
Faculté des bioingénieurs

Towards a crop-specific drought impact
assessment tool in Chiredzi District,
Zimbabwe, using Sentinel-2 and
Landsat-8/9 imagery

Auteur : Marichal Théo
Promoteurs : Pierre Defourny

Sophie Bontemps
Lecteurs : Charles Bielders

Baptiste Delhez
Année Académique : 2023 - 2024
Bioingénieur : Sciences et technologies de l’environnement



i



Acknowledgements

First, I would like to express my deep gratitude to my thesis supervisor, Pierre De-
fourny, whose advice was crucial in the completion of this master’s thesis. His insights
were of great importance in challenging me to improve the fundamental aspects of
this thesis.

I am very thankful to my co-supervisor, Sophie Bontemps, whose meetings, wise ad-
vice, and support greatly contributed to the constant improvement of this thesis. I
am also grateful for her support, her numerous pieces of feedback, and the time she
dedicated to enlightening me in completing this master’s thesis.

Special thanks to Boris Norgaard, for his crucial advice, his ability to help me over-
come problems, and his optimism, which have been extremely encouraging throughout
this process. His constructive feedback during numerous meetings have been of vital
importance.

Finally, my deep appreciation goes to my family, whose encouragement and support
have been essential in enabling me to complete this master’s thesis. I am grateful for
their belief in my abilities and their constant support.

ii



Contents

Acknowledgements ii

Contents iii

List of figures vi

List of tables ix

Acronyms x

1 Introduction 1

2 Literature review 3
2.1 Definition and types of droughts . . . . . . . . . . . . . . . . . . . . . 3
2.2 Remote sensing data for drought monitoring . . . . . . . . . . . . . . 4

2.2.1 Advent of Remote Sensing . . . . . . . . . . . . . . . . . . . . 4
2.2.2 Overview of remote sensing techniques and resolutions . . . . 4
2.2.3 Monitoring of climatic variables . . . . . . . . . . . . . . . . . 5
2.2.4 Monitoring of ecological variables : vegetation monitoring . . . 8
2.2.5 EWS for Food Security . . . . . . . . . . . . . . . . . . . . . . 12
2.2.6 Global Information and Early Warning System on Food and

Agriculture (GIEWS) . . . . . . . . . . . . . . . . . . . . . . . 12
2.3 Remote sensing data for crop type mapping . . . . . . . . . . . . . . 13

2.3.1 The advent of Sentinel-2 for crop type classification . . . . . . 13
2.3.2 Satellite images time series . . . . . . . . . . . . . . . . . . . . 15
2.3.3 Metrics based on SITS of vegetation indices . . . . . . . . . . 16
2.3.4 Crop classification in remote sensing . . . . . . . . . . . . . . 17

3 Objectives 21

4 Materials and method 22
4.1 Study area . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
4.2 High-spatial-resolution VHI . . . . . . . . . . . . . . . . . . . . . . . 24

4.2.1 High-spatial-resolution VHI methodology and comparative anal-
ysis with the FAO’s global VHI . . . . . . . . . . . . . . . . . 25

4.2.2 GEE platform . . . . . . . . . . . . . . . . . . . . . . . . . . 26

iv



4.2.3 Data processing . . . . . . . . . . . . . . . . . . . . . . . . . . 27
4.2.4 Cloud masking . . . . . . . . . . . . . . . . . . . . . . . . . . 27
4.2.5 NDVI and LST time series, temporal filtering and smoothing . 28
4.2.6 Calculation of VCI and TCI . . . . . . . . . . . . . . . . . . . 30
4.2.7 Standardising the spatial resolution for both VCI and TCI indices 31
4.2.8 Calculation of the VHI . . . . . . . . . . . . . . . . . . . . . . 34
4.2.9 Adjustment of VHI according to the agricultural calendar . . . 34

4.3 Crop Type Classification . . . . . . . . . . . . . . . . . . . . . . . . . 35
4.3.1 In situ data preparation . . . . . . . . . . . . . . . . . . . . . 36
4.3.2 Calibration data and validation data . . . . . . . . . . . . . . 38
4.3.3 Sentinel-2 Data Acquisition . . . . . . . . . . . . . . . . . . . 39
4.3.4 Metrics and time series of spectral indices for feature extraction 39
4.3.5 Random Forest classification . . . . . . . . . . . . . . . . . . . 41
4.3.6 Majority Filtering . . . . . . . . . . . . . . . . . . . . . . . . . 42

5 Results and discussion 44
5.1 VHI Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

5.1.1 Evolution of the VHI at the district level . . . . . . . . . . . . 44
5.1.2 Comparison between FAO’s VHI at the district level . . . . . 45
5.1.3 High spatial resolution for a better monitoring of drought im-

pact on agricultural crops . . . . . . . . . . . . . . . . . . . . 47
5.2 Classification Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

5.2.1 Confusion matrix and accuracy metrics . . . . . . . . . . . . . 49
5.2.2 Gini Feature Importance . . . . . . . . . . . . . . . . . . . . . 51

5.3 Integration of the VHI time series and the crop type map . . . . . . . 52
5.3.1 Assessing the VHI by crop type . . . . . . . . . . . . . . . . . 52
5.3.2 Assessing the health of sugarcane at the field scale on targeted

parcels . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
5.3.3 Assessing the health of sorghum at the field scale on randomly

selected fields . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
5.3.4 General discussion . . . . . . . . . . . . . . . . . . . . . . . . 67

6 Conclusion 68

v



List of Figures

1 Types of droughts [14] . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2 Different types of resolutions in remote sensing [16] . . . . . . . . . . 5
3 Link between the depth of penetration and the wavelength[28] . . . . 8
4 Spectral signature of green vegetation[30] . . . . . . . . . . . . . . . . 9
5 Weekly weather and ecological-related NDVI profiles over multiple years

for different types of vegetation, notably: 1) coniferous forest, an-
nual precipitation above 80 inches (in.); 2) mixed coniferous forest and
steppe, 10-20 in.; 3) steppe, 10-20 in.; 4) prairie, 20-40 in.; 5) mixed
coniferous and broadleaf forest, 20-40 in.; 6) mixed coniferous and
broadleaf forest in Maine, 40-60 in.; 7) mixed coniferous and broadleaf
forest in California, 40-60 in.; 8) desert and desert shrub, below 10 in.;
9) coniferous forest, 20-40 in., elevation 4000-6000 m; 10) steppe, 10-20
in.; 11) broadleaf forest, 40-60 in.; 12) mixed coniferous and broadleaf
forest in Florida, 40-60 in.[35] . . . . . . . . . . . . . . . . . . . . . . 10

6 Sentinel-2 spectral bands and their characteristics [46] . . . . . . . . 14
7 Annual NDVI for a crop pixel: AVHRR raw inputs and dekadal smoothed

outputs[53] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
8 Different methods of time series smoothing and gap-filling : processing

window lengths and maximum tolerated gap lengths [54] . . . . . . . 16
9 Relevant NDVI metrics for crop classification [51] . . . . . . . . . . . 17
10 Advantages and Disadvantages of different classification Algorithms

[55] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

11 Location of the study area, Chiredzi District, Zimbabwe, and in situ
crop sampled by the FAO . . . . . . . . . . . . . . . . . . . . . . . . 24

12 Comparison of FAO’s global VHI versus high-resolution VHI . . . . . 26
13 Comparison of a cloud-masked Sentinel-2 image processed with Sen2Cor

and a true colour image captured on March 3, 2024 . . . . . . . . . . 28
14 Annual (2022-2023) NDVI time series with Savitzky-Golay smoothing

for a randomly selected crop pixel in Chiredzi . . . . . . . . . . . . . 29
15 Annual (2023-2024) LST time series of only Landsat 8 data with Savitzky-

Golay smoothing for a randomly selected crop pixel in Chiredzi . . . 29

vi



16 Annual (2023-2024) LST time series with L8 and L9 integrated data
with Savitzky-Golay smoothing for a randomly selected crop pixel in
Chiredzi . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

17 Comparison between global-resolution VCI (FAO) and high-spatial-
resolution VCI in December 2023 . . . . . . . . . . . . . . . . . . . . 31

18 Comparison between the resampled TCI from January 20 to Febru-
ary 5, 2024, at 10-meter spatial resolution with bilinear interpolation
method (a), and the original TCI at 10-meter spatial resolution (b),
alongside a representation of the study area with a true-colour image
from Google Satellite (c) . . . . . . . . . . . . . . . . . . . . . . . . . 32

19 Comparison between the original VCI from January 20 to February
5, 2024, at 10-meter spatial resolution (a), and the resampled VCI at
30-meter spatial resolution, considering the PSF of Landsat 8 TIRS
sensors (b), alongside a representation of the study area with a true-
colour image from Google Satellite (c) . . . . . . . . . . . . . . . . . 33

20 NDVI profiles of the 2023-2024 agricultural season and historical NDVI
profiles since 2018 of a crop located in Chiredzi . . . . . . . . . . . . 34

21 NDVI profiles of the 2023-2024 agricultural season and historical NDVI
profiles since 2018 after normalisation of the seasonal shift of a crop
located in Chiredzi . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

22 Geospatial polygons created based on a composite cloud-masked Sentinel-
2 image from February 2024 and a Google Satellite image, using in situ
samples from Chiredzi District, Zimbabwe . . . . . . . . . . . . . . . 37

23 Number of polygons and number of 10-meter by 10-meter pixels for the
different classes selected after data preparation . . . . . . . . . . . . . 38

24 Mean NDVI time series of different land cover classes . . . . . . . . . 40
25 NDVI time series of different crop type classes . . . . . . . . . . . . . 41
26 Majority filtering application . . . . . . . . . . . . . . . . . . . . . . . 43

27 Evolution of vegetation health throughout the 2023-2024 agricultural
season in Chiredzi District, Zimbabwe . . . . . . . . . . . . . . . . . . 45

28 Comparison between the two VHIs (FAO’s VHI and the high spatial
resolution VHI) in January 2024, corresponding to the agricultural crop
growth period, and in March 2024, which is close to the harvest period,
in the Chiredzi District . . . . . . . . . . . . . . . . . . . . . . . . . . 46

29 Comparison between the FAO’s VHI and the high-resolution VHI devel-
oped in this master’s thesis: (a) the FAO’s VHI at a spatial resolution
of 1 km from 01/01/2024 to 10/01/2024, (b) the VHI at a spatial res-
olution of 10 meters from 04/01/2024 to 20/01/2024, (c) a true-colour
image of the area distinguishing natural vegetation from agricultural
zones . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

vii



30 Crop type map of the study area at the district level for the 2023-2024
agricultural season: displayed in true color (A) and with a higher-
resolution (A’), as well as with crop classification (B) and its higher
resolution counterpart (B’) . . . . . . . . . . . . . . . . . . . . . . . . 49

31 Classification confusion matrix . . . . . . . . . . . . . . . . . . . . . . 50
32 Classification confusion matrix . . . . . . . . . . . . . . . . . . . . . . 50
33 Hierarchical classification confusion matrix . . . . . . . . . . . . . . . 51
34 Gini index . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
35 VHI time series of in situ points of Chiredzi . . . . . . . . . . . . . . 53
36 VHI time series of in situ polygons of Chiredzi . . . . . . . . . . . . . 53
37 VHI time series of sugarcane classified fields in Chiredzi . . . . . . . . 54
38 VHI time series of in situ points of Chiredzi . . . . . . . . . . . . . . 54
39 VHI time series of in situ polygons of Chiredzi . . . . . . . . . . . . . 55
40 VHI time series of in situ reclassified sorghum fields in Chiredzi . . . 55
41 Evolution of vegetation health of sesame fields across the 2023-2024

agricultural season . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
42 Evolution of vegetation health of millets fields across the 2023-2024

agricultural season . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
43 Evolution of vegetation health of maize fields across the 2023-2024 agri-

cultural season . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
44 Randomly selected sugarcane fields . . . . . . . . . . . . . . . . . . . 57
45 Evolution of the VHI of intensive sugarcane fields from October 1, 2023,

to April 29, 2024. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
46 Comparative study of the 2023-2024 season NDVI time series with the

time series from previous seasons for randomly selected sugarcane fields. 59
47 Monthly precipitation time series for the 2023-2024 agricultural season,

based on CHIRPS data, covering a 5 km² area that includes randomly
selected sugarcane fields (figure 45) . . . . . . . . . . . . . . . . . . . 59

48 Randomly selected extensive sorghum fields in Chiredzi . . . . . . . . 60
49 Evolution of VHI of randomly selected sorghum fields throughout the

