-source data
(satellite, drone)

Identifying crop types, management, land use.
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accommodate the volume,
heterogeneity, and temporal
frequency of data.
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‘ Data Fusion
‘. Integrating optical, radar, and ancillary data to
N improve accuracy and temporal coverage.

Crop Condition Assessment
! Monitoring vegetation health, stress,
\ phenology.

\ Yield Estimation
\ Estimating yield using machine learning and
time-series analysis.



Leibniz
Association

EO data can be used to map crop types, land use, and agricultural
practices at scale.

It can serve as a baseline for understanding spatial patterns and tracking
land cover dynamics.
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Field level irrigation mapping

Sentinel-2 spectral bands+ Sentinel-1 Landsat LST
NDVI A% Land Surface
TC indices (Brightness, Greenness, Wetness) VH temperature
MNDWI VV/VH

NDMI

Aggregation Minimum, maximum, Q50, Q25, Median,Q75, IQR,STD

Four final classes:

« Spring cereals

*  Winter cereals

* Maize

« Other (Potato, Sugar beet)

Three periods:

» March- end of September
* April-June

» July-September



Field level irrigation mapping
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Maps of irrigated areas in 2018 for a) maize, b) other crops, ¢)

Spring cereals and d) Winter cereals
Ghazaryan et al, 2025



Field level irrigation mapping S o
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a) Spring cerals - 2016 b) Spring cerals - 2018
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Intermediate crop mapping RN
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Crop type map of Brandenburg and field images of the three selected
crops and the corresponding classification output at pixel level
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Jensch et al., 2025



Irrigation Systems mapping

Leibniz
Association

36°0'0"E 39"(2'0”E

42°0]'0"E

REFERENCE
User’s
Irrigated Rainfed TOT accuracy
(%)
Irrigated 107,353 2,714 110,067 97.53 z z
PREDICTION S B
Rainfed 1,785 99,603 | 101478 98.24 & b
TOT 109,138 | 102,407 Total Samples:
------------ 211,545 !
Producers 1 i Overall Accuracy:
Accuracy 98.36 97.35 97.87% :
(%) ‘ : ‘ BN
! ' ! KENYA
o o
Specifications
f P
Implementation
o Lo
o 2
[l ™
77777777777777777777777777777777777777777 Legend
5 T ko A a8
o 8 : / . inel-
3 I rrigated cropand | g 129 240 Prmelgtae‘:'r’sl:m%fﬁeﬁgss DEM,
w [ Rainfed cropland 1 Kilometers DEA Cropland Mask
36°00'E 39°00°E 42°00'E

N
_| Users User Validation Process

Farming Systems for Kenya:
Version 3 — updated training
data, updated cropland
mask, additional protected
areas mask, ET, LST

Schwarz et al., 2024



. u VNI '\ : S “&m'w*‘MM
} l'.l -‘I, l'o .." bl o /
LI ‘\AA?.. s { MRYVIVT S '-.\\" AR CRRINL T

& A

. Crop phenology is critical for agricultural management and
agroecosystem assessment

« Temporal signatures can be used for distinguishing land-cover types
and for mapping land-use change

. Important mformatlon for y|eId estimation




Crop phenology assessment

Variable

Growing season

Maximum

75% Quartile
25% Quartile

Integral

Amplitude
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Harfenmeister et al.

Heading
BBCH 51 - 59

Flowering
BBCH 61 - 69

Fruit Develop.
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https://www.dwd.de/EN/ourservices/warnwetterapp/warnwetterapp.html;jsessionid=FAE810A41AB5C119F79BBC465E7B7C50.live31082
https://www.dwd.de/EN/ourservices/warnwetterapp/warnwetterapp.html;jsessionid=FAE810A41AB5C119F79BBC465E7B7C50.live31082

Satellite data availability vs maize phenological phases

A) Lower Saxony
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B) Brandenburg
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inel 2) and RVI (Sentinel 1) (Winter Wheat)
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Crop phenology assessment
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Crop phenology assessment
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Maize emergence
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« Accurate information on drought occurrence is essential to mitigate the
negative effects on cropping systems.

