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Please download data for todays pract

https://ruhr-uni-
bochum.sciebo.de/s/H4gHI9M48S9yyy

pQ

Or directly from eo-college
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What is drought?

* Drier than normal condition leading
to water shortage

* |Impacts on environment and
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Drought types

Socio-economic
Meteorological drought drought
Agricultural drought
Hydrological drought
> [Crocetti et al, 2020]
duration of drought ,
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How do we quantify drought?

« Drought is not a physical variable but an indicator of deviating conditions,

ways

Rainfall January-April
2022 [mm]

Ay <

Rainfall (mm)

Australian total rainfall (mm) '
1 February to 30 April 2022
Australian Gridded Climate Data

L-1¢ of Buroau of

Anomaly from long-term mean
rainfall [mm]

and can be expressed in various

Percentages of long-term mean
rainfall [mm]

Australian rainfall anomaly v
1 February to 30 April 2022
Australian Gridded Climate Data

Base period: 1961 — 1900

Australian rainfall percentages 1]
1 February to 30 April 2022
Australian Gridded Climate Data

Basa period: 19611900

O C ot Burgau of

2o of Buneau of

http://www.bom.gov.au/climate/maps/rainfall/?variable=rainfall&map=totals&period=3month&region=nat&year=2022&month=03&day=31
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http://www.bom.gov.au/climate/maps/rainfall/?variable=rainfall&map=totals&period=3month&region=nat&year=2022&month=03&day=31

Monatssumme des Niederschlags

fur Februar 2022
< Absolutwert

Minimum Summe

5 mm 56 mm

Maximum

307 mm

< Abweichung zum Bezugszeitraum 1961-1990

Minimum Summe Maximum

26 % 84 o

169 %

powered by ZAMG data + CYLEDGE coding

>

powered by ZAMG data + CYLEDGE coding -

+ 11 = 0

Monatssumme des Niederschlags
fur Oktober 2022

< Absolutwert >

Minimum Summe Maximum

7 mm 56 mm 218 mm

powered by ZAMG data + CYLEDGE coding

< Abweichung zum Bezugszeitraum 1961-1990 >

Minimum Summe Maximum

18 % 80 « 193 %

1 1 1 1 } I

0 15 30 45 60 75 90 110 130 150 180 235 300

Different scenario of drought for
different seasons

https://www.zamg.ac.at/cms/de/klima/klima-
aktuell/klimamonitoring

powered by ZAMG data + CYLEDGE coding

Il—--— - . II EI_VA
- I - EE AN

am E —a | i 1wl » THE EUROPEAN SPACE AGENCY
ESA Land Trainina Course 2025 — Bueechi. Luintel


https://www.zamg.ac.at/cms/de/klima/klima-aktuell/klimamonitoring
https://www.zamg.ac.at/cms/de/klima/klima-aktuell/klimamonitoring
https://www.zamg.ac.at/cms/de/klima/klima-aktuell/klimamonitoring

Drought Indices

Indices -> standardized values express moisture

deficit: SMA Precipitation Anomaly 1
Standardized Precipitation Index (SPI), using S, @
Precipitation only _ VCI ESI S Rﬁg%fgogﬂomaly@“ldexg
Standardized Precipitation- E” S P IWDI Lumé
Evapotranspiration Index (SPEI), using P and D_ :
potential ET CM I USDM =

. et SWI SMI E
Palmer Drought Severity Index (PDSI), based P D S I o
onPand T MSDI
Self-calibrating PDSI
And many more...
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Calculation of drought index
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How is drought index calculated?

Drought Index Calculation Workflow
Step 1: Monthly Soil Moisture Data (2010-2020)
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standardization with
normal distribution
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How is drought index calculated? I‘

301 e All months
BN june data
- Example of
£ 30- . . .
2 standardization with
= 20
“II\“ “ | “““ “‘ ||H M“ “ll‘ “‘"H “"h “h" “ll“ I
; I I . ‘ fitting (z-score)
2010 2012 2014 2016 2018 2020
Step 2: June Data (1961-2020)
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How is drought index calculated? I‘

50 1 mm All months
BN june data

2] Example of
@
S 30 . . .
7 standardization with
= 20

; I I . ‘ fitting (z-score)

2010 2012 2014 2016 2018 2020
Step 2: June Data (1961-2020) Step 3: June Frequency Distribution
—=. Mean = 15.0% 121 i —= Mean = 15.0%
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How is drought index calculated?