2023-2024 agricultural season . . . . . . . . . . . . . . . . . . . . . . 61
50 Analysis and explanation of the evolution of VHI values (distributed

over 11 periods of 16 days) for a sorghum field during the 2023-2024
agricultural season, using a comparative study of the 2023-2024 season
NDVI and LST time series with the time series from previous seasons 64

51 Analysis and explanation of the evolution of VHI values for a sorghum
field during the 2023-2024 agricultural season, using a comparative
study of the 2023-2024 season NDVI and LST time series with the
time series from previous seasons. . . . . . . . . . . . . . . . . . . . 66

viii



List of Tables

1 Distribution of samples by land category in the study Area, based on
FAO’s windshield and statistical survey . . . . . . . . . . . . . . . . . 36

ix



Acronyms

SDG: Sustainable Development Goals
EWS: Early Warning Systems
FAO: Food and Agriculture Organization
SPI: Standard Precipitation Index
MoA: Ministry of Agriculture
ZIMSTAT: National Statistics Office in Zimbabwe
EO: Earth Observation
GEO: Geostationary Earth orbit
LEO: Low Earth orbit
EUMETSAT: European Organisation for the Exploitation of Meteorological Satellites
NASA: National Aeronautics and Space Administration
TRMM: Tropical Rainfall Measuring Mission
GPM: Global Precipitation Mission
CHIRPS: Climate Hazards Group Infrared Precipitation Satellite
PNP: Percentage of Normal Precipitation
ET: Evapotranspiration
MODIS: Moderate Resolution Imaging Spectroradiometer
PSF: Point Spread Function
VIIRS: Visible Infrared Imaging Radiometer Suite
SMAP: Soil Moisture Active and Passive
NIR: Near-infrared
SWIR: Short-wave infrared
VIS: Visible
IR: Infrared
NDVI: Normalized Difference Vegetation Index
VCI: Vegetation Condition Index
NDWI: Normalized Difference Water Index
AVHRR: Advanced Very High Resolution Radiometer
ETM+: Enhanced Thematic Mapper Plus
TIRS: Thermal Infrared Sensor
TCI: Temperature Condition Index
GEOGLAM: Group on Earth Observations for Global Agricultural Monitoring
CM4EW: Crop Monitor for Early Warning
LAI: Leaf Area Index
SITS: Satellite Images Time Series
ESA: European Space Agency

x



TOA: Top Of Atmosphere
ST: Surface Temperature
BT: Brightness Temperature
Sen2Cor: Sentinel 2 (atmospheric) Correction
ROI: Region of Interest
QGIS: Quantum Geographic Information System
GSD: Ground Sample Distance
MSI: Multispectral Instrument
FWHM: Full Width at Half Maximum
SOS: Start of Season
NOAA: National Oceanic and Atmospheric Administration
GIEWS: Global Information and Early Warning System on Food and Agriculture
LST: Land Surface Temperature
VHI: Vegetation Health Index
ML: Maximum Likelihood
DTs: Decision Trees
RF: Random Forest
CNNs: Convolutional Neural Networks
GEE: Google Earth Engine

xi



Chapter 1

Introduction

Drought, due to its complexity and diversity, ranks among the most devastating nat-
ural phenomena worldwide and remains difficult to characterise [1]. It depends on
climatic factors such as precipitation, moisture deficit, and temperature, as well as
the anthropogenic influence on hydrological processes and the physical environment
[2]. There is no global consensus on the definition of drought; however, drought man-
ifests as a water deficiency relative to the usual conditions. Unlike floods, which are
characterized by sudden and distinct beginnings and endings, determining the onset,
end, and spatial extent of droughts is challenging [3].

Droughts development is slow, they can persist for years, affect large areas, and have
significant impacts on human well-being, the environment, and the economy [3]. Over
time, the occurrences of droughts will only increase due to climate change [4]. Indeed,
climate change has intensified the frequency and severity of drought periods, signifi-
cantly impacting Southern Africa [5]. El Niño, a climate pattern caused by changes in
Pacific Ocean winds, currents, and temperatures, has been occurring more and more
frequently than average, affecting the region’s food security [6].Due to the vastness
of the Pacific Basin, which covers about one third of the Earth’s surface, the cli-
mate changes that occur there, such as variations in winds and humidity, have global
repercussions. This phenomenon results in droughts, which are associated with in-
creasing poverty, insecurity and a mortality rate particularly high in Sub-Saharan
Africa [7]. Consequently, it causes a divergence from the Sustainable Development
Goals (SDGs), especially SDG1 (no poverty), SDG2 (zero hunger), and SDG3 (good
health and well-being) [8]. This situation is particularly alarming for countries like
Zimbabwe lacking the resources to address drought damage and the tools for monitor-
ing and anticipating such impacts [9]. Additionally, Zimbabwe still relies on over 60
percent of rain-fed subsistence agriculture [8]. These farmers are directly dependent
on climatic conditions. Zimbabwe experienced an extended drought from late Jan-
uary to mid-March 2024, during a crucial period of crop development. This situation
threatens the food security of millions of people [10].

It is therefore essential to ensure effective monitoring and mitigation of drought. To
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achieve this, various global EWS dedicated to food security have been established
since the early 1970s [11]. When combined with effective communication and interna-
tional collaboration, these systems enhance the ability to assess, mitigate, and even
prevent potential threats [12].

These tools utilise remote sensing technology to gather information about objects
or areas, such as the Earth, without direct contact. This is achieved using sensors
mounted on drones, planes, or satellites, allowing for data collection at various scales
[13]. EWS use remote sensing-based indicators to monitor climatic factors and under-
stand the impacts of droughts. However, many indicators rely on low spatial resolution
data, which is not suitable for field-scale analysis in agriculture. Low-resolution data
makes it difficult to isolate the spectral responses of fields from those of surrounding
land covers, resulting in noisy data when assessing drought impacts on agriculture.
This study proposes to test the use of higher spatial resolution data in drought mon-
itoring tools in order to assess drought impacts at field-level.

In 2024, the Food and Agriculture Organization (FAO), an United Nations agency,
has set up a project with the Geomatics lab of Pr.Defourny, which aims at building the
capacity of the Ministry of Agriculture (MoA) and of the National Statistics Office in
Zimbabwe (ZIMSTAT) to produce better quality, more complete, disaggregated and
timely crop data, as well as improved use of earth observation (EO) data to improve
agricultural statistics and provide inputs for measuring some SDGs indicators related
to agriculture. One activity of this project is to develop a prototype for an EWS
for drought and to integrate it with crop maps for impact assessment. This work is
carried out in this context.
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Chapter 2

Literature review

This chapter explores the different types of droughts and their effects on agriculture.
To assess these impacts, two key elements are necessary: a drought indicator and a
crop map, which will be combined to evaluate drought effects on agricultural areas.
Initially, the chapter explains the role of remote sensing in creating drought monitoring
indicators. Then, it reviews current drought assessment systems highlighting their
strengths and limitations. Finally, it highlights the importance of distinguishing not
only between cultivated and non-cultivated areas but also between different types
of crops through crop mapping, in order to achieve for an efficient drought impact
assessment.

2.1 Definition and types of droughts

The progression of drought describes how a lack of precipitation (i.e., below-normal
levels) advances through the hydrological cycle. It begins as a meteorological drought
and can evolve into a hydrological drought if the situation persists [2]. Generally,
three types of drought are distinguished (figure 1). First, there are meteorological
droughts, characterised by a lack of precipitation and/or unusually high evaporation
and transpiration compared to the historical average for a specific period. They
can last from 6 weeks to 6 months and show significant variability in both time
and space [14]. Meteorological droughts often lead to agricultural droughts, which
occur when soil moisture decreases, causing water stress for plants and resulting in
reduced productivity. Finally, if the drought persists, it leads to hydrological drought,
characterised by reduced river flows, and lower water levels in reservoirs, groundwater,
and lakes. This type of drought affects water resources on a larger scale and over a
longer period.These droughts have significant economic, social, and ecological impacts.
The focus of this study is on the characterisation of the first two types of drought.
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Figure 1: Types of droughts [14]

2.2 Remote sensing data for drought monitoring

2.2.1 Advent of Remote Sensing

Before the advent of remote sensing, drought monitoring relied on on-site observations.
Instruments such as rain gauges were used to measure precipitation, and probes were
used to assess soil moisture. Although these techniques provided accurate data for
specific locations, their spatial coverage was limited. It was challenging to extrapolate
these measurements to large areas, and a large number of measurement points were
required. Over the past five decades, there has been a shift from traditional on-site
measurements to remote techniques that allow for drought monitoring by collecting
data on distant objects or areas. This change is particularly relevant in Zimbabwe,
where weather stations are poorly distributed and do not provide regular data, both
spatially and temporally [15].

2.2.2 Overview of remote sensing techniques and resolutions

Remote sensing technology uses sensors to capture energy emitted or reflected by
surfaces, based on their physical or chemical characteristics, across different bands
of the electromagnetic spectrum. This helps identifying the spectral signature of the
observed surface. Depending on the spectrum range studied, remote sensing can be
classified into optical, thermal, and microwave remote sensing.

Optical remote sensing covers the visible (450-700nm) and infrared (750-3000nm)
spectra, from near-infrared (NIR) to short-wave infrared (SWIR). Thermal remote
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sensing focuses on thermal infrared (3000-15000nm). Microwave remote sensing uses
the microwave spectrum (1mm-1m).

The collected data are characterised by various types of resolution (figure 2). Choos-
ing a specific resolution often requires trade-offs. It is essential to find an optimal
balance suited to the user’s objectives.

Spatial resolution refers to the size of the ground object represented by a single pixel
(figure 2).Higher spatial resolution makes it easier to identify small objects but in-
creases storage space requirements and often comes with a lower revisit frequency,
leading to a lower temporal resolution. Temporal resolution is the frequency at which
images of a specific Earth location are updated, also known as the satellite revisit
rate. For example, monitoring different crop growth phases requires a specific revisit
interval to effectively observe and assess agricultural conditions over time. Radiomet-
ric resolution is a satellite sensor’s ability to detect and differentiate different levels of
radiation from the Earth’s surface. The sensor breaks down these radiation levels into
discrete values using bits. The number of bits used affects how well the sensor can
capture the intensity and shades of colour. Spectral resolution is the sensor’s ability
to distinguish small intervals within the electromagnetic spectrum.

Figure 2: Different types of resolutions in remote sensing [16]

2.2.3 Monitoring of climatic variables

Remote sensing data now cover nearly all aspects of drought progression, significantly
enhancing our understanding of this phenomenon [11]. However, data for each cli-
matic and environmental component are collected at varying spatial and temporal
resolutions.
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Precipitation monitoring

Monitoring precipitation is crucial for identifying meteorological drought episodes.
Precipitation can be monitored over a larger area with coarser resolution or over a
smaller area with finer resolution. Understanding the differences between geosyn-
chronous Earth orbit (GEO) satellites and Low Earth Orbit (LEO) satellites is essen-
tial for this process.

GEO satellites are positioned at a high altitude of approximately 36,000 km. They are
located above the Earth’s equator and rotate in alignment with the Earth’s rotation,
providing continuous coverage of a specific area. In contrast, LEO satellites operate
at altitudes ranging from 100 to 1,600 km. Unlike GEO satellites, LEO satellites are
not constrained to a fixed trajectory, and their orbital plane can be inclined, allowing
them to follow various paths around the Earth. Their proximity to the Earth’s surface
enables them to capture images with higher spatial resolution.

Optical sensors, operating in the visible (VIS) and infrared (IR) spectrum, are de-
ployed on both GEO and LEO satellites. For example, the European Organisation for
the Exploitation of Meteorological Satellites (EUMETSAT) has launched Meteosat
satellites 8-11 (GEO), providing continuous coverage over Africa and Europe. No-
tably, Meteosat 11 delivers data with a temporal resolution as frequent as every 5
minutes[17]. These IR/VIS sensors typically provide more frequent data but with
higher uncertainties, and they offer estimates of rainfall volume [18].

