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Introduction

• Drought is a natural disaster that slowly occurs and has adverse
hydrologic, environmental, agricultural, economic, and health-related
impacts.

• Precipitation deficiency combined with high temperatures

• Increased evapotranspiration rate

• Drought is an important natural hazard causing adverse effects on
the economy, agriculture, ecology, and human life.

• Devastating ecological effects, such as vegetation stress, tree mortality,
food security,

• Forest fires

• Climate change has a solid potential to increase the frequency and
intensity of dry conditions.
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Meteorological Drought

➢ Lack of Precipitation
➢ High temperatures and winds
➢ Low relative humidity
➢ Evaporation and transpiration 

increase

❖ Precipitation departure from 
normal over time

❖ Region specific, high spatial 
variability

Agricultural Drought

➢ Soil water 
decrease

➢ Difference 
between AET and 
PET

❖ Plant water stress
❖ Reduced biomass 

and crop yields

Hydrological Drought

Socioeconomic Drought

➢ Water supply is not enough for 
community and economy

➢ Economic, social and environmental 
impacts

❖ Physical water shortage starts to 
affect people, individually and 
collectively

➢ Prolonged dry period??

➢ Low soil moisture levels?? ➢ Low river and lake levels??

➢ Decrease in 
streamflow, 
groundwater and 
inflows to lakes, 
reservoirs 

❖ Reduced in surface 
and subsurface 
water supplies

➢ Restrictions to main water supplies, food??
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Why DROUGHT monitoring is important ?

Quantifying and analyzing droughts 
is challenging due to their slow 
development nature, prolonged 
impacts, and spatio-temporally 

heterogeneous distribution. 

Drought monitoring using both in-situ and 
Earth Observation data is an important 

topic to quantify drought conditions. 

Detecting, monitoring and preventing 
the drought is a crucial process.

Heat waves, drought and wildfires 
frequently co-occur
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• 2022 has been a drought year specifically for Europe and
neighborhood countries exacerbated by heat waves.

• JRC Global Drought Observatory (GDO) published several
reports in 2022 showing severe-to-extreme drought conditions
in the Netherlands, United Kingdom, Slovakia, Hungary,
Romania, Moldova, and most parts of western Europe.
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Published :22 Sep 2022

Sources: JRC EDO, JRC 
EFFIS, JRC MARS, DG 
ECHO, JRC GHSL

https://erccportal.jrc.ec.
europa.eu/ECHO-
Products/
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Widely used satellites

• Landsat: 07/1972 – present

• Tropical Rainfall Measuring Mission (TRMM): 11/1997 – 04/2015

• Global Precipitation Measurements (GPM): 02/2014 – present

• Terra: 12/1999 – present

• Aqua: 05/2002 – present

• Soil Moisture Active Passive (SMAP): 01/2015 – present

• Gravity Recovery and Climate Experiment (GRACE): 03/2002 –
present
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Google Earth Engine

• GEE geospatial analysis platform that has 
been empowered by Google’s computational 
cloud infrastructure allows geospatial 
analysis even in planetary scale without a 
need for technical capacity.

• It stores huge amount of satellite images 
and products as well as built-in geospatial 
capabilities.

• Thanks to ready-use dataset of GEE, it is 
easier to analysis of spatio-temporal 
datasets. (https://earthengine.google.com)

• One of the benefits of the GEE platform 
for drought monitoring is that it is very 
useful for storing and processing big 
geospatial datasets.
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Global-scale evaluation of 22 precipitation datasets 
using gauge observations and hydrological modeling

Hydrol. Earth Syst. Sci., 21, 6201–6217, 2017 https://doi.org/10.5194/hess-21-6201-2017
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Climate Hazards group Infrared Precipitation with 
Stations (CHIRPS) 

• quasi-global (50°S-50°N), 

• high resolution (0.05°), 

• daily, pentadal, and monthly precipitation dataset.