Drought Index Calculation Workflow
Step 1: Monthly Soil Moisture Data (2010-2020)

- All months
BN june data

Example of
TN
| normal distribution
0 “M“ “I‘l “H“ “‘ N “II‘I “‘"H “Ilh H‘h"‘ “II“ fitting (z-score)

2010 2012 2014 2016 2018 2020

Soil Moisture (%)
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Step 2: June Data (1961-2020) Step 3: June Frequency Distribution Step 4: June Probability Density
T
—=. Mean = 15.0% 121 —= Mean = 15.0% 025 1 [ B Empirical PDF
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How is drought index calculated?

Drought Index Calculation Workflow
Step 1: Monthly Soil Moisture Data (2010-2020)

50 1 mm All months
BN june data

Example of
TN
| normal distribution
0 “M“ “I‘l “H“ “‘ N “II‘I “‘"H “Ilh H‘h"‘ “II“ fitting (z-score)
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How is drought index calculated?

Soil Moisture (%)

Soil Moisture (%)

Cumulative Probability
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Drought Index Calculation Workflow
Step 1: Monthly Soil Moisture Data (2010-2020)

2010 2012
Step 2: June Data (1961-2020)
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Step 3: June Frequency Distribution

== Mean = 15.0%

16 18
Soil Moisture (%)

Step 6: June Drought Index

=== Standard Normal

T
I
: —— Mean =0
|

-1 0 1 2
Drought Index (Z-score)
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Step 4: June Probability Density

Probability Density
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I Empirical PDF
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Example of
standardization with
normal distribution
fitting (z-score)
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How is drought index calculated?

Drought Index Calculation Workflow
Step 1: Monthly Soil Moisture Data (2010-2020)

50 1 mm All months
BN june data
2] Example of
@
S 30 . . .
7 standardization with
E 20,
= . . .
; I I . fitting (z-score)
2010 2012 2014 2016 2018 2020
Step 2: June Data (1961-2020) Step 3: June Frequency Distribution Step 4: June Probability Density
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Standardized Precipitation Index

1. Probability Density Function
o [ Frequency Distribution

= Gamma PDF (fitted)

SPI fits actual, long-term precipitation 5 \
record to probability (gamma) distribution "
(left), which is then transformed into a

0.010 -

Frequency Density

o
o
=]
B

normal distribution (right) so that the mean 0002
SPI for the location and desired period is e e
zero and the SPI is expressed by a z-score reepteten
Two basic assumptions:
- Variability of precipitation is much
higher than that of other variables, (e.g.,
Tand ET,)
- Precipitation and other variables are
stationary (i.e., they have no temporal
trend)
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Standardized Precipitation Index

1. Probability Density Function
o [ Frequency Distribution

= Gamma PDF (fitted)

SPI fits actual, long-term precipitation g \
record to probability (gamma) distribution "

(left), which is then transformed into a
normal distribution (right) so that the mean 0002
SPI for the location and desired period is e e
zero and the SPI is expressed by a z-score

0.010 -

Frequency Density

o
o
=]
B

Precipitation (mm)

2. Cumulative Distribution
1.0

Two basic assumptions: o0t
- Variability of precipitation is much o8 %
z
higher than that of other variables, (e.g., ER
o 50%
Tand ET,) f .
- Precipitation and other variables are 5 .
. . 0.2
stationary (i.e., they have no temporal o 1l
—_— mpirica
tre n d ) 0.0 —— Theoretical CDF (Gamma)
0 50 100 160 200 250 300
Precipitation (mm)
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Standardized Precipitation Index

1. Probability Density Function

[ [ Frequency Distribution
0010 g\ = Gamma PDF (fitted)
0.008
SPI fits actual, long-term precipitation g \
record to probability (gamma) distribution 2
(left), which is then transformed into a £ oo
normal distribution (right) so that the mean 0002
SPI for the location and desired period is 0000 | | | _
0 50 100 150 200 250 300
. Precipitation (mm
Z€ero and the SPl 1S expressed by a Z-score 2. Cumule:ive Di(striljution 3. CDF to SPI Mapping
Two basic assumptions: " 10— Theoeloalflapbing | |
. 90% [ ] 1
- Variability of precipitation is much - o . | »
z z P l P
higher than that of other variables, (e.g., ER ERY . 0
Tand ET,) RNV
- Precipitation and other variables are 3 e 3 i3i5ig/ | .
stationary (i.e., they have no temporal “ L1 v j - "";
trend) 0.0 S TheF:)retical CDF (Gamma) 0.0 o :« ig i§ Eg EE
0 50 100 160 200 250 300 -4 —I2 I (I] ' é 4
Precipitation (mm) SPI Value
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Standardized Precipitation Index