Conversely, microwave sensors are only deployed on LEO satellites. These sensors do
not rely on sunlight, allowing for data collection under any weather conditions, in-
cluding cloudy weather or at night. For instance, National Aeronautics and Space Ad-
ministration’s (NASA) Tropical Rainfall Measuring Mission (TRMM) satellite (1997-
2015) and its successor, the Core Observatory satellite of the NASA Global Precipita-
tion Mission (GPM) since 2014, are equipped with microwave sensors. The successor
satellite features a spatial resolution of 5 km and a temporal resolution of 3 hours
[19]. Satellites operating in the microwave spectrum, such as the Climate Hazards
Group Infrared Precipitation Satellite (CHIRPS), utilise an integrated approach that
combines satellite data with ground observations to enhance data accuracy. This
methodology is particularly valuable because satellite imagery often provides only
regional averages that may not fully capture the intensity of extreme precipitation
events. In contrast, precipitation data derived from weather station records are less
accurate in rural areas due to the sparse distribution of stations. This integrated
approach of satellite data with ground-based observations achieves thus more precise
measurements of such events [20]. CHIRPS features a spatial resolution of 5 km and
a daily temporal resolution.

The most used precipitation index for drought monitoring is the standard precipitation
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index (SPI) [21]. The Standardised Precipitation Index (SPI) is a method used to
measure precipitation anomalies over a given period, such as a month or several
months. The SPI analyses the frequency of precipitation over different time periods.
The precipitation data is then converted into a standard normal distribution for easy
comparison. The SPI indicates whether a period is dry (negative SPI) or wet (positive
SPI). In addition to the SPI, percentiles and the Percentage of Normal Precipitation
(PNP) are also used to assess whether a period is wetter or drier than the average
recorded precipitation [22].

Evapotranspiration monitoring

Evapotranspiration (ET)refers to the process where water transitions from liquid to
vapour, occurring both through surface evaporation and plant transpiration into the
atmosphere. This phenomenon plays a critical role in climate regulation, water re-
source management, and ecosystem functions [23]. Since ET fluxes cannot be directly
observed, empirical models have been developed to estimate them. Some examples
of satellites estimating ET are the Moderate Resolution Imaging Spectroradiome-
ter (MODIS) instruments on NASA’s Terra and Aqua satellites. Terra, launched in
1999, orbits from north to south across the equator, while Aqua, launched in 2002,
orbits from south to north. MODIS is equipped with two 250-meter bands, five 500-
meter bands, and twenty-nine 1-kilometer bands. These instruments capture images
of the entire Earth every 1 to 2 days, providing regular, comprehensive views of the
planet [24]. Meanwhile, the Visible Infrared Imaging Radiometer Suite (VIIRS) on the
national Oceanic and Atmospheric Administration’s (NOAA) Suomi National Polar-
orbiting Partnership satellite offers a spatial resolution of 0.5 km and a temporal
resolution of one day [25]. There still remains a need for finer-scale data to enhance
the accuracy of drought monitoring through ET and to refine the development of
more sophisticated models [26].

Soil moisture monitoring

Soil moisture significantly influences the distribution of rainwater by either facilitating
its infiltration into the ground or causing runoff. This process is crucial for the ex-
changes of water and energy between the atmosphere, the surface, and the underlying
soils [27]. Soil moisture content is closely linked to its dielectric permittivity, which
is the soil’s response to an applied electric field. By measuring this permittivity, one
can accurately determine the moisture levels in the soil. Microwaves, which are highly
sensitive to changes in dielectric permittivity, are used to measure this characteris-
tic at specific frequencies of the electromagnetic spectrum. Since water has a much
higher dielectric permittivity than soil, an increase in soil moisture leads to enhanced
wave propagation. Furthermore, the relationship between wave penetration depth
and wavelength allows for the measurement of moisture at different soil depths, from
the surface down to deeper layers (figure 3).
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Figure 3: Link between the depth of penetration and the wavelength[28]

To capture these measurements, sensors can be either passive, receiving naturally
emitted microwave energy from the Earth’s surface like radiometers, or active, emit-
ting microwaves to illuminate a target, such as radars.

Various satellites equipped with these sensors operate across different bands of the
electromagnetic spectrum in both active and passive modes. For instance, the Soil
Moisture Active and Passive (SMAP) satellite, operational since 2015, employs an L-
band radiometer with a spatial resolution of 30 km and had also a synthetic aperture
radar component which failed in 2015 [29]. Additionally, there is, for instance, the
Sentinel-1 satellite which is outfitted with high-resolution radars that deliver soil
moisture data with a resolution of 10 meters and a temporal frequency of every six
days.

2.2.4 Monitoring of ecological variables : vegetation monitor-
ing

Vegetation is closely connected to various aspects of the water cycle. When precipi-
tation decreases, drying out the soil and root zone, the effects on vegetation quickly
become apparent.

Monitoring vegetation health is mainly done using optical remote sensing, which in-
cludes both visible and infrared light. Plants are identified by a significant difference
in how they reflect visible and near-infrared wavelengths. This characteristic is typ-
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ical of green vegetation, whereas other surfaces, such as soil and water, reflect these
wavelengths differently (figure 4).

Figure 4: Spectral signature of green vegetation[30]

The Normalised Difference Vegetation Index (NDVI) is the most widely used vegeta-
tion index and serves as the primary tool for drought monitoring. This index assesses
vegetation health by examining how chlorophyll absorbs red light and how the fo-
liar mesophyll reflects infrared light [31]. The NDVI values range from -1 to 1, with
low values indicating vegetation under moisture stress and higher values reflecting a
greater density of healthy, green vegetation [32]. This indicator is particularly relevant
for monitoring agricultural drought, as droughts are the main cause of moisture stress,
impacting thus the health and growth of vegetation. [33] The index is calculated as
follows:

NDV I =
⇢NIR � ⇢Red

⇢NIR + ⇢Red
(2.1)

The Normalised Difference Water Index (NDWI) is another common used drought
index utilised to emphasise the presence and extent of water in observed areas [34].
It is calculated as follows using the near infrared (NIR) and the short-wave infra-red
(SWIR) bands and range from -1 to 1.

NDV I =
⇢NIR � ⇢SWIR

⇢NIR + ⇢SWIR
(2.2)

The Vegetation Condition Index (VCI), which scales NDVI values between their his-
torical minimum and maximum, is also widely used for drought monitoring. The
VCI is particularly useful for assessing the impact of droughts on vegetation by iso-
lating weather-related effects from ecological factors. Ecological factors include the
inherent and stable characteristics of the ecosystem where the vegetation develops.
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This encompasses soil quality, nutrient availability, vegetation type, and biological
interactions such as competition between plants or symbiosis. For example, a type
of forest may have a specific period of leaf growth due to its genetic adaptations and
interactions with other organisms in its ecosystem. These factors are often constant
over long periods, thus influencing the life cycle of the vegetation in a predictable and
measurable way year after year. Additionally, the NDVI curve is affected by meteo-
rological factors, such as changes in weather conditions including rainfall or droughts.
This influence is evident in how vegetation responds to environmental changes, and
the VCI enables one to focus solely on those weather-related factors. Figure 5, from
a US study [35], shows how ecological and meteorological factors impact the NDVI
profiles of different vegetation types.

Figure 5: Weekly weather and ecological-related NDVI profiles over multiple years for
different types of vegetation, notably: 1) coniferous forest, annual precipitation above
80 inches (in.); 2) mixed coniferous forest and steppe, 10-20 in.; 3) steppe, 10-20 in.;
4) prairie, 20-40 in.; 5) mixed coniferous and broadleaf forest, 20-40 in.; 6) mixed
coniferous and broadleaf forest in Maine, 40-60 in.; 7) mixed coniferous and broadleaf
forest in California, 40-60 in.; 8) desert and desert shrub, below 10 in.; 9) coniferous
forest, 20-40 in., elevation 4000-6000 m; 10) steppe, 10-20 in.; 11) broadleaf forest,
40-60 in.; 12) mixed coniferous and broadleaf forest in Florida, 40-60 in.[35]

The VCI ranges from 0 to 1. A low VCI, resulting from a lower NDVI compared to
previous years, suggests less dense or less healthy vegetation, indicating unfavourable
conditions which could signify drought. In this situation, VCI values approach 0.
Conversely, a high NDVI reflects more favourable conditions, and in such cases, the
VCI tends toward 1. The VCI is calculated as follows:
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V CI =
NDV Ii �NDV Imin

NDV Imax �NDV Imin
(2.3)

• NDV Ii is the smoothed NDVI over a specified time period,

• NDV Imin is the historical minimum NDVI over the specified time period,

• NDV Imax is the historical maximum NDVI over the specified time period.

Kogan demonstrated that the Temperature Condition Index (TCI), which scales tem-
perature values between their minimum and maximum, enhances drought monitoring
accuracy when combined with the VCI [36]. This index assesses the influence of
temperature on drought development. Initially developed using top-of-atmosphere
brightness temperatures (BT), the use of land surface temperature (LST) has since
helped to minimise atmospheric effects and reduce the influence of emissivity vari-
ability on the TCI [37]. LST is also crucial for understanding thermal energy flux
exchanges between the soil and the atmosphere, especially under drought conditions.
It is influenced by soil moisture, vegetation cover, and the thermal properties of surface
materials [38]. Higher LST mid-season suggests unfavourable conditions or drought,
causing TCI values to approach 0. Conversely, lower LST indicates more favourable
conditions, which are reflected by TCI values tending toward 1 [35]. The TCI is
calculated as follows:

TCI =
LSTmax � LSTi

LSTmax � LSTmin
(2.4)

• LSTi is the smoothed LST over a specified time period,

• LSTmin is the historical minimum LST over the specified time period,

• LSTmax is the historical maximum LST over the specified time period.

The combination of these two indices thus enables the monitoring of drought across
different windows of the electromagnetic spectrum: VCI, based on the visible and
near-infrared parts, is a direct measure of vegetation moisture status, while TCI,
based on the thermal infrared window, is a direct measure of stress driven by temper-
ature conditions [39].

The complementary nature of these two indices has led to the development of a single
index, the Vegetation Health Index (VHI), which combines VCI and TCI [40]. It is
calculated as follows:

VHI = ↵VCI + (1� ↵)TCI (2.5)

The contributions of VCI and TCI to vegetation health vary depending on the type
of vegetation and climate at a specific location and time, with an effective approxi-
mation for ↵ equal to 0.5 [35].

11



Sensors designed to study the VHI have been available for a long time, particularly
since the launch of the first Advanced Very High Resolution Radiometer (AVHRR)
in 1979. This technology allowed for vegetation monitoring with a coarse resolution
compared to modern sensors, but it offered the advantage of high temporal frequency.
[41]. Instruments such as MODIS on NASA’s Terra and Aqua satellites, along with
the VIIRS on NOAA’s Suomi NPP satellite, provide moderate-resolution imaging
data with a temporal resolution as frequent as daily [25].

However, significant advancements have now been made, allowing for higher spatial
resolution monitoring. The Landsat 8 and 9 series offer a spatial resolution of 30 me-
ters for vegetation monitoring in the optical spectrum and 100 meters in the infrared
spectrum, although with a limited temporal resolution of 16 days. Additionally, there
have been significant advancements in high-resolution optical data with the Sentinel-2
series, comprising Sentinel-2A (2015) and Sentinel-2B (2017) [42]. These satellites pro-
vide 10-meter resolution for vegetation monitoring while maintaining a high temporal
resolution of maximum 5 days. This development has opened numerous opportunities
for improved agricultural monitoring at a local scale. Both of those missions will be
further explained below.

2.2.5 EWS for Food Security

There are several EWS that use an integrated approach to monitor various climatic
and environmental variables. This enhances decision-making in agricultural policies
and improves agricultural production. However, these EWS may differ slightly due to
stakeholders prioritising certain data inputs or methodologies over others. To address
this, an initiative called the Group on Earth Observations (EO) for Global Agricul-
tural Monitoring (GEOGLAM) was established, based on existing EWS. GEOGLAM
launched the Crop Monitor for Early Warning (CM4EW), a consensus tool designed
to reconcile the differences among the various EWS.[43]. However, GEOGLAM em-
phasises that further progress is needed within these EWS. This includes the necessity
for more in situ data, improved calibration and validation of data and the use of more
operational high-resolution satellite imagery.[44] .

2.2.6 Global Information and Early Warning System on Food
and Agriculture (GIEWS)

The GIEWS is integrated into the CM4EW but has not yet developed a method to as-
sess the impact of droughts using high-resolution optical imagery. Currently, GIEWS
utilises optical and thermal bands from the AVHRR sensor on the Metop satellite
for vegetation monitoring, achieving a spatial resolution of 1 km. However, despite
the availability of operational satellites that could offer higher spatial resolutions, this
approach has not yet been adopted. Satellites like Landsat, with its Thermal Infrared
Sensor (TIRS) for thermal bands, and Sentinel-2, with its Multispectral Instrument
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(MSI) sensor for optical bands, could significantly improve the spatial resolution of
FAO’s observations.