• 0.05° resolution satellite imagery, and in-situ station data to create gridded rainfall time series.
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CHIRPS vs PERSIAN-CSS
3 month period

16.11.2022ECMWF–ESA Workshop on Machine Learning for Earth Observation and Prediction 12



Turkey covers an area of 785,816 km2 and constitute different climatic
regions in different parts of the country namely;
1. Continental Climate 3. Marmara (transitional) Climate
2. Mediterranean Climate 4. Black Sea Climate

Continental Climate (a, b, c, d)

Mediterranean Climate

Marmara (transitional) Climate

Black Sea Climate
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3 month SPI (August-October) 2021
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3 month SPI (July-September) 2021
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3 month SPI (June-August) 2021
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3 month SPI (May-July) 2021
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3 month SPI (April-June) 2021
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3 month SPI (January-March) 2021



CHIRPS vs PERSIAN-CSS
6 month period
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6 month SPI (May-October) 2021
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6 month SPI (April-September) 2021
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6 month SPI (February-July) 2021
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Remote Sensing Indices

• Normalized Difference Vegetation Index (NDVI):

• (NIR - Red) / (NIR + Red)

• Vegetation Condition Index (VCI):

• VCI = 
𝑁𝐷𝑉𝐼𝑖 −𝑁𝐷𝑉𝐼𝑚𝑖𝑛

𝑁𝐷𝑉𝐼𝑚𝑎𝑥−𝑁𝐷𝑉𝐼𝑚𝑖𝑛

• where NDVIi defines observed month NDVI, 

• NDVImin and NDVImax define minimum and maximum values of NDVI values in long term period

• Temperature Condition Index (TCI):

• TCI = 
𝐿𝑆𝑇𝑚𝑎𝑥−𝐿𝑆𝑇𝑖

𝐿𝑆𝑇𝑚𝑎𝑥−𝐿𝑆𝑇𝑚𝑖𝑛

• LSTi defines observed month Land Surface Temperature, 

• LSTmin and LSTmax define minimum and maximum values of LST values in long term period

• Vegetation Health Index (VHI):

• VHI = 0.5 x VCI + 0.5 x TCI

16.11.2022ECMWF–ESA Workshop on Machine Learning for Earth Observation and Prediction 25



Remote Sensing Indices

• Normalized Difference Drought Index (NDDI)

• NDDI = 
𝑁𝐷𝑉𝐼−𝑁𝐷𝑊𝐼

𝑁𝐷𝑉𝐼+𝑁𝐷𝑊𝐼

• NDDI values are scaled between -1 and 1. High NDDI values mean drought conditions.

• Normalized Multiband Drought Index (NMDI)

• NMDIveg = 
𝑅860𝑛𝑚−(𝑅1640𝑛𝑚− 𝑅2130𝑛𝑚)

𝑅860𝑛𝑚+(𝑅1640𝑛𝑚− 𝑅2130𝑛𝑚)

• NMDI ranges between 0 and 1.

• Normalized multiband Drought Index (NMDI) is an improved drought index based on soil and vegetation 
spectral signatures by using NIR wavelength at nearly 860 nm and two SWIR wavelengths at 1640 nm 
and 2130 nm.
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2004 was a wet year.
2007 was a dry year.

16.11.2022 29



VHI*100 <10 10-20 20-30 30-40 40-60 >60

Drought conditions Extreme Severe Moderate Mild Normal Wet No Data

Legend

VHI  (2021 April-Monthly/ 21 year data from MOD09A1.006 and MOD11A2.006)

VHI  (2021 Feb – April-3 month period / 21 year data from MOD09A1.006)



2020 December SPI

2020 December VHI

Extreme Severe Moderate Mild Normal Wet No Data
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Monthly SPI and VHI (December 2020)



2021 February SPI

2021 February VHI
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Extreme Severe Moderate Mild Normal Wet No Data

Monthly SPI and VHI (February 2021)



16.11.2022ECMWF–ESA Workshop on Machine Learning for Earth Observation and Prediction 33

2020 December – 2021 February SPI

2020 December – 2021 February VHI

Extreme Severe Moderate Mild Normal Wet No Data

3-Monthly SPI and VHI 
(December 2020-February 2021)