1. Probability Density Function 4. SPI Normal Distribution
W 1 Frequency Distribution m [ SPI Distribution
0.010 g\ = Gamma PDF (fitted) o 7/" : :"::‘itsgjala\]rgr::mal
) o ) _ 0.008 . |
SPI fits actual, long-term precipitation \ X / \
record to probability (gamma) distribution 2 < /
o a 0.2
(left), which is then transformed into a 000 :
normal distribution (right) so that the mean 0002 o1
SPI for the location and desired period is soe L e e el 1L TTLTEL L
] - - = - 3 4
zero and the SP! is expressed by a z-score
Two basic assumptions: " . R 1 B R
- Variability of precipitation is much o8 1% o | :
z z P l i
higher than that of other variables, (e.g., ER %00 - -
T and ET,) ROV AR
o . 704 20 o | P
- Precipitation and other variables are S 3 EdH s
stationary (i.e., they have no temporal *2 . o j i,—g Hr
trend) 0.0 : TI%:;F:)I:Z?CIS(IZ?E';F (Gamma) 0.0 , E« ig ig §£ EE
0 50 100 160 200 250 300 -4 —I2 I [I] ' é 4
Precipitation (mm) SPI Value
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What does drought index say?

Understanding Drought Index Values:
Negative = Drier than Normal, Positive = Wetter than Normal

045 ] T T
: : : m—= Standard Normal Distribution
| 1 | == Mean = 0 (Normal Conditions)
0.40 - : : : Extreme Drought (<-2)
: ! ; S D ht (-2 to-1.5
DROUGHT CONDITIONS | WET CONDITIONS evere Drought (-2 to -1.5)
(Below Normal Moisture) : (Above Normal Moisture) Moderate Drought (-1.5 to -1)
0.35 I Near Normal (-1 to 1)
Negative values indicate | Positive values indicate Wet Conditi 1to 2
drier than average conditions 1 wetter than average conditions et Conditions (1 to 2)
T | 1 Very Wet (>2)
i 1 1 1
0.30 | | |
I I |
: : |
a NORMAL
< 4 |
202 : {COND !
> I |
£ I I
3 | [
E 0.20 4 1 1
) ] |
= 1 |
-8 I 1
15 4 More Severe 1 1 Wetter
0.15 Drought : : Conditions
1 1
1 |
0.10 : :
I |
1 |
1 1
0.05 4
0.00 - T
-3 -2 -1 0 1 2 3
Drought Index (Standard Deviations from Normal) 0
— HEE == - LB ([ B Pz mmm |
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Standardized Precipitation Index

» Can be computed at * T2 months P
multiple time aggregates !
& ° Table 1. SPI values
1, 2, 3, 12 months etc. ! -
( _ _ ) 2 2.0+ extremely wet
representlng dlffe rent 2950 1955 1960 1965 1970 1975 1980 1985 1990 1995 20.00 1.5 to 1.99 V‘Er}' wet
process time scales 2| 8monthsBPI 1.0 to 1.49 moderately wet
» Short aggregation period 5 o -99 to .99 near normal
= short-term effect (flash 2 10t 149 moderately dry
3 1
. 1950 1955 1960 1965 1970 1975 1980 1985 1990 1995 2000 -1.5 to -1.99 severely dry
droughts); 3
i ) , 14 months-SPI -2 and less extremely dry
> Long-aggregatlon perlod 1
= long-term effect 5
(hydrological drought) D
3
> | 22 months-SPI
2 7 | | 7 | | ‘ 7 | [Vicente-Serrano, 2005]
1950 1955 1960 1965 1970 1975 1980 1985 1990 1995 2000
22
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Climatic water balance (precipitation minus evapotranspiration)

> Includes the impact of (rising) temperature

STANDARDIZED PRECIPITATION INDEX (SPI)

3

2 -

1 -

0_

E

P -

1950 1955 1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010

STANDARDIZED PRECIPITATION EVAPOTRANSPIRATION INDEX (SPEI)

3

2 X

1 -

0 .

o 2

2

1950 1955 1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010
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SPI vs SPEI in warming climate

o SPI (18 months)
Impact of temperature under 2~ C
: oy
and 4 ° C global warming Z
scenario 3L, . . . . . . . . . .
. 1910 1920 1930 1940 1950 1960 1970 1980 1990 2000 2010
= progressive temperature
SPEI (18 months)
increase between 1910 to 2007 =
7
'3 1 T 1 T 1 T 1 T 1 T I
1910 1920 1930 1940 1950 1960 1970 1980 1990 2000 2010
SPEI (18 months) + 2°C
0
o
w
'3 I T I T I T I ] I ] I
1910 1920 1930 1940 1950 1960 1970 1980 1990 2000 2010
SPEI (18 months) + 4°C
m
o
7]
[Vicente-Serrano, 2010] a3l ' d : : : : : : : :
1910 1920 1930 1940 1950 1960 1970 1980 1990 2000 2010
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How severe is a drought?

