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Abstract

Desert locusts (Schistocerca gregaria) pose a long-standing challenge to crop production
and food security in Ethiopia. Current warning systems have several limitations. These
include relatively coarse spatial resolutions, rule-based inferences, and delayed reports.
These limitations restrict their operability and effectiveness. This study developed a near-
real-time, spatially validated framework for predicting locust presence in Ethiopia using
multisource satellite data. The model integrates MODIS NDVI, CHIRPS rainfall, and
ERAS temperature datasets covering 2015-2024, combined with 18,742 quality-controlled
locust occurrence records from the FAO DLIS and the DLCO-EA. All data were
harmonized to a spatial resolution and a 16-day temporal interval. A total of 32
environmental predictors were derived, including lagged variables, anomalies, and
seasonal indicators. Four models (LR, RF, XGBoost, and LightGBM) were tested using
spatial block cross-validation. LightGBM achieved the best spatial performance (AUC =
0.740), and a stacked ensemble (LightGBM + XGBoost + calibrated logistic regression)
achieved a final test set AUC 0f 0.780 (95% CI: 0.765—-0.795) with a conservative temporal
validation AUC of 0.85 under a strict two-year gap split. SHAP analysis identified mean
temperature as the dominant predictor (mean absolute SHAP = 0.48), followed by 30-day
cumulative rainfall (0.15) and NDVI (0.08), with ecologically consistent and nonlinear
response patterns. A fully automated pipeline implemented in Google Earth Engine and
Google Colab generated 1 km-resolution risk maps across approximately 1.1 million grid
cells within 45 min on a 16-day cycle. The results demonstrate that freely available
satellite-derived data can support the development of interpretable, scalable, and

potentially operationally deployable desert locust early warning systems in Ethiopia.

Keywords: desert locust, machine learning, near-real-time prediction, remote sensing,

Google Earth Engine, XGBoost, risk mapping, Ethiopia.

v



Table of Contents

DIECIATALION .....vveeeeiiieeiiee et ettt et et e ettt et e et e e ettt e satae e sseeensaeesnsaeenssaeensseeansseensseeansseennseeensseens i
APPROVAL PAGE ...ttt ettt sttt et e et e snee e e enees ii
ACKNOWICAGEIMENTS......ceoiiiiiiiieiiie ettt ettt ee ettt e e tteestee e abeesasaeeensaeensseeensseennsaeensses il
F N o1 o v ot PSSP iv
TabIE OF COMEENLS. .....eeeieiiieiiee ettt ettt et e et e sttt et e s eabeeebteeebeeenaaeeas v
5 S 1o 1< USSR viii
) Ao 2 o 1 (PSP UPRRURPPR ix
| ) N o] 03 (5 o F2 1 10 1 USRS X
CHAPTER ONE ...ttt ettt et ettt ettt e sae e et eesateenteenbeeneeeannean 1
1. INTRODUCTION ...ttt ettt et e ettt e sttt e et e e neeeesaeaenseaeanseaeanseeenneeennseens 1
1.1 Background 0f the StUAY ........ccuveiiiiiiiiiiiiiie e e 1
1.2 Statement 0f the PTODIEIM..........ooiciiiiiiiiiii ettt eee s 3
1.3 ReSCArch QUESHIONS .....uuvviiiiiiiiieiiiieeee ettt e e e e e ettt e e e e e e e e eeeataaaeaeeaeeeens 4
1.4 Objectives Of the StUAY.......coooiiiiiiiiie e 4
1.4.1 GENETAl ODJECIIVE ...ceivviiieeiiiiieeiiiiieeerirteeesrteeesitreeeestbeeeeesssreeessssseesessnseeesssseeeensnns 4
1.4.2 SPECITIC ODJECLIVES ...eeuviieiiieiiiieeiie ettt e eiteeerte et e st e e s eteeesbeeetaeesssaeensseeensaeesnseeennnes 4