2.3 Remote sensing data for crop type mapping

To effectively assess the impact of drought on agricultural crops, it is essential to
identify where different crops are cultivated. Remote sensing technology for crop type
mapping enables the identification of various crop types across specific regions. This
crucial information helps determine which crops are at risk of drought based on their
location and inherent drought sensitivity.

2.3.1 The advent of Sentinel-2 for crop type classification

The Copernicus program, initiated by the European Space Agency (ESA), aims to
monitor the Earth and its components by deploying its seven Sentinel missions. Each
mission consists of a constellation of two satellites, each focusing on specific areas such
as land, ocean, and atmospheric observation [45]. The Sentinel-2 mission, primarily
used for land monitoring, consists of two polar-orbiting satellites that follow the same
orbit but are positioned 180 degrees apart. This configuration allows for a revisit time
at the equator of 10 days per satellite, effectively reducing to 5 days for the pair, and
this can decrease to 2 to 3 days at mid-latitudes. Sentinel-2 delivers high-resolution
optical imagery across a multispectral range. It includes 13 bands that span visible
and SWIR wavelengths, featuring four bands with a 10-meter resolution, six bands
at 20 meters, and three at 60 meters. Additionally, it incorporates three atmospheric
bands: Band 1, Band 9, and Band 10 (figure 6).
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Figure 6: Sentinel-2 spectral bands and their characteristics [46]

Those spectral bands are widely used for crops type classification excluding the at-
mospheric bands: coastal aerosols (band 1), water vapour (band 9) and SWIR cirrus
(band 10) that were found to be inappropriate for classifying crop types [47, 48]. The
blue (band 2), green (band 3), red (band 4), vegetation red edge (band 5), vege-
tation red edge (band 6), vegetation red edge (band 7), NIR (band 8), narrow NIR
(band 8A), SWIR (band 11) and SWIR (band 12) were used in plenty of studies which
found out different importance of those bands as inputs for their classification [49, 50].

These high spatial resolution bands can be used individually or combined to obtain
vegetation indices and biophysical variables. Vegetation indices, such as the NDVI
and the NDWI, are commonly utilised in drought monitoring and crop classification.
Biophysical variables like the Leaf Area Index (LAI) are also important for crop clas-
sification. LAI measures the plant canopy by assessing the one-sided green leaf area
relative to the ground surface area, with values ranging from 0 for bare soil to 10 for
very dense vegetation. Changes in LAI over time are closely linked to the phenologi-
cal stages of crop growth, making LAI time series essential for distinguishing different
crop types.

The brightness index, calculated as follows, has also been used for crop classification.
[51]:

Brightness =
p
Green2 +Red2 +NIR2 + SWIR2 (2.6)
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2.3.2 Satellite images time series

Satellite images time series (SITS) correspond to successive recordings of the same
region of interest (ROI) over time. Spectral bands and spectral indices allow for dif-
ferentiation of vegetation types, but capturing the temporal evolution of these bands
and indicators enhances crop discrimination even further. Indeed, while different crops
may show similar spectral characteristics at a given moment, their temporal evolution
can distinguish them. For example, they may have a peak in vegetation at different
times or have different growth cycles. SITS are also valuable for differentiating the
growth phases of crops, from germination to harvest, and for assessing how vegeta-
tion recovers from stress. Maponya et al. (2020) demonstrated the impact of using
multiple images over time to achieve better classification than with a single image [49].

Satellite images are frequently affected by various types of noise, which can arise from
factors such as cloud cover, atmospheric aerosols, or sensor malfunctions. These dis-
ruptions can lead to missing or erroneous data, making the analysis and interpretation
of SITS challenging.

To address this issue, various interpolation methods have been developed. The choice
of method depends on the amount of missing data and the desired level of accuracy or
smoothing for the reconstructed time series. For example, the FAO uses a weighted
least-squares method to smooth its NDVI data. Since the factors causing contamina-
tion generally reduce NDVI values, the weighting factor for temporal NDVI smoothing
is biased towards peak values over sloping or valley points. A final step ensures that
all peak NDVI values are preserved [52, 53](figure 7).

Figure 7: Annual NDVI for a crop pixel: AVHRR raw inputs and dekadal smoothed
outputs[53]

Other methods like Savitsky-Golay have been used to smooth time series. This algo-
rithm divides the signal into equal-length intervals, applying a polynomial regression
that minimises the least squared error within each interval. The Whittaker smoother
has also been used and requires an initial sinusoidal signal to operate effectively. It
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has the same purposes as the Savitsky-Golay. S. Kandasamy et al. (2012) made a
comparison of different methods of smoothing and gap-filling (figure 8).

Figure 8: Different methods of time series smoothing and gap-filling : processing
window lengths and maximum tolerated gap lengths [54]

2.3.3 Metrics based on SITS of vegetation indices

Once a reliable representation of the evolution of vegetation indices over time is ob-
tained, it becomes possible to evaluate various metrics to further differentiate different
types of crops. Basic statistics such as the mean, minimum, maximum, and standard
deviation of indices like NDWI and brightness can be used. Other metrics on NDVI
have been considered relevant for distinguishing between types of vegetation (figure
9).
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Figure 9: Relevant NDVI metrics for crop classification [51]

2.3.4 Crop classification in remote sensing

Two types of classification can be performed depending on whether labelled data is
provided. Firstly, supervised classification involves providing samples of different land
cover classes. The classification algorithm uses these data to learn the characteristics
of each class. Once these characteristics are understood, the algorithm can classify
the entire image. Secondly, unsupervised classification does not involve labelled data.
In this case, the algorithm creates clusters based on the similarities and differences
among the image data. It is then up to the user to label these clusters. This type of
classification is not being used in this study and it will not be explained in further
depth.

Main classification algorithms

Some machine learning supervised classification algorithms are described below:

The Maximum Likelihood (ML) method is founded on probabilistic principles. It
utilises training data to statistically represent target classes through their multivari-
ate probability density functions [55]. These functions indicate the likelihood that
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certain spectral colours and textures correspond to one type of crop rather than an-
other. This approach allows for complete control over the land cover classes used in
the final classification. However, it has certain limitations, such as the assumption
that the input data follows a Gaussian distribution. Additionally, it applies the same
set of features to all classes and requires a significant amount of computational re-
sources to perform the classification

Decision Trees (DTs) consist of nodes representing variables, branches representing
value choices, and leaves indicating the probability of belonging to a particular class.
Random Forest (RF) goes a step further by combining multiple DTs. Each tree makes
a decision, and the final class is determined by the majority vote of all the trees. The
advantages of the RF classifier are its stability and efficiency in achieving a high level
of accuracy. Moreover, it can handle a large amount of spectral and temporal features.

Deep learning is a subfield of machine learning that mimics the neural workings of
the human brain using multilayered neural networks. This approach enables the
modeling of complex relationships within data.Neural networks are characterised by
their architecture, which includes an input layer at the beginning and an output layer
at the end. In the field of classification, Convolutional Neural Networks (CNNs) are
particularly used. They utilise a series of filters, such as pooling layers to reduce
dimensions and convolutional layers to detect patterns like textures, to ultimately
produce an output, such as the label of a crop type.
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Figure 10: Advantages and Disadvantages of different classification Algorithms [55]

Performance metrics

The in situ data is divided into calibration data, from which features for classification
are extracted, and the remaining data is used for validation. The confusion matrix has
actual classes in the rows and predicted classes in the columns. From this confusion
matrix, four types of values can be obtained: True Negatives (TN), False Negatives
(FN), True Positives (TP), and False Positives (FP).
Using this information, we can calculate accuracy, which represents the percentage
of correct predictions out of the total predictions made for a certain class. Recall
is the ratio of correctly identified samples to the total number of samples actually
belonging to a class, and specificity indicates the proportion of correctly identified
negative samples for each class.
The metrics can be calculated as follows:

Accuracy =

P
TPP

TP +
P

FP
(2.7)

Recall =
P

TPP
TP +

P
FN

(2.8)
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Specificity =

P
TNP

TN +
P

FP
(2.9)

From these metrics, it is possible to evaluate the F-score, which is particularly useful
as in cases of imbalanced data classification and is given as follows:

F-score = 2 · Accuracy · Recall
Accuracy + Recall

(2.10)

Finally, the Overall Accuracy (OA) is given as follows:

OA =

P
TP +

P
TNP

TN +
P

TN +
P

FP +
P

FN
(2.11)
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Chapter 3

Objectives

In a context where Southern Africa has been severely impacted by droughts in recent
years, significantly threatening agricultural production in these countries, it is crucial
to have tools that can guide policies to mitigate the impacts of droughts.

EWS have already developed drought indicators but at a coarse spatial resolution.
This creates challenges because, at this scale, a pixel meant to represent agricultural
fields may include various types of land cover such as forests, houses, or roads, thus
biasing the true situation of the health of the fields. By improving the spatial resolu-
tion, it becomes possible to better distinguish agricultural surfaces from other types
of surfaces, thus reducing interference and allowing a more accurate assessment of
vegetation health. This first enables us to provide a more accurate understanding
of the actual cultivated area. Moreover, this improvement helps distinguish between
different types of crops, thereby facilitating more precise and effective agricultural
management.

The main objective of this study consists in developing a robust VHI at a crop-specific
level in the district of Chiredzi in Zimbabwe, in response to droughts.

From this objective, specific objectives are derived:

1. Testing the added value of high resolution in a drought model.

• By evaluating the impact of high resolution in a drought model through
visual interpretation of the landscape.

2. Obtain a VHI adapted to the agricultural calendar.

3. Obtain a high-resolution crop type classification.

4. Cross the VHI product with the crop map to evaluate the added value of a
high-resolution drought model
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Chapter 4

Materials and method

This chapter aims to provide a clear and rigorous methodological framework of the
study. To facilitate a better understanding and contextualisation of the work, the
content is structured into several sections, each addressing specific aspects of the re-
search process, from the description of the study area to the presentation of data
processing techniques and analysis methods.

It begins with an introduction of the study area, focusing on the Chiredzi District
in Zimbabwe. The reasons for selecting this region are explained, emphasising its
agro-ecological characteristics and vulnerability to drought. This section is essential
for establishing the geographical and climatic context of the study.

Next, the development of a high-resolution drought index is discussed. This first
pillar of the study focuses on creating a VHI that accurately reflects the health of
vegetation. This index allows for precise evaluation of drought conditions at a local
scale.

Following this, the methods for drought modelling and monitoring at high-spatial-
resolution are detailed, including a comparison between the FAO’s global VHI model
and the high-resolution model used in this study, highlighting the differences in satel-
lite data and collection periods.

A description of the data processing procedures follows, explaining the necessary steps
to transform raw satellite images into usable data, taking into account atmospheric
corrections, cloud masking, and temporal interpolation of NDVI and LST time series.

The methodology then introduces the creation of a crop type classification map, the
second pillar of the study. This involves identifying the different types of crops present
in a given region through a classification map. The ability to distinguish between crop
types is crucial for understanding how drought specifically affects each type of crop.

The final section of the methodology combines the two pillars. The information pro-

22



vided by the crop type classification map is combined with the drought index. By
overlaying the VHI on areas identified by the classification map, it becomes possible
to observe and analyse the specific impact of drought on different types of crops. This
combination allows for a more precise overview of crop health.

Concerning the software tools utilised, the Google Earth Engine (GEE) platform was
used for the development of the drought index. The classification map was created
using Python, specifically utilising the geopandas package for vector data analysis,
the rasterio package for raster data analysis, and the Scikit-learn package for machine
learning. Lastly, Quantum Geographic Information System (QGIS) was employed for
visual inspection and mapping purposes.

4.1 Study area

The district under study is Chiredzi, located in Masvingo Province, Zimbabwe (figure
34). A Sentinel-2 tile covering the district’s main agricultural areas has been used as
the ROI. Zimbabwe is divided into five agro-ecological regions based on the average
annual rainfall and soil types of each geographical zone. Chiredzi falls within agro-
ecological regions 4 and 5, which receive the lowest annual precipitation (less than
500 mm), making the region highly susceptible to drought. Furthermore, Chiredzi is
an agricultural district known for cultivating a variety of crops, including sorghum,
millet, maize, sesame, and sugarcane. Samples of land cover and crop types were
collected by the FAO through surveys and shared as part of this study(figure 34).
This extensive agricultural land is a key factor in the evaluation of drought conditions
in the area.
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Figure 11: Location of the study area, Chiredzi District, Zimbabwe, and in situ crop
sampled by the FAO

4.2 High-spatial-resolution VHI

In this section, an overview of the overall methodology to obtain a high-resolution
VHI and a comparative analysis with the FAO’s global VHI model is given. The data
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processing steps of cloud masking and calculating smoothed and gap-filled NDVI and
LST time series are then detailed. Once these time series are obtained, the VCI and
TCI can be calculated to ultimately create the VHI index. Finally, this index can be
adjusted to align with the agricultural calendar.