2020 June SPI

2020 June VHI

Extreme Severe Moderate Mild Normal Wet No Data

Monthly SPI and VHI (June 2020)



2020 July SPI

2020 July VHI

Extreme Severe Moderate Mild Normal Wet No Data

Monthly SPI and VHI (July 2020)



2020 August SPI

2020 August VHI

Extreme Severe Moderate Mild Normal Wet No Data

Monthly SPI and VHI (August 2020)



2020 June - August SPI

2020 June - August VHI

Extreme Severe Moderate Mild Normal Wet No Data

3- Monthly SPI and VHI
(June-August 2020)



USDM MAPS
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U.S. Drought Monitor- Drought Classifications

Drought Classification | U.S. Drought Monitor (unl.edu)

➢ USDM uses many drought indicators to monitor
drought such as:

➢ Palmer Drought Severity Index,
➢ CPC Soil Moisture Model Percentiles,
➢ US Geological Survey Daily Streamflow

Percentiles,
➢ Percent of Normal Precipitation,
➢ Standardized Precipitation Index,
➢ Remotely sensed Satellite Vegetation Health

Index.
➢ Blending these indices and addition ancillary

indicators Objective Blend of Drought Indicators
(OBDI) was developed.

➢ OBDI is not completely objective because of
subjective decisions from authors made
contributions.
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https://droughtmonitor.unl.edu/About/AbouttheData/DroughtClassification.aspx
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20 years data- 2001 to 2020 30 years data-1991 to 2020

Known drought events in California for years between 2012 to 2016 
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40 years data- 1981 to 2020

➢ PRISM derived drought severity
maps are closer to USDM maps
than CHIRPS derived maps.

➢ However, CHIRPS also detected
drought starting in 2012.

➢ Both SPI maps show no sign of
drought event in 2016 in contrast
to USDM.
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ML BASED DROUGHT ANALYSIS 
USING EO DATA

PRILIMINARY RESULTS



Support Vector Machines

• Support Vector Machine (SVM) is a supervised classification method
derived from statistical learning theory that often yields good
classification results from complex and noisy data.

• Support vector machines (SVMs) is a supervised non-parametric
statistical learning technique, therefore there is no assumption made
on the underlying data distribution.

• It separates the classes with a decision surface that maximizes the
margin between the classes.

• The surface is often called the optimal hyperplane, and the data
points closest to the hyperplane are called support vectors. The
support vectors are the critical elements of the training set.
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The method is presented with a
set of labeled data instances and
the SVM training algorithm aims
to find a hyper plane that
separates the dataset into a
discrete predefined number of
classes in a fashion consistent
with the training examples.

Learning refers to the iterative
process of finding a classifier
with optimal decision boundary to
separate the training patterns (in
potentially high-dimensional
space) and then to sep arate
simulation data under the same
configurations (dimensions)

G. Mountrakis et al. / ISPRS Journal of  Photogrammetry and Remote Sensing 66 (2011) 247–259
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Support Vector Machines

• SVM is characterised by an efficient hyperplane searching technique
that uses minimal training area and therefore consumes less
processing time.

• The method is able to avoid over fitting problem and requires no
assumption on data type. Although non-parametric, the method is
capable of developing efficient decision boundaries and therefore can
minimise misclassification.

• This is done through finding of optimal separating hyperplanes
between classes by focusing on the training cases (support vectors)
that lie at the edge of the class distributions, with the other training
cases being excluded

https://iopscience.iop.org/article/10.1088/1755-1315/20/1/012038/pdf
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Parameters of SVM 
classification in GEE 
platform



Random Forest (RF)

• RF is an ensemble machine-learning algorithm based on CART 
(Classification and regression tree). 

• Multiple decision trees, which have no correlations with each 
other, are combined to create RF. 

• Each tree has its own evaluation process. 

• Results of these trees are averaged for RF output. 

• Decision trees are weak learners; therefore, weak learners are 
combined to produce a strong model.