SPI

Drought duration (D): Number of
consecutive days with index <0

Drought severity (S). The accumulation of
negative index (e.g. SPI) values preceeded
and followed by positive SPI values is called

severity. singular drought

with duration D = L
Drought intensity (I): The intensity is L

obtained by dividing the severity to the
drought duration

O
1]

1, ..., L

N Y
Y

A

D
Se= Z SPI; \
i=1

within-period drought
with duration D < L

A
\Z
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Drought Monitoring Systems

European Drought Observatory (EDO)

Drought indicators:
« Soil Moisture Anomaly (SMA)
- Standardized Precipitation Index (SPI)

 Anomaly of Vegetation Condition (FAPAR
Anomaly)

 Low-Flow Index (LFI)

« Combined Drought Indicator (CDI): Integrates
information on anomalies of precipitation, soil
moisture and satellite-measured vegetation
condition into a single index that is used to monitor
both the onset of agricultural drought and its
evolution in time and space.

https://edo.jrc.ec.europa.eu

Euiupiar

@ European Drought Observatory (EDO) 2022

2022 drought with CDI .
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https://edo.jrc.ec.europa.eu

Drought Monitoring Systems

United States Dr0ught Monitor Map released: April 28, 2022
Data valid: April 26, 2022

o F
Physical data at
éliultiplle time
=% scales %

EE@)
B R ¢

P Feedback &

@® Drought interpretation
N impacts from local

4t
& & experts,
‘m Iﬁ 9 PP

Mone D2 (Severe Drought)
DO (Abnormally Dry) - D3 (Extreme Drought)
https://droughtmonitor.unl.edu/CurrentMap.aspx D1 (Moderate Drought) Bl o4 (Exceptional Drought)
27
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Why Earth Observation?

Large area coverage
Continuous data
Space
Time
Beyond climate variables
Vegetation

Near-real time
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Electromagnetic radiation

Types of Electromagnetic Radiation

wavelength

radio infrared visible light ultraviolet X-rays gamma rays

el R TIPS

| '\ A i (i
\ ~ &7 U
~/A /4

used to used in transmits makes things | absorbed by | used to view used in
broadcast cooking, radar, heat from able to be the skin, inside of medicine for
radio and telephone and sun, fires, seen used in bodies and killing cancer
television other signals radiators fluorescent objects cells
tubes
© Encyclopaedia Britannica, Inc. .
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A plant's reaction to water stress

Passive Optical ; -
-« r .

Fluorescence Spectroscopy ] -
Active (LiDAR, SAR)
«© . P —
\ Thermal &
\ -« j
\ -« \

Light/Dark \ 4
' \\

CO:

-~

metabolic
adjustment

N
photosynthesis

ROS scavenging

Growth adjustment and
stress adaptation

Fluorescence Leaf water ~__ Pigments ) Morphology
Leaf inclination Leaf area index -

Temperature
* Removal of Reactive Oxygen Species s Time scale of adaptation process (log scale) Months
(ROS) released by changed metabolism high Water availability low ]
[Osakabe et al. 2014]
[Damn et al. 2018] 31
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Why Microwave Sensors?

All weather — cloud penetration

How it works?

Passive sensor

Y MW

Active sensor

S
~

. | Negligible 3
rozen i /]
Dominant | scattering Frozen -~
scattering N particles and particles bQ §°
i absorption < Q
| S &
~ h
o~ T
¥/ /¢
<VILE
Dominant
_ Melting <
absorption Y rticles Dominant
absorption
{
i
{
¥ 4 r
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Satellite soil moisture for drought monitc

« ESA CCI| SM data generated merging SM data from different sensors
« Use of multiple satellite missions allows for a more robust assessment over longer time periods (>45 years)
« Z-scores can in principle be computed for any dataset of sufficient length

SMMR: [ —

SSM/I:
TMI:
AMSR-E:
WindSat:
SMOS:
FY-3B:
FY-3C:
FY-3D:
AMSR2:
GPM:
SMAP:
ERS: I
ASCAT-A:
ASCAT-B:
ASCAT-C:

1975 1980 1985 1990 1995 2000 2005 2010 2015 2020

(Dorigo et al, 2017)
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Satellite soil moisture-based drought mqg

Anomalies in precipitation and multi-satellite ESA CCI SM for March 2022

Raintall anomaly (rmm)

Australian rainfall anomaly ]
March 2022 >

Australian Gridded Climate Data W
Base perod: 19611990

Dataset: AGCD v2

© Commonwealth of Austraka 2022, Bureau of Mateorology

Issued: 21/04/2022

Scale-m3 m-3 2022-04-01 00:00:00

-2.00e-1  -1.00e-1 0.00e+0 1.00e-1 2.00e-1
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SMASI - A drought index for soil moisture