4.2.1 High-spatial-resolution VHI methodology and compara-
tive analysis with the FAO’s global VHI

The method for obtaining a high-resolution VHI is generally similar to that used for a
lower-resolution VHI (figure 29). The key differences lie in the satellite data collected
and the collection periods. For the FAO model, both optical (VCI) and thermal
(TCI) data from 2007 to 2024 are sourced from the Metop-AVHRR sensor, with a
resolution of 1 kilometer. The data from 1984 to 2006, are sourced from the NOAA-
AVHRR sensor, which has a spatial resolution of 16 kilometers. However, these earlier
data have been resampled to a 1-kilometer resolution to ensure consistency in spatial
resolution across all the historical data. The high-resolution model developed in this
master thesis uses optical data from the MSI sensor on Sentinel-2, collected at a 10
m resolution. This data has been available since 2018. The model also uses thermal
data collected by the TIRS sensor on Landsat 8 at a 100 m resolution, available since
2013. Additionally, thermal data from the same sensor on Landsat 9 at a 100 m
resolution is used, which has been available since 2022. Another distinction is in the
type of thermal data used for the two models. The FAO model utilises BT, whereas
the high-spatial-resolution model employs LST. Finally, due to climate and weather
variations, the start of agricultural seasons can vary. To ensure consistent comparisons
from year to year, the seasons are normalised. This allows for the comparison of the
same periods in the agricultural cycle each year, thus enabling the use of a VHI based
on an agricultural calendar rather than a year calendar.

25



Figure 12: Comparison of FAO’s global VHI versus high-resolution VHI

4.2.2 GEE platform

GEE is a cloud-based platform that provides access to a wide range of geospatial data
for analysis and visualisation. It integrates multiple data sources, including a compre-
hensive historical archive and numerous sensors, and supports extensive data process-
ing algorithms without the need for a local installation. The platform’s strength lies
in its extensive collection of high-resolution historical data, crucial for tasks such as
obtaining high-resolution VHI in this study. The data required, sourced from Land-
sat and Sentinel, is easily managed on GEE without needing local storage resources.
However, one significant issue with GEE is that all data processed or downloaded
through the platform are controlled by Google, posing potential concerns regarding
data ownership and privacy.

26



4.2.3 Data processing

Raw images require certain processing steps to be correctly interpreted subsequently.
For Sentinel-2, raw images are first orthorectified and georeferenced, producing top
of atmosphere (TOA) images at Sentinel-2 Level 1C. These images can further be
processed to achieve Sentinel-2 Level 2A bottom of atmosphere images where atmo-
spheric effects are also corrected. The Sentinel 2 (atmospheric) Correction (Sen2cor)
algorithm, developed by the ESA and implemented on GEE, performs several key
functions for image processing. It carries out the radiometric calibration, the atmo-
spheric correction, and the detection of the presence of clouds with three levels of
probability: low, medium, and high.

From the perspective of Landsat 8 and 9 data, the raw thermal band 10 data is
converted into radiance (power per unit area, per unit solid angle, per unit wave-
length). This radiance can then be converted into BT using the inverse of Planck’s
law. Planck’s law allows for determining the spectral radiance distribution of a body
based on its temperature. Knowing the body’s spectral radiance distribution (being
captured by Landsat sensors), TOA BT can be found using the inverse of Planck’s
law as follows:

BT =
K2

ln
⇣

K1
L�

+ 1
⌘ (4.1)

where:

• BT is the brightness temperature in Kelvin

• K1 and K2 are Planck’s law constants provided in the satellite metadata

• L� is the TOA spectral radiance in ( watts
m2⇥srad⇥µm)

Once the TOA BT is obtained, atmospheric and emissivity corrections are made.
Atmospheric profiles of geopotential height, specific humidity, and air temperature
are used to eventually compose a resampled Landsat product at 30 meters spatial
resolution under the ST band 10 in order to obtain LST products [56].It is at this
point that the thermal data used in the high-resolution indicator differ from the
thermal data used by the FAO indicator, as the FAO uses the BT at the top of the
atmosphere as a proxy for ST. In contrast, this high-resolution model uses actual ST
data at bottom of the atmosphere.

4.2.4 Cloud masking

Once the data is pre-processed, it is necessary to apply scaling factors for Landsat data
to adjust the radiance from the raw data (digital numbers)[57]. Next, the Sentinel-2
images were cloud-masked using the Sen2Cor algorithm (figure 13). Meanwhile, the
Landsat images were cloud-masked using the QA PIXEL band. This band provides
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information on the quality of the pixels in a satellite image by indicating the presence
of clouds, cloud shadows, snow, and water, which are encoded in a binary manner.

Figure 13: Comparison of a cloud-masked Sentinel-2 image processed with Sen2Cor
and a true colour image captured on March 3, 2024

4.2.5 NDVI and LST time series, temporal filtering and smooth-
ing

The first step involves ranging the NDVI from preprocessed images that have been
cloud-masked (images ranging from 2018 to 2024). Next, once the NDVI and LST
images are obtained, it is necessary to fill in the gaps where data are missing due to
masked pixels, ensuring a continuous data series. This is achieved through temporal
resampling at the pixel scale, creating an empty time series with regular intervals
(every 5 days for Sentinel-2 and 16 days for Landsat images). These empty series
provide a foundation to integrate with the NDVI and LST data. Linear interpolation
is then employed to compute the values at these regular intervals using the closest
available images in time before and after the gaps, thereby estimating values for the
empty intervals and ensuring a complete and accurate dataset for environmental study.

Some pixel values may still exhibit noise due to sensor measurement errors or because
some pixels escaped the various filters and corrections applied. To address this, the
Savitzky-Golay filter smoothens the pixel values using a third-degree polynomial and
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a 45-day moving window. Figure 14 illustrates the NDVI data of a crop pixel before
and after smoothing with the Savitzky-Golay filter. For instance, the negative values
observed in October 2022 are typical of noisy measurements and are corrected by this
filter.

Figure 14: Annual (2022-2023) NDVI time series with Savitzky-Golay smoothing for
a randomly selected crop pixel in Chiredzi

In terms of interpolation and smoothing of LST, data from Landsat 8 and 9 have been
combined in order to mitigate the lower temporal resolution of these sensors (16 days).
This integration allows for a higher frequency of LST data acquisition. Comparative
analysis demonstrates that this integration increases the amount of data collected and
maintains the same patterns as those observed using only Landsat 8 data 15.

Figure 15: Annual (2023-2024) LST time series of only Landsat 8 data with Savitzky-
Golay smoothing for a randomly selected crop pixel in Chiredzi
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Figure 16: Annual (2023-2024) LST time series with L8 and L9 integrated data with
Savitzky-Golay smoothing for a randomly selected crop pixel in Chiredzi

4.2.6 Calculation of VCI and TCI

Once continuous time series have been created from gap-filled and smoothed NDVI
and LST data, it becomes possible to calculate the VCI and TCI indices, as detailed
in equations 2.3 and 2.4 of chapter 2. These formulas will therefore not be further
discussed in this section. It is, however, essential to specify the duration of the periods
studied and the reference years used for comparisons. The study of the agricultural
season spans from November 1, 2023, to April 29, 2024, and is divided into 11 seg-
ments, each lasting 16 days. This division aligns with the temporal frequency of the
Landsat 8 and 9 satellites. For each 16-day period of the 2023-2024 season, a com-
parison is made with the corresponding periods from previous years. The historical
data used for comparison is limited to 2018 onwards, which marks the beginning of
Sentinel-2 data acquisition on the GEE platform.

Numerous similarities in VCI values can be observed between the low-resolution and
high-resolution indices across the study area (figure 17). However, it is important
to note that slight differences may arise due to variations in the satellite data col-
lected—since 2018 for the high-resolution VCI and since 1984 for the FAO model.
These differences can affect the recorded minimum and maximum NDVI values for
each pixel in the VCI calculation, thereby altering the resulting VCI values. From a
TCI perspective, a comparison is not feasible, as the FAO does not provide TCI data.
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Figure 17: Comparison between global-resolution VCI (FAO) and high-spatial-
resolution VCI in December 2023

4.2.7 Standardising the spatial resolution for both VCI and
TCI indices

Before calculating the VHI, it is first necessary to standardise the spatial resolution
between the VCI and TCI. Specifically, the VCI has a resolution of 10 meters, while
the TCI has a resolution of 30 meters, leading to a difference in resolution that must
be addressed.There are two scaling options to harmonise these resolutions.

The first option is to enhance the apparent resolution of the TCI to 10 meters. The
bilinear interpolation enables to resize an image’s pixel grid by calculating new pixel
values. In this case, the goal is to scale up the pixel grid by a factor of 3, both in width
and height. The new pixels are calculated based on the 4 nearest neighbouring pixels
(those belonging to the original image before resizing) that are closest to the new pixel
location. To perform the interpolation, a weight is assigned to the neighbouring pixels
proportionally to the distance between them and the new pixel’s location. Figure 18
illustrates the TCI at 10 meter resampled with bilinear interpolation (a) and the TCI
at 30 meter spatial resolution (b).
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Figure 18: Comparison between the resampled TCI from January 20 to February 5,
2024, at 10-meter spatial resolution with bilinear interpolation method (a), and the
original TCI at 10-meter spatial resolution (b), alongside a representation of the study
area with a true-colour image from Google Satellite (c)

The second option is to resize the VCI resolution to 30 meters. To better understand
how this resizing should have been performed, it is essential to comprehend how spa-
tial quality in optical remote sensing is determined by two key elements: Ground
Sample Distance (GSD) and the Point Spread Function (PSF) [58].

Firstly, GSD refers to the distance between the centers of adjacent ground pixels. It
is the smallest distance that allows two objects on the ground to be distinguished and
thus corresponds to the theoretical spatial resolution.

The PSF represents a measure of how a point of light is spread on the ground once
captured by the remote sensing system. Various elements can affect the sharpness of
the image, including the optics of the instrument, the electronics of the sensor, and
the atmosphere. These elements are considered in the PSF. The PSF thus represents
the dispersion of the light signal, i.e., how a point source of light is captured and
spread across multiple pixels instead of being confined to a single one. The PSF
therefore enables the measurement of the actual spatial resolution of the instrument
[59]. Wenny et al. (2015) successfully estimated the PSF of the TIRS on Landsat
8. Assuming isotropy, meaning that the PSF is the same in all directions, and after
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normalising this function to have a peak amplitude of 1 and a means of 0, it can be
calculated as follows:

f(x, y) = e�
x2

2�2�
y2

2�2 (4.2)

With:

• �, the standard deviation, valued at 2.65

The VCI can now be calculated at the same spatial resolution as the TCI (30 meters),
following the determination of the PSF for the TIRS sensors. The figure 19 illustrates
the VCI signal at its original spatial resolution of 10 meters (a), as well as resampled
to 30 meters taking into account the PSF of the TIRS sensors (b), and finally, the
equivalent of the outlined region in true colour (c). However, the figure shows that
analysing at a field level using a spatial resolution of 30 meters appears too coarse
and is no longer sufficiently interpretable.Consequently, the decision to standardise
the spatial resolution between the VCI and TCI was made at 10 meters, rather than
30 meters, and the initial method of bilinear interpolation was then employed.

Figure 19: Comparison between the original VCI from January 20 to February 5,
2024, at 10-meter spatial resolution (a), and the resampled VCI at 30-meter spatial
resolution, considering the PSF of Landsat 8 TIRS sensors (b), alongside a represen-
tation of the study area with a true-colour image from Google Satellite (c)
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4.2.8 Calculation of the VHI

Now that the VCI and TCI indices have been standardised, it is finally possible to
calculate the VHI. The VHI is calculated as described in equation 2.5 of chapter 2.

4.2.9 Adjustment of VHI according to the agricultural calen-
dar

The current methods for evaluating the VHI do not take into account seasonal shifts.
The weather or climatic conditions can cause a crop’s growing period to start earlier
or later in a given year. This shift in the plant’s developmental cycle from one year
to another is currently not accounted for in the VHI. Indeed, the VHI assumes that
the development periods in the plant growth cycle, such as germination, flowering, or
maturation, always occur at the same time each year.

Figure 20 shows by observing the NDVI profiles of a crop that the development periods
in the plant’s growth cycle are not in phases.