1.5 SCOPE OF the STUAY....eiiiiiiiiiiiiiiee ettt et e e et e e e st e e e serbeeeesstnaeeeeenseas 5
1.6 Significance Of the STUAY.......ceeiiiiiiiiiiii e 5
1.7. Limitations 0f the StUAY .......ccvviiiiiiiiiice et 6
1.8. Conceptual Framework..........cccuiiiiiiiiiiiiiiiie et e e 7
1.9 Organization Of the StUAY ......c..veiiiiiiiiiiiiie e et 9
CHAPTER TWO ...ttt sttt ettt et ettt e b e it e enbeenaeenas 10
2. LITERATURE REVIEW ..ottt ettt ettt ee et eeeaeeeneeeeneea e 10
2.1. Life Cycle of the Desert LOCUSL ......c.uvvieiriiiieiiiiee ettt e erieeeeeieee e esiree e s eeareeeseenaeeeenens 10
2.2 Environmental Drivers of Locust Outbreaks ..........c.cccciveiiiiiiiiiniiieeiieeeee e 11
221 RAINTALL ..ottt ettt et et an 11
2.2.2 Vegetation (NDVI) ....coooiiiiieiie ettt et e e e eneee s 11
2.2.3 TEMPETATULE ...eieeiieeeee e e ettt et e e e e e sttt et e e eeeessnatteeeeeeeesessnnssseeeaeessssannssnsanaeessennns 12

2.3 Remote Sensing for Locust MONIOTING .........ccveveiirereiieeriieeeiieeieeeeieeeeteeeseeesneeesseeenes 12
2.3.1 Historical Evolution of Remote Sensing for Locust Monitoring.............cccceeevevveeennnns 12
2.3.2 Sensor Capabilities for Locust Habitat Detection.............cccceeveirerciieeniiieenieeeeeeeeenn 13
2.3.3 Cloud Computing Platforms for Satellite Data Processing..........cccceeeveeveenvenieennens 14

2.4 Integrated Early Warning Systems for Desert LOCUSES...........veeevvvvieeiriirieeeesiieeeeiieee e 15
2.4.1 FAO Desert Locust Information Service (DLIS) .......ccccoiviiriiiiiiriiiieeeeiiee e 15
2.4.2 Regional Systems: RAMSES, eLECIS, and DLCO-EA.............ccoooviiiiiiiieeeeiieeeeens 15



2.4.3 Recent Machine Learning-Based Operational Attempts...........ccccecveereeeecieeecnreennnenn. 16

2.5 Machine Learning Models for Environmental Prediction .............cccoocciiiiiiiiiiiiieneens 17
2.5.1 LOZIStIC REGIESSION ...eeeuviiiiiieeiiieiiieeciieeeiee ettt e st e et eetteestaeesnsaeenseessaeesssaeenseens 17
2.5.2 RaNAOM FOTESE ....ccouuiiiiiiieiie ettt ettt et e e e e bee e e e e eneeeas 18
2.5.3 XGBOOSE ...tttiieiiiiiee ettt ettt ettt e ettt e e ettt e e e ettt e e e et bte e e e ntteeeeantbaeeeenneaeeean 18
254 LAGMtGBM ..ottt ettt et et enaee e 19

2.6 Near-Real-Time Prediction SyStemS........cuuviiiiciiieiiiiiieeeeiieeeciiee e eeeee e e eereee e 19
2.6.1 Definition and REqQUITEMENTS. ..........ccoveiiiiiiiiiiieciiiee ettt e eeirre e e s eire e e e eevreeeeens 19
2.6.2 Existing NRT IMplementations..........cccueeeercuiireeriiieeeeniiieeesiiieeessieeeessireeeesssnnneeesnns 20
2.6.3 Proposed Pipeline ATChiteCtUIe ........coeivireiiieeiieeeie et 20

2.7 Model Validation Strat@@IeSs .........cccevrreererieeeriiriieeerrrieeeesrreeesssreeeessssreeesssseeesssssseesssnnns 20
2.7.1 Random Cross-Validation...........cceciieriieeiiieiiieeeiie et eieeeeiee et ieeeseee e e eneeens 20
2.7.2 Spatial Cross-Validation ............cccoveeiriiiireiioiiieeeriiieeeriteeesrreeeesereeeeesenreeeessnaeesns 21
2.7.3 Temporal Cross-Validation ............ccveiciireiiiieiiiieeiie ettt eeee e e eeeeeeaeeeas 22