* Soil Moisture Anomaly Standardized Index (SMASI)

Merged standardized anomaly of soil moisture products from multiple satellite sensors as in ESA
CClI soil moisture product (AMSR2, GPM, SMAP, SMOS, ASCAT)

30-day moving window

0. Preprocessing (daily 1. Scaling per band (CDF 2.Standardizationper band 3.Merging the standardized
resampling.remove matchingto AMSR2 or using normal quantile SM from each band and
outliers...) SMAP) transform (the empirical sensor by fitting the datato
CDFis standardized) auniform multivariate
distribution
35
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SMASI vs ESI 2019 Australia drought

150

000
-0, 75
Nguyen et al, 2021 r:\j .50
SMASI Evaporative stress index (ESI)
2019 December monthly mean follows spatial pattern ES| based on ground observation
36
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Correlation between SMASI and scPDSI Correlation between SMASI and SPEI

100
a7rs
030
—
S
— aoa 3
e
M
wu
— 023 A
Data Source: CRU 37
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.‘lu"
R
P G

10

— 0.0

— —0.3

Rapid change from wet to dry in
2013 in Europe

Spring 2013: sufficient precipitation
leads to high soil water, especially in
May, SMASI >0

June 2013: heavy precipitation
leading to massive flooding in the
Elbe area, SMASI > 1

July 2013: rapid decrease of soil
moisture also detected with SMASI
(short-term event).

Porcu, Federico et. al. (2019). Data record on
extreme events by CAL and by hazard.
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Mlcrowave remote sensmg for assessmg dr ought
|mpacts on vegetatlon
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Microwave remote sensing for vegetatiop

* Vegetation Optical Depth (VOD) quantifies the
attenuation of (microwave) radiation by
vegetation.

Related to vegetation water content and
biomass
Signal depends on wavelength

Typically retrieved from Ku-, X-, C-, and L-
band (increasing wavelength)

« Retrieval algorithms seek to separate vegetation
signal from soil signal, e.g.,

TU Wien method for radar observations

Land Parameter Retrieval Model
(VU/NASA/VanderSat/Planet) for
radiometer data

Vegetation Optical Depth

[Vreugdenhil et al. 2017]

Vegetation State

X-band

40
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VODCA - The VOD Climate Archive

* Long-term, harmonized VOD, derived from multiple radiometer datasets (Zotta et al, 2024; 10.48436/t74ty-
tcx62)

Separate VODCA products for C-, X-, Ku-band 0.25°

spatial sampling and daily time step 1987-to

present C1 band T — 0.67
iteas "'s O . 5 7 e 3 0 . 6 1
] 0.51 0.55
; 0.45 0.48
0.38n 0.42 0
AMSR2 1 0.320 0.350
WINDSAT 0.26> 0.29 >
AMSR-E { 0.20 0.23
X band 0.08 0.10
AMSR?2
WINDSAT
AMSR-E 1 1.1 2.7
™ML — 1.0 2.4
0.9 _
0.8 %gj _
0.70 1.6 5
8.g> 1.3
0. 1.0
wu’ﬁ'\éssi-zr r0.4 0.7
Ams%i 0.3 85
oo _ 0.2 )
R S (d) MODIS LAT
[Moesinger et al. 2020; 10.5194/essd-12-177-202]
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VODCA - State of the Climate

C3S European State of the Climate 2021 NOAA/BAMS State of the Climate 2021

= Impact of late spring frost on vegetation

VOD anomalies

APRIL MAY JUNE

,@; Copernicus Climate Change Service PROGRAMME OF
European State of the Climate | 2021 LUEEUROBEANUNION

-0.1 -0.05 -0.02 -0.01 O 0.01 0.02 0.05 0.1
Anomalies from 1991-2020

[Dorigo et al., 2021]
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SVODI-Standardized VOD Index

healthy B |SVODI| > 1
|svoDl| > 2
!
35 i
u
= i A X B ‘ AN :
— I I ! ’ g = - A
i ' i it : il i il i : a
% 0--—- - r, qu T == b o B - ) ot b = Woliii-—--10 5 SVODI [unitless] precipitation [[unitless]]
- , [ ALY il I = (b) SVODI 2010-11 (¢) Precipitation 2010-11
g | | i i ¢ @ ~ = T N
g g | s ., W Ny
35 1 ' o :
- -2
unhealthy
70 T l T T T T T T T _3 .
1988 1992 1996 2000 2004 2008 2012 2016 2020 o ’
time W
A
. . -2 0
Fraction of percentage area of |[SVODI| > 1 > 2 for central Australia SVODI [unitless] preclplEstion [LAEESs]
along with Southern Oscillation Index (d) SVODI 2019-12 (¢) Precipitation 2019-12
. SVODI and standardized precipitation anomalies for
Moesinger et al., 2022; 10.5194/bg-2021-360
[Moesing 9 ] 2010-11 and 2019-12 )
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K