Figure 20: NDVI profiles of the 2023-2024 agricultural season and historical NDVI
profiles since 2018 of a crop located in Chiredzi

The impact of seasonal shifts on VHI varies with the scale of analysis. Coarser spatial
resolution VHIs, such as the FAO’s VHI, have a too low resolution to capture details
at the individual field level. Instead, the smallest unit analysed encompasses several
fields, and individual variations in seasonal shifts within one field may be masked by
the general trends of other fields. Conversely, with a high spatial resolution of 10
meters, seasonal shifts specific to a single field are not diluted by the stability of sur-
rounding fields. Consequently, each shift directly influences the VHI of that particular
field and must be taken into account.

To address the issue of seasonal shifts, it would be more appropriate to normalise the
NDVI according to seasonal variations, ensuring that each measurement is compared
to a similar growth period from previous years, thus ensuring a more consistent and
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precise comparison. Therefore, one should identify common phases in crop growth
cycles through NDVI profiles.

The period marking the start of the growth season, designated as "start of season"
(SOS), is determined using a method based on an average: the 50% threshold [60].
This threshold is calculated as the average between the maximum NDVI and the
preceding minimum NDVI, which must be below 0.2. In fact, this minimum (0.2)
represents the highest level of NDVI observed during periods when there is no active
agricultural activity, such as during fallow. This choice makes sure that the value
used to mark the beginning of the season really shows a meaningful increase in plant
growth. This calculation approach allows for the calibration of different NDVI profiles
as obtained on figure 21. The development periods in the plant growth cycle are now
normalised, allowing for a more robust establishment of the VHI.

Figure 21: NDVI profiles of the 2023-2024 agricultural season and historical NDVI
profiles since 2018 after normalisation of the seasonal shift of a crop located in Chiredzi

4.3 Crop Type Classification

With the high spatial resolution VHI completed, it is now crucial to conceive a crop
type map to precisely assess the impact of drought on agricultural crops. Without
the crop type map, targeting the affected agricultural areas wouldn’t be possible.

In this section, the key steps of crop type classification are examined. This process
includes handling in situ data, which involves the preparation, calibration, and val-
idation of the data. Additionally, it encompasses the extraction of specific spectral
signatures for the different land categories within the in situ data. To obtain these
spectral signatures, Sentinel-2 data acquisition is required, followed by feature extrac-
tion using Sentinel-2 bands and spectral indices. Once the in situ data is processed
and the specific spectral signatures for the different classes are obtained, it is possible
to generate a crop type classification map using RF classification and the application
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of majority filtering.

4.3.1 In situ data preparation

The FAO, with financial support from the African Development Bank, conducted a
survey on Zimbabwe’s 2024 summer crops to enhance their spatial distribution. Data
collection was performed using two distinct methods. Initially, a statistical survey
involved trained teams carrying out field measurements on 10m x 10m secondary
sampling units (SSU), which were randomly selected within 2km x 2km primary sam-
pling units across Zimbabwe. The primary goal of this survey was to estimate acreage
statistics for key crops. Additionally, a windshield survey was conducted, where teams
collected numerous data points along roadways. This approach aimed to gather di-
verse class samples to improve the training of the classification algorithm. In total,
4,601 points were sampled across Zimbabwe. In the study area of this master’s thesis,
326 samples were collected, with 89 coming from the statistical survey and 237 from
the windshield survey.

The distribution of the number of samples across different land categories in the
study area is provided in Table 1. It is important to note that the in situ sample
dataset is unbalanced. A minimum threshold of 5 samples was established for a
class to be considered as represented in the collected dataset. Therefore, classes like
cowpea, groundnut, and fallow are underrepresented and will not be considered in the
subsequent analysis. In contrast, classes such as sugarcane, woodland, sorghum, and
shrubland are heavily represented.

Table 1: Distribution of samples by land category in the study Area, based on FAO’s
windshield and statistical survey

Statistical Survey Windshield Survey Total samples
Urban 6 5 11
Shrubland 29 3 32
Fallow 3 / 3
Bare Land 9 10 19
Agriculture 11 / 11
Forest 7 2 9
Water 1 6 7
Woodland 23 24 47
Maize / 7 7
Sunflower / 2 2
Sugarcane / 132 132
Sesame / 6 6
Cowpea / 1 1
Pearl Millet / 6 6
Groundnut / 1 1
Sorghum / 32 32
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Polygons are manually created using QGIS software, based on images from Google
Satellite and Sentinel-2 (figure 22). While Google Satellite provides very high-resolution
images, they are not always up-to-date, so a more recent composite image from
Sentinel-2 (February 2024) is used to verify any changes in land cover. Once the
polygons are drawn, a 10-meter buffer is applied to avoid edge effects that could bias
the analysis. The polygons are also designed to balance the dataset across different
land use classes. To achieve this, polygons were not established for each individual
sample in the most frequently sampled classes. Despite this, some classes still lack
sufficient samples and are therefore underrepresented in the dataset. These classes
include bare soil, millet, maize, and sesame (figure 23). The approach to address
this issue will be explained in the section on calibration and validation of the data.
Additionally, it is important to ensure that the proximity of polygons does not result
in similar spectral signatures. To avoid this proximity bias, samples are selected from
across the entire study area to ensure better representation of each category.

Figure 22: Geospatial polygons created based on a composite cloud-masked Sentinel-2
image from February 2024 and a Google Satellite image, using in situ samples from
Chiredzi District, Zimbabwe
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Figure 23: Number of polygons and number of 10-meter by 10-meter pixels for the
different classes selected after data preparation

4.3.2 Calibration data and validation data

Once the polygons have been created, they need to be divided into two sets, each with
a distinct role in the classification algorithm that will produce a crop type map. The
first set, known as the calibration or training set, is used to train the classification
algorithm. The second set, referred to as the validation set, is used to evaluate the
algorithm’s performance after training. This validation set allows for comparing the
classification results with known data to assess the accuracy of the algorithm.

The imbalance in data (see section 4.3.1) can bias the algorithm in favour of classes
with more pixels, which is problematic for image classification.

To mitigate this bias, the proportion of data used for calibration is adjusted according
to the frequency of each class within the dataset. The distribution is as follows:

• Major classes (more than 10% of the total data): 55% of the available
data is used for calibration.

• Intermediate classes (between 3% and 10% of the total data): 70% of
the available data is used for calibration.
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• Minor classes (less than 3% of the total data): 85% of the available data
is used for calibration.

This approach ensures that less frequent classes are not underrepresented in the cal-
ibration set, giving them proportionally more importance based on their rarity. In
other words, the rarer a class is, the larger the proportion of its data that is used for
calibration, improving the algorithm’s performance on these underrepresented classes.

Although the classification operates on a per-pixel basis, it is essential to perform the
split at the polygon level to ensure that the validation is independent and to avoid
spatial autocorrelation between training and validation pixels.

4.3.3 Sentinel-2 Data Acquisition

After properly processing the samples, it is necessary to assign them distinct spectral
signatures so that the classification algorithm can learn to associate each signature
with a specific class. These spectral signatures are obtained using Sentinel-2 data.
Sentinel-2 images could not be processed on GEE because the development of the
classification model requires combining these satellite images with in situ data. This in
situ data cannot be shared on the cloud due to confidentiality reasons, which prevents
their use on GEE. Therefore, 11 images from a Sentinel-2 tile with a cloud coverage
of less than 30% were manually selected during the crop season from the Copernicus
Dataspace (figure 34). These images were downloaded as Level 2A (georeferenced
and orthorectified), as explained in section 4.2.3. To ensure that all the Sentinel-2
bands selected for classification have the same spatial resolution, the 20-meter bands
were resampled to a 10-meter resolution through bilinear interpolation. Subsequently,
these were re-masked using the Sen2Cor algorithm.

4.3.4 Metrics and time series of spectral indices for feature
extraction

To accurately extract features from Sentinel-2 images, it is useful to calculate time
series of various spectral indices and their corresponding metrics.Initially, various
spectral indices were calculated for each of the 11 cloud-free Sentinel-2 images, and
time series were derived from these. The spectral indices used include NDVI, NDWI,
and Brightness. For more details on these indices and their selection for classification,
refer to section 2.2.4 and 2.3.1.

To illustrate the advantage of time series, the curves of average NDVI (figure 24)
highlight the typical variations in NDVI of crops. These curves start with lower
values at the beginning of the season, which gradually increase as vegetation develops
during the growing season. This differentiation helps distinguish crops from urban
areas and bare soils, which exhibit a more constant NDVI close to 0. Furthermore,
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a significant difference in NDVI helps distinguish water bodies from crops. Lastly,
forests and sugarcane plantations, characterized by much denser vegetation, fall within
different NDVI ranges.Thus, the use of NDVI time series proves particularly effective
in identifying and differentiating cultivated from non-cultivated areas.

Figure 24: Mean NDVI time series of different land cover classes

To differentiate among crop types, more meticulous analysis is required, and specific
trends unique to each crop must be highlighted. By observing the time series of
all sampled crops 25, it is obvious that sorghum, which has many more sampled
data points, shows a time series similar to corn. Millet and sesame can be slightly
distinguished from their NDVI profiles, but some fields appear anomalously elevated,
which could be defined by a different cultivation type (irrigation, intensive farming).
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Figure 25: NDVI time series of different crop type classes

To better utilize time series, various metrics are calculated from the spectral indices.
For NDVI, the maximum, minimum, date of maximum, and maximum and minimum
differences within a temporal neighbourhood of size 3 are considered. For NDWI
and Brightness, basic statistics such as mean, minimum, maximum, and standard
deviation are taken into account [51].
The Sentinel-2 spectral bands can themselves be used for discriminating different
types of land cover. Therefore, all Sentinel-2 bands, except for atmospheric bands
1, 9, and 10, were considered at various dates during the vegetation growth period,
specifically on February 5, February 22, March 10, and March 26.

4.3.5 Random Forest classification

Principles and main advantages

Among the many classification methods available, Random Forest (RF) was selected.
This model is more robust and accurate than classical parametric models and DTs [61].
The robustness of RF relies on several principles. The principle of bagging involves
training each decision tree on a subset of the available data and then combining
the decisions of these trees to obtain a more accurate overall prediction. The "out
of bag" concept allows evaluating the predictions of DTs using data that was not
included in their training, thus ensuring a more reliable evaluation. Moreover, RF
allows evaluating the importance of different input variables by observing the impact
of altering one variable at a time on the accuracy of the tree’s decisions. This ability to
assign different weights to input variables is crucial in this case, where many variables
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(spectral bands, temporal spectral indices, and their metrics) are included in the
algorithm, thereby reducing the risk of bias in the predictions [61]. One advantage of
the RF model is that it requires few parameters to be set, including:

• n_estimator= 100: The number of DTs used.

• max_features: The maximum number of features to consider for the best
split. The square root of the total number of features was used for each split.

• max_depth=None: This means that the trees will be built until each leaf is
pure or contains fewer than min_samples_split samples.

• min_samples_split=2: At least 2 samples are required to split a node.

• min_samples_leaf=1: At least 1 sample is required in a leaf node.

Hierarchical Classification

Once all parameters were established, two approaches were tested. The first ap-
proach, referred to as the classical approach, involved directly classifying each class
with available training samples. In this approach, the model attempted to distinguish
all available classes, such as different crop types and other land covers, in a single step
without prior distinction between crop and non-crop areas.

The second approach, known as the hierarchical approach, employed a two-step classi-
fication process. In the first step, a distinction was made between crop and non-crop
classes, such as forests, urban areas, and other land covers. Once the crop areas
were identified, the second step involved classifying specific crop types, such as maize,
wheat, and sorghum, under the crop mask.

A key aspect of the hierarchical approach is the management of sample distribution,
particularly during the second classification step. Since certain crops, like sorghum,
were more represented in the training samples, there was a risk of these crops being
overrepresented in the classification results. To address this potential bias, a sample
rebalancing method was implemented. Specifically, an equal number of calibration
samples (100 samples per crop class) were allocated to each crop type. This rebal-
ancing ensured that no single crop class would dominate the predictions simply due
to its higher representation in the training data.

4.3.6 Majority Filtering

The majority filtering method is applied once the crop type map has been obtained.
It involves applying a sliding window over each pixel of the image and reassigning each
pixel to the most frequent class among the pixels within this window. A defined-size
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window (3x3) is centered on each pixel of the image. To ensure that the window can
be applied to all pixels of the image, even those on the edges, the image is extended
by padding with the values of the pixels on the edges. For each pixel, the sliding
window selects all neighbouring pixels within the window. The most frequent class
among these pixels is determined (i.e., the majority class). The central pixel of the
window is then reassigned to the majority class determined in the previous step. This
process is repeated for each pixel of the image, resulting in a new image where each
pixel corresponds to the majority class of its window. This allows for a smoothing of
transitions and a reduction of noise 26.