2.8. Justification of Evaluation MetriCs. ........ccueieiiiiiiiiiiiie et 22

2.9 Synthesis 0f RESEATCh GaPS.......ccccviieiciiieiiieeiieeeiieeeiee ettt et et eetae e beeeebeessee e 24

2.10. Expected COntriDULIONS .........vvvieiicvriieeiiriieeeiirieeesrieeeesrreeeesireeeeessnreeesssssaeessssseeessnnns 24

CHAPTER THREE ..ottt ettt et e st e e nbe e e eaeeensaeenns 26
3. RESEARCH METHODOLOGY ....uuttiiiiiieiiieeiteeitesie ettt siee et esiee e esee e enseenseesneeenneenee 26

3.1 STUAY AT@A ...ttt ettt ettt et st e i ea 26

3.2. Data Sources and Variables ...........cccuiiiuiiiiiieeiieee et 27
3.2.1 TOMPETATULE ....uvvviiireeeeeiiiiiieeeeeeeeeseetreeeeeeeeesseattraeeeeaeeeasssnssseaeaessessssssssseeeeeeeannnssnses 27
3.2.2 Normalized Difference Vegetation Index (NDVI) .......ccccoevviiiiiiiniiiriiniiee e 29
NG T8 0 111 1 | OSSR PUSRURRRN 29
3.2.4 SO IMOTSTUTE ...ttt ettt ettt ettt ettt e e e et e sttt e st eenateeebeeesabaeesaeeeenne 29
3.2.5. Historical Locust Presence Data...........coociieiiieiiiieeiie et 30

3.3 Data Preprocessing and Harmonization................cevevieeereiiereeriiieeesiieeeesiieeessenaeeesssenens 34

3.4, RESCAICI PTOCESS .. ceiiiiieiiie ettt e ettt e et e et e e e nee e nneeenes 34

3.5 Feature ENINEETING .......vvviiiiieieiriiieeeeiiteeeriteeeesrt e e e sraeeesstreeeesssnaeeeesnsaeesnsssaeeesssssens 36

3.6. Data Preparation and Harmonization ..............cccceeveiierciieiniieeniieeiie et 38

3.7. Model Development ENVITONMENT ............eceireuiiieireiieeeeiiieeesirieeesiraeeeesnneeeessenneeesssnnens 39

IR (76 [ BN TS) (<114 T ) 1 APPSR 40

3.9. Hyperparameter TUNINEZ..........eieireuviieiiiiieeeeririeeesitreeeerreeeestreeeessenseeessssseesesssseeesssssses 41

3.10. Partitioning and Validation Stratey ..........ccecuervueerieriiiiienienieeieenire e 42
3.10.1 Global Data Partitioning .............cceceevveeeireriereeiiiieeeesireeessereeeeserresessssreeeessensesessenns 43
3.10.2 Random Cross-Validation ..........ccueeiiiiiiiiiiiiie ettt 43

vi



3.10.3 Spatial Cross-Validation ............cccveieiiieriiieiiiieeiieeeieeerieeeieeeseeeeeneeesseeesaeesnneens 43

3.10.4 Temporal Validation ............coccviiieieiiieeiiiiiee e e eiiee e ertree e e einreeeesstreeeseesaeeeesenns 44
3.11. Model Evaluation MELIICS. .....ccueeeevireiiieeeiieeiieeeiieesieeeieeesteeeseteeeeeteesnsaeesnseeesaeennneas 44
3.12. Near-Real-Time Prediction Pipeline ...........ccccceoveiiiiiiiiiiiiiiiiie e 45
3.13. Ethical Considerations and Data Privacy ............ccoeceeriiiiieenieniieiiienieeeeieesee e 46
3.14. Limitations of the Methodology .........ccvviiiriiiiiiiiiie e 47

CHAPTER FOURL.......oiiiiiitiiteee ettt sttt ettt sttt et e st et e sateenbeenaeenas 49
4. RESULTS AND DISCUSSION .....cccitiiieitieiieeitesite ettt ste et sieesiee e e sseeenseenseesnaeenseenseens 49
41 OVEIVIBW ittt ettt ettt ettt et e s bt e sttt ettt e sttt e sttt eabeeebteesbaeenabeeens 49
4.2 Dataset Characteristics and EXploratory Analysis .........ccccccveriuieeniiiersieeniie e eiie e 49