» Drought is drier than long-term average condition

» Drought is usually expressed as negative standardized values

» Earth observation helps continuous drought monitoring at large spatial scale
» Microwave sensors can observe earth surface at all weather

» Merged satellite soil moisture products such as ESA CCI soil moisture product
and related drought index such as SMASI provide long term data for drought
monitoring

» Vegetation condition monitoring using VOD and SVODI monitor vegetation
response to drought

44
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Accurate crop models reduce
crop yield losses and their impacts on society

Earth observation and machine learning
are ideal tools for crop modelling




Climate change threatens food security

Increasing intensity and frequencies of drought and
heatwaves

« Large crop yield losses in recent years

* Arid countries with generally lower crop yields more

affected
46
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Reduce impacts of crop yield losses on

Different ways to adjust:

Reduce losses

Early detect stressors like pests and
droughts

Improve fertilization / irrigation
Use "better crops"

Improve efficiency

Better guide import and export / operate
stocks

-
.
-
-
-
-
- -
=%
-
-
-

%

-> reduce food waste!

tig*
. ‘\
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Crop yield forecasting

Crop yield forecasts...

- ... facilitate decision-making
+  QOperate stocks
«  Surplus of crops for export

* How much import is required?

- ... allow farmers to adjust practices
«  Optimize use of fertilizers / irrigation

« Choose optimal crop to plant

48

1
|
i
[
|
.I-
(i
|
|
i

- e Il SE IE K = &= = > THE EUROPEAN SPACE AGENCY
ESA Land Trainina Course 2025 — Bueechi. Luintel



Why Earth observation?

Key information on crop health and growing conditions

Available throughout the season

Global and near-real-time

High spatial and temporal detail

Vast amount of data freely available

Esa.int
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Why machine learning?

Increasing availability of high-performance hardware —
Supercomputers

Easy accessibility of software
E.g. Tensorflow, Scikit-learn

Easy to use
Accessibility for many people while physical Tuwien.at
models are only for specialists
Often faster and less computationally
expensive than physical models - 0.98 -> city
. 0.02 -> no city
Learns from data

Copernicus.eu / codeproject.com 50

= Tl = W L=l O i = = s Bl 2 == — i vl » THE EUROPEAN SPACE AGENCY
ESA Land Trainina Course 2025 — Bueechi. Luintel



Machine learning and Earth observation

ML and EO are a perfect fit °

N
( ()

Very flexibel models meet vast amount of diverse

data

Combining: multispectral, thermal, microwave

data
All providing key information about crops
Multispectral show state of the crops
Microwave detects water content in vegetation

and soils
Thermal data for evaporation and temperature

Science (iesa. Copernicus L!, Meteorology @ cumersar
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ESA CCI Soil Moisture with NUTS2 Boundaries
2000-01-01

\ , 6%
Crop yield forecasting — how to? m

Requirements:

Crop yield data
Reasonable predictors

Basic knowledge about ML models E
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Crop yield data

Location / area
Can be at subfield, field, regional,

SK042

and national level sz
Crop yield & =
Legend Huno u‘m
Usua”y tonnes / ha Mean maize yield [t/ha] ;- HUZ0 ez N e
3.0 - 40 RO
Crop type L " st
_ _ _ 5.01 - 6.0 i GO
E.g. maize, winter wheat, spring 601170
o 7.01-80
barley, Soybean 0 8.01-90 > RO&24 RO423
@ 5.01-100
Year @8 10.01-1.0
. Country borders
Phenology / sowing and harvest date Pannonian basin
Bueechi et al., 2023~
= == A=l O i = = Il 2R 2= E —3 - B Wi » THE EUROPEAN SPACE AGENCY

ESA Land Trainina Course 2025 — Bueechi. Luintel



Crop yield data sources

National statistical offices

 Farmers

) CYBenCh Maize yield {tonne/ha) [2011]
https://cybench.agml.org EEERE

* Eurostat

https://agri4cast.irc.ec.europa.eu/
+ FAOstat

https://www.fao.org/faostat/en/#data

- USDA i{
Wheat yiel {tonnefha) [2011] g ]
https://quickstats.nass.usda.gov/ EERRRAEEEE. o
Cybench.agml.org .
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https://cybench.agml.org
https://cybench.agml.org
https://agri4cast.jrc.ec.europa.eu/
https://agri4cast.jrc.ec.europa.eu/
https://www.fao.org/faostat/en/#data
https://www.fao.org/faostat/en/#data
https://quickstats.nass.usda.gov/
https://quickstats.nass.usda.gov/