Figure 26: Majority filtering application
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Chapter 5

Results and discussion

This chapter presents the key results from the study. We begin with an analysis of
the VHI at the district level, comparing the VHI products from the FAO with those
generated in this study. The focus then shifts to the benefits of high spatial resolu-
tion data for monitoring drought impacts on crops, highlighting specific areas where
this improved resolution provides significant insights. The chapter also evaluates the
accuracy of crop classification through various metrics and a confusion matrix, dis-
cussing its implications for crop type differentiation. Finally, the integration of VHI
time series with the crop type map is explored, with detailed analyses of sugarcane
and sorghum fields. By the end of this chapter, the reader will gain a clear under-
standing of vegetation health dynamics and the value of high-resolution monitoring
in drought-prone areas.

5.1 VHI Results

This section presents the evolution of the VHI at the district level. It then allows for
a visual comparison between the VHI products from the FAO and those obtained in
this study. Finally, it shifts to a finer scale to illustrate the benefits of high spatial
resolution in monitoring crops water stress.

5.1.1 Evolution of the VHI at the district level

With the VHI calculation completed, it is possible to assess the evolution of vegetation
health across the entire Chiredzi District during the 2023-2024 agricultural season
(figure 27). Until the end of January 2024, the drought appears to have affected only
certain areas of the district. However, starting in early February, vegetation health
began to decline. This deterioration is also detected by NASA Earth Observatory,
which reports that Zimbabwe experienced prolonged drought periods from February
onward [62]. The persistent water deficit led to an intensification of the drought in
March and April. This is reflected in the increasingly lower VHI values and their
wider distribution across the Chiredzi District.
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Figure 27: Evolution of vegetation health throughout the 2023-2024 agricultural sea-
son in Chiredzi District, Zimbabwe

5.1.2 Comparison between FAO’s VHI at the district level

The results obtained at the district level for two different models of the VHI show
similarities, particularly in January, where regions affected by water stress are located
in the same areas in both models. However, in March, the results diverge more signif-
icantly. The high-resolution VHI model indicates a more intense drought compared
to the FAO model, with values tending more toward extreme lows in the VHI, indi-
cating poorer vegetation health. This can be explained by the fundamental difference
between these two models, which lies in the historical data on which they are based.
The FAO model uses data from 1984 onwards, whereas the VHI model used in this
master’s thesis relies on data starting from 2018. This difference in the reference pe-
riods may account for why the March values are more extreme in the high-resolution
model. The FAO model, by using a longer comparison period, incorporates years
when vegetation health may have been very poor, thus making the current values less
extreme by comparison.

Nonetheless, it is also noteworthy that VHI trends are similar in March, with regions
showing higher VHI values largely corresponding between the two models.
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Figure 28: Comparison between the two VHIs (FAO’s VHI and the high spatial
resolution VHI) in January 2024, corresponding to the agricultural crop growth period,
and in March 2024, which is close to the harvest period, in the Chiredzi District

Now that the consistency and reliability of the high-resolution VHI products have
been assessed, the contribution of the high resolution can be confirmed. A quantita-
tive analysis, which would have allowed for the calculation of correlations between the
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FAO images and those generated in this thesis, was considered. However, the FAO
VHI images are only available for visualisation, and not for manipulation or analysis.
Consequently, the correlations between the two VHI datasets could not be carried out.

To make comparisons and correlations between VHI data of different resolutions, it
would have been necessary to resample the VHI data from 10 meters to 1 km reso-
lution. This process would have involved resampling the VCI to 30 meters, taking
into account the PSF of the Landsat 8 sensor. Subsequently, the resolution of the
resampled 30-meter VCI would have to be harmonised to a spatial resolution of 1 km,
considering the specific characteristics of the AVHRR.

The complexity of resampling arises because the AVHRR, when not in nadir position
(directly above the observed point), experiences a coarser resolution due to the sensor’s
inclination. As the sensor observes the Earth with a certain tilt relative to its central
axis, it captures an inclined surface, leading to a coarser spatial resolution. The tilt
limit is set at 30°, and at this inclination angle, the average resolution between the
along-track and across-track spatial resolution becomes 1.4 km. With this effective
resolution in mind, it would have been possible to correctly resample the 30-meter
VHI to 1 km, enabling the correlation operations between the FAO products and the
resampled 1 km VHI ([63]).

5.1.3 High spatial resolution for a better monitoring of drought
impact on agricultural crops

Figure 29 (c) shows an area with both natural vegetation and agricultural crops,
comparing two vegetation indices from January 2024: a FAO product with low spa-
tial resolution (figure 29 (a)) and a high-resolution VHI (figure 29 (b)). The FAO
product, due to its low resolution, combines natural vegetation and agricultural crops
within a single pixel, making it difficult to accurately distinguish the condition of the
crops. In contrast, the high-resolution VHI clearly differentiates crops from natural
vegetation, which is crucial for accurately assessing the impact of drought on food se-
curity. Crops, especially in the early growth stages, have less developed roots to draw
water compared to natural vegetation, making them more vulnerable to water stress.
This distinction is essential for better evaluating the impact of droughts on food pro-
duction, highlighting the importance of improved spatial resolution in capturing the
actual condition of crops.
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Figure 29: Comparison between the FAO’s VHI and the high-resolution VHI devel-
oped in this master’s thesis: (a) the FAO’s VHI at a spatial resolution of 1 km from
01/01/2024 to 10/01/2024, (b) the VHI at a spatial resolution of 10 meters from
04/01/2024 to 20/01/2024, (c) a true-colour image of the area distinguishing natural
vegetation from agricultural zones

5.2 Classification Results

Figure 30 (A) and (B) illustrate the accuracy of the field classification, allowing for
a comparison with the corresponding true-colour image. The study area initially
reveals a large green zone, corresponding to different sugarcane crops. Upon closer
inspection, the algorithm’s ability to distinguish between natural vegetation, roads,
sugarcane, and other crop types with remarkable precision is relevant. The crop type
map effectively reflects the landscape and the various types of land cover. It is worth
noting that natural vegetation and roads are excluded from the cropland mask, as they
are not the focus of the subsequent analysis. Furthermore, there is a clear distinction
between sugarcane areas and other types of crops.
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Figure 30: Crop type map of the study area at the district level for the 2023-2024
agricultural season: displayed in true color (A) and with a higher-resolution (A’), as
well as with crop classification (B) and its higher resolution counterpart (B’)

5.2.1 Confusion matrix and accuracy metrics

The classification performed allows for highly accurate differentiation between agricul-
tural (crops) and non-agricultural (non-crops) surfaces. The confusion matrix (figure
31), developed using in situ validation data, demonstrates precise identification of
water bodies, built-up areas, and forests. While some surfaces, such as shrubland
and bare soil, may be confused with other non-agricultural classes, this does not
present a significant issue since these confusions occur only among non-crop classes
(figure 31). Consequently, a highly accurate map of cultivated lands can be produced.

Regarding the discrimination between different crop types, certain crops, such as sug-
arcane, were classified with high accuracy due to their specific spectral signatures,
which facilitate their distinction by the RF algorithm. Sorghum was classified with
the accuracy of 79.2%. Millet achieved the accuracy of 69%, with an excellent recall,
indicating the absence of false negatives for this class. However, it is important to in-
terpret these results cautiously due to the limited number of validation pixels. Maize,
on the other hand, was often confused with sorghum, likely because of their similar
spectral characteristics, and there were very few validation pixels available for maize.
Lastly, sesame (categorised under "other oilseed crops") was poorly classified, with
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the accuracy of only 9%.

The crop type map achieved an overall accuracy of 89.4%, largely due to the accurate
classification of the best-sampled classes.

Figure 31: Classification confusion matrix

Figure 32: Classification confusion matrix

Hierarchical classification confusion matrix

Hierarchical classification did not succeed in better differentiating the crop types from
each other. This can be explained by the selection of a limited number of calibration
pixels (100), which was not sufficiently representative for each type of crop (figure
33). Therefore, classical classification is used for the remainder of the analysis.
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Figure 33: Hierarchical classification confusion matrix

5.2.2 Gini Feature Importance

The Gini feature importance highlights that the different spectral bands of Sentinel-2
had a greater impact on the algorithm’s ability to differentiate the classes compared
to the spectral indices and their metrics. Among the indices, NDWI had the most sig-
nificant influence on the classification, followed by NDVI and brightness. Considering
the NDVI time series (figure 24), the differences between the NDVI profiles of crops
were too subtle to be captured by the algorithm or were not sufficiently highlighted.

Several insights can be derived from these results. Firstly, to enhance the utilisation
of metrics from various spectral indices, it would be beneficial to consider smooth-
ing and extrapolating the data, similar to the approach used for calculating the VHI
with the Savistky-Golay filter in order to reduce the noise in the data, which can
negatively affect the metrics like maximum, minimum and standard values. Secondly,
the agricultural season was impacted by drought at critical moments of crop develop-
ment, preventing optimal growth and good differentiation between crop types. This
can affect the ability of spectral indices like NDVI, which are normally essential for
classification, to effectively discriminate between crops.
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Figure 34: Gini index

5.3 Integration of the VHI time series and the crop

type map

The vegetation health of all crop fields in Chiredzi District is first assessed. Following
this, the application of the VHI to specific fields is examined in detail. For this
purpose, fields of sorghum and sugarcane have been randomly selected for focused
analysis.

5.3.1 Assessing the VHI by crop type

To evaluate the health distribution of various crop types across the territory, a VHI
analysis is conducted throughout the season. In this analysis, we will assess the data
at different levels. We will start by examining the in-situ data points collected by
the FAO. Next, we will analyse polygons that were manually digitised as part of this
thesis, based on the provided in-situ points (section 4.3.1). Finally, we will evaluate
the results derived from the classification data (section 5.2).
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Analysis of sugarcane fields

The analysis first focused on sugarcane fields, which are particularly well classified.
Initially, in situ data were analysed (see figure 35). These data indicate that sugarcane
is in relatively good health, with a gradual improvement until December, followed by
a steady decline. Overall, the median VHI fluctuates between 0.6 and 0.8 throughout
the season.

Figure 35: VHI time series of in situ points of Chiredzi

When doing the same analysis using in-situ data polygons instead of points, the
boxplot highlights, the boxplot (figure 36) highlights a similar trend in VHI data
over time. However, a notable difference lies in the increase in the variation of the
VHI data distribution. This is logically explained by a larger quantity of analysed
data, leading to greater diversity in environmental conditions and increased natural
variability.

Figure 36: VHI time series of in situ polygons of Chiredzi

Finally, a similar analysis was performed on the entire set of reclassified fields. A
comparable trend in median VHI values was observed 37. The gap between the 75th
and 25th percentiles becomes more regular and shorter, indicating a better represen-
tation of the majority of the sugarcane fields. However, the variability, beyond these
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percentiles, increases for the same reasons as explained above.

In general, sugarcane is not particularly affected by drought. A reason could be that
these crops are grown intensively and irrigated to mitigate the effects of drought. This
will be further analysed in section 5.3.2.

Figure 37: VHI time series of sugarcane classified fields in Chiredzi

Analysis of sorghum Fields

A similar analysis was performed over sorghum. In this case, we can draw the same
conclusions regarding the increase in VHI variability when transitioning from in situ
data to reclassified data (see figures 38, 39, 40). Additionally, a similarity is observed
in the median trend of sorghum health condition through the transition from in situ
fields to classification fields. However, this median indicates that the sorghum fields
have been severely affected by drought. From the end of January, there is a noticeable
decline in the condition of the sorghum fields. This poor condition occurs at crucial
times for crop development, signalling a significant risk of impact on sorghum field
production. This is further exacerbated by the ongoing drought, preventing the crops
from recovering.

Figure 38: VHI time series of in situ points of Chiredzi
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Figure 39: VHI time series of in situ polygons of Chiredzi

Figure 40: VHI time series of in situ reclassified sorghum fields in Chiredzi

Analysis of other crop types fields

The same analysis was conducted for the other crop types, but only based on in
situ data because of the low quality of the classification for these classes. Thus, it
is observable that the crop least affected by the drought is sesame (see figure 41),
followed by millets ( figure 42), and finally maize, which is the most affected by the
drought (figure 43).
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Figure 41: Evolution of vegetation health of sesame fields across the 2023-2024 agri-
cultural season

Figure 42: Evolution of vegetation health of millets fields across the 2023-2024 agri-
cultural season

Figure 43: Evolution of vegetation health of maize fields across the 2023-2024 agri-
cultural season

56



5.3.2 Assessing the health of sugarcane at the field scale on
targeted parcels

The selected sugarcane fields are illustrated in figure 44.