4.2.1 Distribution of Locust Presence Records...........cceoiiiiiiiiiniiiiniiiiiiiiicceiceeee 49

4.2.2 Pseudo-AbSENnce GENETAION ........eeertereiueieriireieieeeeieeieeeeteeeeeeeesaeeesnseesneeesnneeennns 49

4.2.3 Environmental Covariate DiStribUtions ...........occeeerieriiiiiniiienieeeeeeeeee e 50
4.3 Model PerfOrmManCE ..........cccueeeiuiieiiie et ie et ettt et ettt e et ee e et e e eteeesaeeenaeenneeesnneens 50

4.3.1 Hyperparameter Tuning ReSUILS...........ccccviiieiiiieeiiiiiie e ciiee e e eeree e eeneee e 50

4.3.2 Spatial Cross-Validation Performance..............cccuvevviieeeiieniiienie e 51

4.3.3 Stacking Ensemble and Probability Calibration..............ccceeeevevieeiniiieeeeniiieeesiiieeenns 53

4.3.4 Final Test Set Performance .............ccuveriieiiiieiiie ettt 53

4.3.5 Sensitivity to Temporal Split SEleCtion ..........c.ccceevevviieiriirieeeeririe e erireee 57
4.4 Feature Importance and Model Interpretability ...........ccveeeiririiieeiiiieeieeeiie e 58

44,1 SHAP ANALYSIS.....uiiiiiiiiiieiiiiie e citie e sttt e e sttt e e srtvaeeesstraeeeesssseeessstsaeeesssseeessssseeeens 58

4.4.2 Permutation Feature IMPOTtance ..........ccccveeiieiieeeiiiiiieeciiieeeeriree e eeirreeeeirreeeesiveee e 59
4.5 DIASCUSSION. ....eeeutieeiiteeitee ettt ettt et e ettt e ebt e e sttt e eateeeaatee ettt e sabeeeaabeesabbeesabbeeenbeeesabeeenneeens 59

4.5.1 Ecological Plausibility Of RESUILS.........cccvviiiiiiiiiiiiiiic e 59

4.5.2 Spatial Generalization and Model RODUSINESS ...........ccevvcviiriirciireiriiiieeeiieee e 60

4.5.3 LAMIEATIONIS 1. uvveeeeeieeetieeitee et e etteeeteeeeeteeeseeeenseeeaneeeenseesseeeanseeennseesneeesnnseeenseeennns 61

CHAPTER FIVE ...ttt ettt ettt et ettt e snneenbeenaeeens 63
5. CONCLUSION AND RECOMMENDATIONS........ooiiiiiiie et 63
5.1 CONCIUSION ...ttt ettt ettt ettt ettt e st e e et e e bt e e eat e eanteeeesteeebeeeenneeeaees 63
5.2 KeY CONIIDULIONS ......eveeeiiiieeiieeitieeiteeeiteesieeesteesteeeseteeesseeasseeansaeeasseeansseesnseeeenseennnses 64
5.3 RECOMMENAAtIONS ......eeeeeieieeeiiie et ie ettt ettt ettt et ee e et e e bt e et e e sneeeeseeeenneeeenneeennees 64
54 FINAl REMATKS ....ceviiiiieeiiie ettt et e et e e et e e st e e e tbeeenseeenseeenns 66
RETCIEIICES ...ttt ettt et e ettt e ettt e et eeeae e e e beeeeneeeeaneeeenneeenne 67
F N 8] 015 161 2 PSPPSR 70