« This information can be used for policymaking, risk management, and
early drought warning systems




High Resolution Crop Condition
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Season Based stratificantign based on phenology

2018 Long rains 2022 Long rains
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Crop Condition maps for Long rains season for 2018 and 2022.
(Data: Sentinel-2, AEZ, ESA World Cover v2), Random Forest
Model

Mirmazloumi et al., 2025 (in preparation)
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National scale Drought Risk assessment

Random Forest for Drought Irrigation as input for
hazard probability g N Vulnerability
1 1 1 1 ”
5 woen High : 100%
0 0572022 o - Drought Vulnerability (%) °
] =) L Low : 0%
o4 L L
OO (2}
™ o L
o 0 130 260
E— km
fo 35’(;'0"E 40”(;‘0”E
S . L
°O 1 1 1 1
» z
o .- B S- L L
54 &
™ 0 130 260 0 130 260
1 km km
3500 40°00°E 3500 40°00°E g7 ] i
e High: 100%
Drought Hazard Probability (%) - o
L Low: 0% 21 - -
i . N 0 130 260 0 130 260
Drought Hazard, Risk and vulnerability for May 2018 and May 2022 —km —

(Data: FAOSTAT, Copernicus Land Cover, MODIS, Sentinel-3, TAMSAT) 35°00°E 4000 3500 4090
weem High: 100%

Drought Risk (%) Schwarz et al., 2024
Low: 0%



Evapotranspiration
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ADM-KENYA . ADM-KENYA
POLICY REPORT O POLICY REPORT

EARTH OBSERVATION FOR DROUGHT

SATELLITE-BASED EARTH OBSERVATION DATA FOR FARMING
RISK AND IMPACT ASSESSMENT SYSTEM MANAGEMENT AND WATER DYNAMICS MONITORING
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https: Dub/ication.admkeva.eu 'ADM_Kenya_PolicyReport_1.pdf

https://publications.admkenya.eu, ADM Kenva Policy. Report 2.pdf



https://publications.admkenya.eu/ADM_Kenya_PolicyReport_1.pdf
https://publications.admkenya.eu/ADM_Kenya_Policy_Report_2.pdf
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Estimating yields is essential for anticipating food supply, managing risk,
and guiding agricultural policy.

Remote sensing and machine learning provide scalable approaches to
estimate production across space and time.




Yield assessment

7\ ol 7 X /) /)
SRV ARV AV (Y (Y )
- fixed sowing dates SR A Al Moy ARG

301 \.. N~y - Aty \A \ At/ \A Aty \A Aty
s

* precipitation rule — 10,13, 20, 25 P LS RS RS RS

-354

and 30 mm as precipitation S| B | S S | R R —
threshold N % T 4 R, ;

® B ek e W
Simulated maize yield (t ha?)

« RS-based sowing dates - 10,20, | 7/  « )« )
. A Pq,‘f*’/}‘ A ‘j‘_‘r’“ 4 H ’,_q)’” pd f‘w“‘w 1_1,“7," ‘*1!\” P
30, 40 and 50 days fro sowing to |0~ 0 f S RS |

greenup 1 || 20 [ 30 || 40 || 50 |
f'v \7.~ ,/J 7-‘- B z/./ J V‘-

o el el Bl el s
s c ‘:_‘l;//*ér:, ": 5 Vs -‘Y;ﬂ P A B e Eos: = ¥ o 3 A " = 9. 18 ,

LA
— & / ¢ . f
304 \ { /:/' &Koy, { p /f
- \A 'w ) A \ A/ A \ ,.""\ e
d ) W A /S ) Vo i

Maize yield simulated using sensitivity scenarios © ¢ ¢ © = 3
based on fixed sowing dates (a), precipitation
rule (b), and RS-based sowing dates (c) in the
period 2001-2016 Rezaei et al,, 2021



Yield assessment

Fixed sowing date Precipitation rule Remote sensing
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estimated with the precipitation rule and the observed yield



Yield assessment
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Yield assessment
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Three crop types (RGB aerial image and yield map) G
Input: RGB UAV
images and crop yield
point recordings

Soy Maize Sunflower Sliding window sampling for each field to compile dataset

Fields for training and validation Arsa extraction
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Analysis of food systems
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DROUGHT
AND HEAT

EOAgriTwin IRRIGATION

Earth Observation based Digital Twin for Resilient IMPACT 555 o

Agriculture under Multiple Stressors .

MAIZE, WHEAT,
To create a comprehensive virtual replica of TOMATO, POTATO
agricultural systems, at multiple scales, with a

focus on agriculture under multiple stressors, and

to deliver functional Digital Twin to support PERFSLG;ANCE
monitoring of crop condition, simulation of growth COMPUTING

dynamics and production under different
conditions and stress factors.

¢
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Towards digital twin for agriculture SN S o
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EO Data models and heat Impact Stressors
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Management Scenarios and Drought Impact
Silage Maize - 2018 March
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Larger Landscape

Towards large scale assessment, Remote sensing foundation

models ton.

PRESTO '

l Sentinel-2
Lightweight, Pre-trained Transformer = @ -

Agriculiral Land

Cover Mapping
for Remote Sensing Timeseries
L 5 ﬁ useful for diverse EO applications

Galileo Crop type maps

Flood Detection

Tseng et al., 2025

Earth Observation
Digital Twin Components -
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, Urban areas
& & smart cities
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Thank you for your attention
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