Predictors

|deally:
Longterm and consistent
Providing key information on crop growth

Examples:
Earth observation
Copernicus, ESA CCI, CGLS, Landsat, MODIS...
Reanalysis (e.g. AQERAYS)
In-situ data

Seasonal weather forecasts

Crocetti et al., 2020
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Data preparation

Spatial resampling

Extract data for region

Cloud filtering

e

x _ No data
—— Fields

Topographic shadows
Cloud shadows
Vegetation
Non-vegetated
Water

Unclassified

Cloud medium prob
Cloud high prob

Thin cirrus

Snow/ice

Outlier removal

Calculate requried indices

Temporal resampling

175 16.7 17.1 7.5 17.9

Lon [°] . . .
Bueechi et al., in review
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Machine Learning — what is it?

Artificial Intelligence

o

Machine Learning

x

Deep Learning

ARTIFICIAL INTELLIGENCE

A technique which enables machines
to mimic human behaviour

MACHINE LEARNING

Subset of Al technique which use
statistical methods to enable machines
to improve with experience

DEEP LEARNING

Subset of ML which make the
computation of multi-layer neural
network feasible

edureka.co
57
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Machine learning models

Classical approaches:

LINEAR REGRESSION

* Linear regression
The thing we want .
. to explain ie 77% of the varkoceliniy is If you ‘?rfgLTd Ad?’f o‘n X this l:':"u
* Tree based algorithms DEPENDENT e e il
VARIABLE | and they're practically the same be used a Var1s=a
e \ s~L
* Artificial Neural Networks Y e B &
o
6 O Var_2>b Var_ 3<c
[ ]
( No Yes Yes, No
95;
° IF“:e: Var_1<d
£ o o ° °
7 QUTLIER an ' No
Pidio)
7
s = e ]
x &
Towardsdatascience.com
2 N '
O a - )
[ N ]
O o aee aee a8 e
N N N CN
U L L @ L o
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Machine learning models

(Einstbrunn)

Classical approaches
DO NOT CONSIDER Spatial and temporal

dependencies
X R : [,‘.?;‘y._';)‘,,‘., ATl
Such dependencies are very typical in Earth iy e it
o e oo
science P X X
Lﬁrmm'-‘ﬁ.-?;ﬂm.
RUFkersdor e A i / ga By, . @'Iu,m;rmﬂii?"
IRressbaum m
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Machine learning models

Deep learning approaches for time-series forecasting

Recurrent / Convolutional Neural Networks

Transformers

Other novel DL approaches
Physics informed Al

Makes use of prior human knowledge about dependency of target and predictor variables

Transfer learning

Method to train and use the model in different (related) domains

60
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Predictors, except Seasonal Monthly updated yield
seasonal forecast forecast forecast on NUTS3 level

Lead time
3 months

Lead time
2 months

Lead time
1 month

=

| Viell;d‘ data

 spatillresamping.

Harvest
month

Bueechi et al., 2023
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Regional forecasts

Monthly updated crop yield
forecasts for different crops

4
. ® LT3R=0.44 Bl Measured yield anomalies 3] e Drought __|_.Tf|_
Reliable forecasts from 2 months 15] e LT2R=0.85 Drought 5 )
® LT1R=0.94 =
before harvest ® LTOR=0.9 S
1.0‘ E 04
Pie o
— / S 11
g . \ Iy = 3 -2 .
. S 0.5 \— = B)
Losses in drought years early = . l /e, 3 R
R T o [ gkt e, .
= B ; f —4 -2 0 2 4
deteCted’ bUt g 0.01 ®. " . —— Predicted yield anomalies [t/ha]
o Ry f 4
s 3 3| * Drought LTO
< -0.5 Z 5 ’
...extremes are underestimated > g 1
~1.0 £ 0
\® S -1
t A E 2 S
—1.51 ) N ."'. Q)
. . . i ke _J"o .
2002 2004 2006 2008 2010 2012 2014 2016 -4 -2 0 2 4
Year Predicted yield anomalies [t/ha]
Bueechi et al., 2023 .
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Understanding the models

ML models usually too complicated

1o Wheat Wheat drought
to understand - — .
Regression weights can be
0.8
analysed
@
Decision trees have weights, ¢ 06
£ 0.6
but usually to complex to é
understand o
3 0.4
Neural Networks are usually 3
black boxes (too complex) 0o l
—
M1
Feature importance shows impact 0-
LT3 LT2 LT1 LTO LT3 LT2 LT1 LTO LT3 LT2 LT1 LTO LT3 LT2 LT1 LTO
of features on model performance mem NDVI  mm precip Sf precip.2 mem DTR  mmm SM  mem SPEI3
LAl I wet days Bl T2m sfT1 e Sswi ESI1
VOD sf precip_.1 mmm rad sf T2 W SPEIL ESI3

Bueechi et al., 2023
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Machine learning for crop yield forecastinc

Works well with sufficient data for training

What can we do when we do not have much data from a certain region / scale?