• RF can predict either class variables or regression variables.
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Random Forest (RF)

• It has six parameters that can be 
changed in GEE platform

• number of trees, 

• variables per split whose default is the 
square root of the number of variables, 

• minimum leaf population whose default 
is 1, 

• bag fraction with default 0.5, 

• maximum nodes with unlimited default 

• seed whose default is 0 for 
randomization. 
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ML model parameters

• Random Forest Classification

• Number of trees: 100

• Support Vector Classification

• Kernel: RBF

• Gamma: 2^-15

• Cost: 2^13

• Above machine learning algorithms with their respectful parameters had been trained on 
indices which are defined previously.

• USDM maps are used as reference for ML algorithms.

• For each class stratified sampled points.
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Datasets for ML-based Modeling

• SPI(1,3,6,12), weekly precipitation <- CHIRPS

• (VHI, VCI, TCI)(1,3,6,12) <- MODIS

• SSM (Soil Surface Moisture) <- SMAP (resampled to ~10 km)

• PDSI (Palmer Drought Severity Index) <- Terra Climate (resampled to ~5 km)

• AET (actual evapotranspiration) <- Terra Climate (resampled to ~5 km)

• Fire <- MODIS

• Soil Surface Moisture obtained from The NASA-USDA Enhanced SMAP Global soil moisture
data.

• Palmer Drought Severity Index and Actual Evapotranspiration are collected from Terra Climate
data.

• Fire data obtained from Terra Thermal Anomalies & Fire data.

• Climate Hazards Group InfraRed Precipitation With Station Data is used for precipitation data.
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• 2020-WEEK 12
• SPI12, SPI6, SPI3, 
• TCI_12, VCI_12, VHI_12, 
• TCI_6, VCI_6, VHI_6, 
• TCI_3, VCI_3, VHI_3, 
• TCI_1, VCI_1, VHI_1

USDM

RF SVM
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• 2020-WEEK 12
• SPI12, SPI6, SPI3, 
• TCI_12, VCI_12, VHI_12, 
• TCI_6, VCI_6, VHI_6, 
• TCI_3, VCI_3, VHI_3, 
• TCI_1, VCI_1, VHI_1, 
• SSM,
• PDSI, 
• AET, 
• Fire, 
• PrecipitationUSDM

RF SVM
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• 2021-WEEK 49
• SPI12, SPI6, SPI3, 
• TCI_12, VCI_12, VHI_12, 
• TCI_6, VCI_6, VHI_6, 
• TCI_3, VCI_3, VHI_3, 
• TCI_1, VCI_1, VHI_1

USDM

RF SVM
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• 2021-WEEK 49
• SPI12, SPI6, SPI3, 
• TCI_12, VCI_12, VHI_12, 
• TCI_6, VCI_6, VHI_6, 
• TCI_3, VCI_3, VHI_3, 
• TCI_1, VCI_1, VHI_1, 
• SSM,
• PDSI, 
• AET, 
• Fire, 
• PrecipitationUSDM

RF SVM



2019 ML BASED DROUGHT EXPERIMENTS

INPUTS
✓ SPI12, SPI6, SPI3, SPI1, 
✓ TCI_12, VCI_12, VHI_12, 
✓ TCI_6, VCI_6, VHI_6, 
✓ TCI_3, VCI_3, VHI_3, 
✓ TCI_1, VCI_1, VHI_1
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JANUARY 2019 FEBRUARY 2019 MARCH 2019

USDM USDM USDM

RF RF RF

SVM SVM SVM



APRIL 2019 MAY 2019 JUNE 2019

USDM USDM USDM

RF RF RF

SVM SVM SVM



JULY 2019 AUGUST 2019 SEPTEMBER 2019

USDM USDM USDM

RF RF RF

SVM SVM SVM



OCTOBER 2019 NOVEMBER 2019 DECEMBER 2019

USDM USDM USDM

RF RF RF

SVM SVM SVM



2019 ML BASED DROUGHT EXPERIMENTS

INPUTS

✓ SPI12, SPI6, SPI3, SPI1, 
✓ TCI_12, VCI_12, VHI_12, 
✓ TCI_6, VCI_6, VHI_6, 
✓ TCI_3, VCI_3, VHI_3, 
✓ TCI_1, VCI_1, VHI_1
✓ SSM, 
✓ PDSI, 
✓ ET/PET, Fire, precipitation
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JANUARY 2019 FEBRUARY 2019 MARCH 2019