vii



List Of Tables

Table 2. 1 Summary of Life Cycle DUFQLIONS ..........cc..ceeeverveeeereirieeeeniieeeeseveeeessrveeessesneesenenneas 11
Table 2. 2 Satellite sensor ChAraCteriSTICS .......c.eieivveeeeiiereiieertieeeieeeeiieeeeteeesreeesereeeseaeessaeensneens 14
Table 2. 2 EVAIUATION MEIFICS .....cc.eeeieieeiieeee ettt ettt ettt e e seae e e s 23
Table 2. 3 ReSEATCH QIALYSIS ........cccueieeeiiiii ettt ettt e e et e e e sbtee e e e baeeeeeasaees 24
Table 3. 1 Summary of satellite and ancillary datasets used in the study (2015-2024)................ 27
Table 3. 2 ERAS validation by €levation ZONE ............ccceiiiviiiiieiieiieeeeiiiie e e eirree e esivaee e 28
Table 3. 3 Ecological bases for pseudo-absence archetype definitions..........cccccceeveeeniiieninennne. 31
Table 3. 4 Validation of exclusion zones against historical presence records............cccceeuvveeennnne. 33
Table 3. 3 Hyperparameter SEArCh SPUCES ............ccccuueeeeeueieeeieiiieeesiieeessssiaessssseeesessneesssssees 42
Table 3. 9 Interpretation of the Model Performance.............cocceviiiieiiiiieiiieeeeeeee e 45
Table 4.1 Optimal hyperparameters and tuning performance for candidate models .................. 51
Table 4. 2 Comparison of tuning AUC vs. spatial cross-validation AUC..................ccoouvveeeun... 52
Table 4.3 presents the full suite of evaluation metrics for the test Set.........oucvuueevveeevurenceeaennnnn 54
Table 4.4 Threshold sensitivity: precision, recall, and F1-SCOTE .........ccccoeevuveeeecieneeesiieeeennnns 56
Table 4. 5 Model performance under alternative temporal splits (XGBoost baseline) ............... 57
Table 4.6 Distributional differences between training and test periods (main split) .................... 57
Table 4.7 Permutation feature iMPOFIANCE ...........c...eceueereeeesereeeeereenaeessseeesseesssseesssseessseesssseens 59

viii



List of Figures

Figure 2. 1 . Random Cross-Validation...........cceocueieiiiriiiieiie ettt 21
Figure 3. 1 Map of the StUAY Area ........ccocuiiiiciiiiiiie e 26
Figure 3. 2 Research Process for Desert Locust Prediction Using Satellite Data and ML............ 35
Figure 3. 3 Feature Engineering Workflow for Desert Locust Prediction. ...........ccccceeveiveeennennns 38
Figure 3. 4 Near-Real-Time Prediction Pipeline .........c..ccccoviiiiniiiiiiiiiiiiiiiiiiceceecee 46
Figure 4.1: Bar chart comparing tuning AUC (blue) and spatial cross-validation AUC (orange). 53
Figure 4.2. presents the cONfUSION MALTIX .....c.eeeiiiiiriiieiiiieiiie ettt 54
Figure 4.3: ROC CUIVE SHOWINE ...cceueiiiiiieiiie ettt ettt e e e e eee e 56
Figure 4.4 presents the mean absolute SHAP values for the three environmental covariates. ...... 58

1X



List of Abbreviations

Abbreviations

Full Form

AVHRR

Advanced Very High-Resolution Radiometer

CHIRPS Climate Hazards Group Infra-Red Precipitation with Station Data

Cv Cross-Validation

DLCO-EA Desert Locust Control Organization for Eastern Africa

DLIS Desert Locust Information Service

DTR Diumnal Temperature Range

ECMWF European Centre for Medium-Range Weather Forecasts

EMI Ethiopian Meteorological Institute

EPSG European Petroleum Survey Group (geodesy)