64
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Transfer learning

Trains and applies the model in different domains

Reduces need of specific input data

Improves models in data scarce scenarios

"« Pexels.com

g

— . e Bl SE 2= ' T ' S THE ECROPEAN SPACE ACENCY
ESA Land Trainina Course 2025 — Bueechi. Luintel




Transfer learning

Comes from image classification

Model learns to make sense of pictures

Detect structures, edges that make image characteristic

From animal classification to face recognition

Needs only some fine-tune data

Back Propagation

66
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From regional to field level

Crop yield data in Europe often available at Field level data in Czechia ) Field level

. Regional level
regional level B Austria
[ Czechia

Field-level data harder to obtain

In this study, we trained the model at
regional scale and tested it at field scale

Data from Czechia and Austria

\
50 100 150 200 km
I ..

ANDAS

67
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From regional to field level

68
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From regional to field level

1.00 Maize Winter wheat Spring barley
Highest performance by 075 s = =
finetuned model 0.50 - -

025 2 |
é 0.00 F = . T ~

Good performance from &£79°%| ’ - * F

-0.50
3 months before harvest

-1.00

I regZreg [ fid2fid EE reg2fld B reg2fld_ft
Without finetuning no 05
useful results 0.4 * o
T g | T 8 8 * _ T* ?

i 03 ? * s +O

- % B5e #8 . g

€02 - T é T H T T =E I T @ &

e THeT S R =
0.1 ° =
o0 1 2 3 4 1 2 3 4 1 2 3 4
Lead Time [months] Lead Time [months] Lead Time [months]
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From regional to field level

Transfer |earning Outperforms 10 Maize 1.0 Winter wheat 10 Spring barley
field-trained model
0.8 0.8 0.8
Significantly higher 0.6
performance for all setups -
0.4 1
Needs >50% less data for 0.2
same performance
0.0 ; . - — 0.0 - i — 0.0 - - , y
20 40 60 80 20 40 60 80 20 40 60 80
Used samples [%] Used samples [%] Used samples [%]
Performance gain dependent — reg2fid ft  —— fid2fid
on s.amples of c.>r|g|nal training Transfer Local
wheat~1000)
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Field-scale forecast conclusion

Good results achieved for field-scale crop yield forecasts 3 months before harvest

Transfer learning outperforms purely field-trained models for crop yield forecasting

Transfer learning needs <50% field data to achieve skill of field-trained model

71
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Ukraine crop yield modelling

Crop yield modelling in
Ukraine as major crop
producer impacted by war

BSh
BSk
CSa
CSb
Cfa
Cfb
Cfc
Dfc
Dfb
Dfa

ET

EF
Countries
NUTS2

Problem: not much data in
Ukraine itself, but much from
central Europe

Latitude [°N]

IDifferent climate!

[ THORRONNNOECE

20
Longitude [°E]

Bueechi et al., in prep
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Transfer learning Ukraine yields

Transfer learning for crop yield modelling in Ukraine

Train in central Europe, fine-tune and test in Ukraine

Latitude [°N]

73
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Model performance

Crop models implemented for 3 crops NO Trans_fer
Transfer ‘ /") learning
learning 2 O 0\}0 O D
Different model setups tested X 2] o i
XGB -> Extreme Gradient Boosting giz %ﬁ ﬂé . é | . i
= =
- only UA data 51
- incl. Central European (CE) data Lo |
ANN with transfer learning 0] ﬁ%%ﬁ
trained in CE - finetuned in Ukraine % 0.0
—0.51
Best results obtained with transfer learning -10 — i —

B XGB ua [ XGB all [] ANN_tl eomet [ ANN tl eo BB ANN t| met N ANN all
XGB performance decreases with CE data

74

= ol 1= il

= - e I SEIZ D = = - I+ » THE EUROPEAN SPACE AGENCY
ESA Land Trainina Course 2025 — Bueechi. Luintel



Conclusion

Crop yield forecasting helps to ensure food security in a changing climate

EO and ML are a perfect fit to establish such forecasts
Optimally use vast amount of EO data
Learn complex relationships between predictors and target

Issues with crop yield data scarcity can be diminished with transfer learning

75
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Questions?

ank you for your
attention!
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