USDM USDM USDM

RF RF RF

SVM SVM SVM



APRIL 2019 MAY 2019 JUNE 2019

USDM USDM USDM

RF RF RF

SVM SVM SVM



JULY 2019 AUGUST 2019 SEPTEMBER 2019

USDM USDM USDM

RF RF RF

SVM SVM SVM



OCTOBER 2019 NOVEMBER 2019 DECEMBER 2019

USDM USDM USDM

RF RF RF

SVM SVM SVM



2021 ML BASED DROUGHT EXPERIMENTS

INPUT1
✓ SPI12, SPI6, SPI3, SPI1, 
✓ TCI_12, VCI_12, VHI_12, 
✓ TCI_6, VCI_6, VHI_6, 
✓ TCI_3, VCI_3, VHI_3, 
✓ TCI_1, VCI_1, VHI_1
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INPUT2
✓ SPI12, SPI6, SPI3, SPI1, 
✓ TCI_12, VCI_12, VHI_12, 
✓ TCI_6, VCI_6, VHI_6, 
✓ TCI_3, VCI_3, VHI_3, 
✓ TCI_1, VCI_1, VHI_1
✓ SSM, 
✓ PDSI, 
✓ ET/PET, Fire, precipitation



JANUARY 2021 FEBRUARY 2021 MARCH 2021

USDM USDM USDM

RF RF RF

SVM SVM SVM

SPI12, SPI6, SPI3, SPI1, TCI_12, VCI_12, VHI_12, TCI_6, VCI_6, VHI_6, TCI_3, VCI_3, VHI_3, TCI_1, VCI_1, VHI_1



JANUARY 2021 FEBRUARY 2021 MARCH 2021

USDM USDM USDM

RF RF RF

SVM SVM SVM

SPI12, SPI6, SPI3, SPI1, TCI_12, VCI_12, VHI_12, TCI_6, VCI_6, VHI_6, TCI_3, VCI_3, VHI_3, TCI_1, VCI_1, VHI_1, SSM, PDSI, ET/PET, Fire, precipitation



JULY 2021 AUGUST 2021 SEPTEMBER 2021

USDM USDM USDM

RF RF RF

SVM SVM SVM

SPI12, SPI6, SPI3, SPI1, TCI_12, VCI_12, VHI_12, TCI_6, VCI_6, VHI_6, TCI_3, VCI_3, VHI_3, TCI_1, VCI_1, VHI_1



JULY 2021 AUGUST 2021 SEPTEMBER 2021

USDM USDM USDM

RF RF RF

SVM SVM SVM

SPI12, SPI6, SPI3, SPI1, TCI_12, VCI_12, VHI_12, TCI_6, VCI_6, VHI_6, TCI_3, VCI_3, VHI_3, TCI_1, VCI_1, VHI_1, SSM, PDSI, ET/PET, Fire, precipitation



TEST ACCURACY ASSESSMENT
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25 reference location for each drought class



Challenges

• Lack of reliable and spatially dense reference data

• No Data values specifically in snowy and cloudy regions

• Different data periods for different datasets

• Scalability, transferability and generalizability

• Different results with different ML methods

16.11.2022ECMWF–ESA Workshop on Machine Learning for Earth Observation and Prediction 72



Future Work

• Trying more features related with drought in ML models:

• Different RS based drought indices for different periods,

• Different precipitation indices,

• LST data,

• Soil moisture data

• Different ML algorithms:

• XGBoost will be the next.

• Explanaible ML to better explain the results and impacts of different fatures.

• Analyzing different data periods and reference times.

• Further investigation of time series to better understand the relationship between optical remote 
sensing drought severity indices and meteorological drought severity indices.

• Cross-validate the scalability and the generalizability of the proposed models spatio-temporally.

• GeoAI based models for drought monitoring.
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THANKS FOR YOUR ATTENTION..
sertele@itu.edu.tr
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