ERAS ECMWF Reanalysis v5

ESA European Space Agency

EVI Enhanced Vegetation Index

FAO Food and Agriculture Organization of the United Nations

FDRE Federal Democratic Republic of Ethiopia

GDP Gross Domestic Product

GEE Google Earth Engine

GIS Geographic Information System

GPU Graphics Processing Unit

IGAD Intergovernmental Authority on Development

LSTM Long Short-Term Memory

MAE Mean Absolute Error

ML Machine Learning

MODIS Moderate Resolution Imaging Spectroradiometer

NASA National Aeronautics and Space Administration

NDVI Normalized Difference Vegetation Index

NDWI Normalized Difference Water Index

NIR Near-Infrared

NOAA National Oceanic and Atmospheric Administration

NRT Near-Real-Time

RAMSES Reconnaissance and Monitoring System for the Environment of
Schistocerca

RMSE Root Mean Square Error

ROC-AUC Receiver Operating Characteristic - Area Under the Curve

SAR Synthetic Aperture Radar

SAVI Soil-Adjusted Vegetation Index

SMOS Soil Moisture and Ocean Salinity

SMOTE Synthetic Minority Oversampling Technique

SNNP Southem Nations, Nationalities, and Peoples' Region

SPI Standardized Precipitation Index

SRTM Shuttle Radar Topography Mission

SVM Support Vector Machine

TRMM Tropical Rainfall Measuring Mission

VIIRS Visible Infrared Imaging Radiometer Suite

WGS84 World Geodetic System 1984

XGBoost eXtreme Gradient Boosting




CHAPTER ONE

1. INTRODUCTION

1.1 Background of the Study

Desert locusts (Schistocerca gregaria) are among the most destructive migratory pests in human
history (FAO, 2023a). These insects live in semi-arid and arid regions, from West Africa across
the Middle East to Southwest Asia. When the right environmental conditions appear, desert locusts
can change dramatically. They shift from a harmless, solitary state to highly mobile, gregarious
swarms. A single mature swarm can cover more than 100 square kilometers and contain several
billion individuals. In just one day, a swarm can consume as much food as 35,000 people would
eat (FAO, 2023b). The reproductive cycle begins when females lay eggs in deep, moist sandy soil.
Depending on the temperature and moisture, incubation takes from 10 to 65 days. This flexibility
allows populations to grow rapidly when conditions are favorable (Landmann et al, 2023). Because
of their extraordinary mobility and appetite, these swarms threaten agriculture in over 65 countries.
Consequently, they directly affect the livelihoods of nearly 10% of the global population
(Landmann et a/, 2023). The challenge of predicting desert locust outbreaks has grown as climate
variability accelerates. It began in the Empty Quarter of the Arabian Peninsula after unusually
heavy cyclonic rains. From there, it spread to East Africa, the Red Sea coast, and South Asia. This
event exposed critical gaps in the existing early warning frameworks (Salih et al, 2020).
Traditional prediction methods rely heavily on field survey data and historical data on outbreak
patterns. When anomalous weather events create breeding habitats in areas that are not routinely
monitored, these methods fail to anticipate the scale and trajectory of the crisis (I. S. Yusuf et al,
2024). Decision-makers often lack actionable, spatially explicit information until locust

populations reach plague proportions.

Africa's geography and climate make it particularly vulnerable to desert locust invasions.
Historically, North African countries, such as Morocco, Algeria, Tunisia, and Egypt, have suffered
from these invasions. However, the main invasion route lies further south, in the Sahel. This

extensive bioclimatic corridor stretches from Senegal to Sudan (Landmann et al, 2023). From the
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Sahel, locusts can move north toward the Mediterranean or east toward the Horn of Africa. Most
of the Horn of Africa countries, including Ethiopia, Somalia, Kenya, Djibouti, and Eritrea, are
considered high-risk. In this region, agriculture employs approximately 80% of the population and
contributes roughly 40% of the gross domestic product (World Bank, 2024). Ethiopia experienced
this vulnerability during the 2019-2021 period. Swarms first crossed into the country from
neighboring Somalia and Kenya in late 2019. They quickly multiplied across Oromia, the Southern
Nations, Nationalities and Peoples' Region, and the eastern and southeastern lowlands of Ethiopia.
At the peak of the crisis, an estimated 1.25 million hectares of cropland and pasture were damaged.
This has put the food security of over 15 million people at immediate risk (FAO, 2020). The
government coordinated ground and aerial control operations through the Disaster Risk
Management Commission and Plant Health Regulatory Directorate. Surveillance coverage is

persistently low because access to modern sensing and technologies has remained limited.

The motivation for this study comes not only from the documented literature on desert locust
outbreaks, but also from direct field observation. Between 2019 and 2021, the eastern part of
Ethiopia — particularly the Hararghe zones — experienced one of the most severe desert locust
upsurges in over two decades, a crisis the researcher witnessed firsthand. Swarms moved through
cropland and rangeland within hours, stripping vegetation and leaving communities without
adequate pasture or harvest. What stood out most was not only the scale of the destruction, but the
recurring pattern of delayed response: by the time survey teams were mobilized and reports
compiled, the swarms had already moved on, leaving damage that earlier warning could have
substantially reduced.