CROP TYPE 

 

SUGARCANE

Figure 44: Randomly selected sugarcane fields

The analysis of the VHI indicates that the sugarcane fields are in good health (figure
45). Moreover, the similarity in behaviour among these fields indicates relatively
uniform agricultural practices. The studied fields are also representative of the general
trend observed for sugarcane across the Chiredzi territory, implying that the results
can be generalised to other fields in the region, as established in the previous section
5.3.1.
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Figure 45: Evolution of the VHI of intensive sugarcane fields from October 1, 2023,
to April 29, 2024.

The added value of this study lies in the analysis of NDVI profiles, which were gener-
ated using the average NDVI of the four delineated fields shown in Figure 44. These
profiles exhibit remarkable similarity, with a consistent pattern over time: a harvest in
August results in a significant drop in NDVI, followed by a gradual recovery, reaching
values between 0.75 and 0.85. The 2023-2024 season does not appear to be impacted
by drought (Figure 46). This resilience to drought, with no observable dips in the
NDVI profile, is likely due to the implementation of intensive and irrigated agricul-
ture. This hypothesis is supported by the structure of the sugarcane plots (Figure 44),
which consist of large rectangular and pivot-shaped fields, optimised for mechanised,
intensive cultivation with efficient pivot irrigation systems.

Furthermore, by examining the monthly precipitation time series (figure 47), it can be
observed that precipitation levels drop significantly starting in January, reaching as
low as 18.544 mm in February. However, this decrease in precipitation is not reflected
in the NDVI profile (figure 47), which further supports the likelihood of irrigation
being used in these sugarcane fields.

Therefore, it is the agricultural practices, rather than drought conditions, that influ-
ence the NDVI profiles of these sugarcane fields. Since these fields are irrigated, this
aspect is not central to our study on drought monitoring and will therefore not be
further analysed.
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Figure 46: Comparative study of the 2023-2024 season NDVI time series with the
time series from previous seasons for randomly selected sugarcane fields.

Figure 47: Monthly precipitation time series for the 2023-2024 agricultural season,
based on CHIRPS data, covering a 5 km² area that includes randomly selected sug-
arcane fields (figure 45)

5.3.3 Assessing the health of sorghum at the field scale on
randomly selected fields

To better understand the impact of droughts on rain-dependent crops, which are
more vulnerable to extreme weather, sorghum fields were selected in a region suitable
for extensive agriculture. This selection focused on areas where fields are randomly
dispersed across a varied landscape, including different types of soil cover such as
forests and shrublands (figure 48).
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Figure 48: Randomly selected extensive sorghum fields in Chiredzi

Monitoring changes in VHI throughout the season across the selected
sorghum fields

The figure (49) illustrates the changes in the VHI over time for selected fields. High
VHI values (in green) indicate healthy vegetation, while low values (in yellow to
red) suggest poorer vegetation health. Significant variations in VHI are observed
throughout the agricultural season. For instance, on December 19, 2023, some fields
display high VHI values while others show lower values. By March 10, 2024, the
VHI values become more extreme, partly due to a prolonged drought that affected
Zimbabwe from late January to mid-March. This drought occurred during a critical
period for crop growth, likely impacting vegetation health as reflected by the VHI.
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Figure 49: Evolution of VHI of randomly selected sorghum fields throughout the 2023-2024 agricultural season
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Tracking the evolution of VHI for a specific sorghum field during the 2023-
2024 agricultural season using NDVI and LST time series data

The evolution of VHI values throughout the season in sorghum fields shows significant
variation due to different responses to drought among the fields (figure 49). Conse-
quently, it is essential to focus on a single field to analyse the progression of VHI
throughout the 2023-2024 season in order to better understand the VHI calculation
mechanism. A detailed analysis is conducted by comparing the NDVI and LST time
series of the 2023-2024 season with those from previous seasons (available since 2018)
for a specific sorghum field, as illustrated in figure 50 (a) and (b). This comparison
between the current season’s profiles and those of previous seasons allows for a better
understanding of the underlying mechanisms of the VCI and TCI.

For figure 50 (a), the higher the NDVI curve compared to the curves from previous
years, the denser and healthier the vegetation is relative to other years, resulting in
a higher VCI. The VCI is obtained by calculating the average NDVI for each 16-day
period and scaling it between the maximum and minimum values for that 16-day
period. It is important to note that the maximum and minimum values of the time
series are no more likely to be biased due to the smoothing and gap-filling techniques
applied to these data.

In contrast to the NDVI time series, higher LST values during the agricultural season
indicate less favourable conditions for vegetation, as shown in figure 50 (b). Conse-
quently, the higher the LST during the 2023-2024 agricultural season compared to
other years, the higher the TCI will be. The methodology for scaling between the
maximum and minimum values of the TCI is the same as for the VCI.

With an understanding of how these NDVI and LST profiles contribute to the deriva-
tion of the TCI and VCI indices, the VHI can be calculated by performing a weighted
linear combination of these two indices. The evolution of the VHI for 11 periods of 16
days during the agricultural season in the sorghum field is illustrated in figure 50 (c).
This analysis allows for a better understanding of the seasonal dynamics of vegetation
health in the context of climatic variability.

Examining the VHI images alongside the NDVI and LST time series shows key pat-
terns for the 2023-2024 season (figure 50). In November, the NDVI jump, indicating
dense and healthy vegetation. The average LST from November 1st to 17th is rela-
tively low, creating favourable conditions. This results in high VHI values. In Decem-
ber, the NDVI declines, signalling weaker vegetation health. This could have reduced
VHI values significantly, but the low LST helps to mitigate the impact. In January,
the NDVI increases rapidly, showing a quick improvement in vegetation health. The
LST remains low, so VHI values stay high. From March onwards, VHI values de-
crease. This drop is due to a higher LST compared to previous years and a lower
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NDVI. These factors suggest that climatic conditions are becoming less favourable for
vegetation growth.
However, it is important to note that the NDVI profiles are not synchronised in their
growth cycles, and seasonal shifts are present. At high spatial resolution, this must
be taken into account to achieve a more robust VHI (figure 50 (a)).
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Figure 50: Analysis and explanation of the evolution of VHI values (distributed over 11 periods of 16 days) for a sorghum field during the
2023-2024 agricultural season, using a comparative study of the 2023-2024 season NDVI and LST time series with the time series from previous
seasons
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Establishing a robust, high-resolution VHI for a specific sorghum field,
taking into account seasonal variations

The method explained in Section 4.2.9 successfully eliminated the seasonal shifts in
the data, facilitating the alignment of crop development phases across multiple years
and thereby allowing for more accurate comparisons.

Figure 51(a) illustrates that the NDVI curves are now synchronized with each other,
which was not the case before these adjustments. As a result, crop development
phases are now comparable from one year to the next.

The analysis of NDVI and LST time series for the 2023-2024 season reveals signif-
icant differences between the VHI corrected for seasonal shifts and the uncorrected
VHI. For instance, in November, although the NDVI shows an increase, the corrected
VHI remains high but is lower than the uncalibrated VHI. This demonstrates that
adjusting for seasonal shifts allows for more accurate data interpretation. From De-
cember onwards, the corrected VHI exhibits very low values throughout the season.
This phenomenon is explained by a lower NDVI and higher LST compared to other
years, indicating less favorable climatic conditions. These variations would have been
difficult to discern without the seasonal shift correction.
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Figure 51: Analysis and explanation of the evolution of VHI values for a sorghum field during the 2023-2024 agricultural season, using a
comparative study of the 2023-2024 season NDVI and LST time series with the time series from previous seasons.
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5.3.4 General discussion

This study has demonstrated the significant potential of high-resolution spatial data
in enhancing drought monitoring and response strategies, particularly in agricultur-
ally vulnerable regions like Chiredzi, Zimbabwe. By utilizing the VHI at a finer
spatial resolution, we were able to achieve a more precise assessment of the impacts
of drought on various crop types at the field level and down to a detail of 10 meters.
This precision is crucial for guiding policymakers in developing targeted interventions
that can enhance the resilience of different crop types to drought.

One of the key contributions of this study is the demonstration that existing EWS
can be effectively upgraded with high-resolution data. The technology allows for a
combined approach using Sentinel-2 and Landsat data to provide detailed insights
necessary for distinguishing between different crop types and even different agricul-
tural practices, such as intensive irrigated versus extensive non-irrigated farming.

The high-resolution VHI tool developed in this study provides a valuable mechanism
for identifying the location, extent, intensity, and duration of drought periods with
unprecedented detail. By assigning weights to the VHI based on the crop growth cycle
and specific crop coefficients, the tool allows for a more accurate reflection of water
stress impacts. For example, during critical phenological phases such as flowering or
grain filling in cereals, the VHI anomalies can be weighted more heavily, offering a
more realistic assessment of drought’s impact on crop yields.

However, the study also highlighted some limitations that need to be addressed in
future work. One of the main challenges is the necessity to account for crop rotation
and seasonal shifts at the pixel level, which can complicate data storage and process-
ing. These factors, if not carefully managed, could introduce biases or inaccuracies in
the VHI calculations.

The study also underscores the critical importance of having sufficient quality and
quantity of in situ data for classification purposes. In this study, the lack of ade-
quate in situ data for certain crop classes limited the accuracy of classification. This
highlights the need for more comprehensive and systematic data collection efforts to
support the full potential of high-resolution drought monitoring tools.
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Chapter 6

Conclusion

In conclusion, this study highlights the critical importance of high-resolution spatial
data for assessing the impacts of drought on agricultural crops, particularly in vul-
nerable regions like Chiredzi, Zimbabwe. By using indicators such as the VHI with
fine spatial resolution, it becomes possible to precisely distinguish cultivated areas and
better understand the effects of drought at the field level, down to a detail of 10 meters.

Integrating crop type maps with vegetation health indices is essential for accurate
drought monitoring. This combination allows for the localization of different crops
and analysis of their specific responses to drought conditions, ensuring that high-
resolution data is accurately interpreted.

The findings demonstrate that while global drought monitoring models are useful,
they have limitations at the local level, especially in areas with high spatial variabil-
ity. Without sufficient resolution to distinguish different types of land cover, these
models can become biased. In contrast, high-resolution indices capture fine-scale dy-
namics, revealing patterns of water stress that would often be missed with coarser
resolutions.

Adjusting the VHI to the agricultural calendar helps better align crop development
phases over the years, enabling more precise comparisons of vegetation health. The
VHI also aids in anticipating critical periods of water stress and identifying when
crops are most vulnerable.

The study also underscores the influence of agricultural practices, such as irrigation,
which can be detected by unexpectedly high VHI values, particularly when cross-
referenced with precipitation data.

The implications of this research are broad, offering a methodology that can be
adapted to other regions for VHI use and contributing to the improvement of early
warning systems for food security.
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Towards a crop-specific drought impact assessment tool
in Chiredzi District, Zimbabwe, using Sentinel-2 and
Landsat-8/9 imagery

Theo Marichal

The increasing frequency and severity of droughts due to climate change pose
significant threats to agricultural production, particularly in regions like
Southern Africa. Accurate monitoring and assessment of drought impacts at
the crop-specific level are crucial for effective agricultural management and
food security. This study proposes a valuable tool, a high-resolution
Vegetation Health Index (VHI) tailored for monitoring drought effects on
various crop types within the Chiredzi District of Zimbabwe. Utilizing
Sentinel-2 satellite imagery, NDVI and LST time series were calculated to
produce a VHI with a spatial resolution of 10 meters per pixel. The VHI was
further refined by correcting for seasonal shifts, ensuring that crop
development phases were accurately aligned across different years. This
high-resolution index was integrated with a crop type classification map,
derived using Random Forest (RF) classification, enabling precise assessment
of drought impacts on individual crops at this fine spatial scale.The results
reveal significant variability in drought resilience among different crops, with
rain-fed crops like sorghum being particularly vulnerable. The study
underscores the importance of high-resolution data and seasonal adjustment
in enhancing the accuracy of drought monitoring systems, offering a valuable
tool for improving agricultural decision-making in drought-prone regions.
The methodology developed here can be adapted to other regions,
contributing to the refinement of early warning systems for food security.
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