This lived experience exposed a critical gap in Ethiopia's existing locust monitoring approach —
the continued reliance on reactive, ground-based surveillance rather than proactive, near-real-time
risk prediction. It became evident that the environmental precursors of locust presence, such as
anomalous rainfall, vegetation greening, and temperature patterns, are often detectable in satellite
data well before swarms are physically reported on the ground. This observation, combined with
the urgency witnessed during the 2019-2021 outbreak, forms the central motivation for this thesis.
This is the time to develop a machine learning—based system capable of anticipating desert locust

presence risk before it transforms to visible swarms, giving Ethiopia's early warning systems.



Desert locust swarms spread rapidly, often outpacing traditional ground-based surveys, which
therefore do not detect outbreaks in time. Meteorological factors significantly influence the spatial
distribution, survival rates, and migration patterns of hopper bands. By integrating satellite-
derived environmental data with machine learning techniques, this approach has the potential to

enhance desert locust monitoring and early warning capabilities in Ethiopia.

1.2 Statement of the Problem

Desert locust invasions pose a major threat to Ethiopia’s agriculture, a sector that employs nearly
80% of the population and contributes approximately 40% of the country’s gross domestic product.
(FAO, 2022). Between 2019 and 2021, desert locust swarms affected more than 1.25 million
hectares of farmland and grazing land, threatening the food security and livelihoods of
approximately 15 million people (FAO, 2022). However, existing early warning systems,
including the FAO Desert Locust Information Service (DLIS) and conventional ground-based
surveys, are limited (Klein et al, 2022). They cannot accurately predict the spatial and temporal
distribution of locust outbreaks at the local level. Current locust prediction methods have several
limitations. First, many of these approaches rely on environmental data with low spatial resolution.
The resolution was typically approximately 5 km (Lazar et al, 2022). Second, traditional statistical
and rule-based models are limited in their ability to capture the complex nonlinear interactions
among environmental variables, such as rainfall, temperature, and vegetation dynamics, that
influence locust development and migration. Third, operational data-processing workflows
frequently experience delays of 5—10 days between satellite data acquisition and risk assessment.
In addition to these limitations, no existing study has developed a near-real-time, machine-
learning-based desert locust prediction model specifically calibrated for Ethiopia’s diverse
agroecological zones, using high-resolution satellite-derived environmental data. Furthermore,
previous studies in Africa have largely relied on random cross-validation approaches. These
approaches may have overestimated the model performance. However, they do not adequately
account for spatial autocorrelation in ecological datasets. Consequently, the true spatial
generalizability of many existing locust prediction models remains unknown (Klein et a/, 2022).

Consequently, there is a need for a spatially explicit prediction framework that can integrate
multisource satellite data with advanced machine learning techniques to produce timely and

reliable locust risk predictions for Ethiopia. This study addresses these gaps by integrating MODIS



NDVI imagery, CHIRPS rainfall estimates, and ERAS temperature reanalysis data within a near-
real-time machine learning framework. This study systematically compares the predictive
performance of Logistic Regression, random forest, XGBoost, and LightGBM using both random
and spatial cross-validation. No previous Ethiopia-specific study has implemented spatially
validated near-real-time probabilistic locust prediction at a 1 km resolution using multi-source
satellite data. In addition, a near-real-time prediction pipeline was developed. The pipeline
generated spatially explicit locust risk maps. These maps were synchronized with the 16-day

MODIS NDVI compositing cycle.

1.3 Research Questions

The purpose of this study is to answer the following research questions:
1. Which satellite-derived variables are important for predicting desert locusts in Ethiopia?
2. Which validation strategy allows us to test and obtain a realistic indication of the
generalization ability of the model and compare the ML algorithms against each other?
3. How effectively can a near-real-time machine learning pipeline generate spatially explicit

desert locust risk maps using multi-source satellite data?

1.4 Objectives of the Study

1.4.1 General Objective

The main objective of this study was to develop and validate a near-real-time machine learning

model to predict the risk of desert locust presence in Ethiopia.

1.4.2 Specific Objectives

The specific objectives of this study were as follows:
1. To identify and rank satellite-derived environmental variables that significantly influence
desert locust presence in Ethiopia.
2. To compare the predictive performance of four machine learning algorithms — Logistic
Regression, Random Forest, XGBoost, and LightGBM — for predicting desert locust

presence.



3. To evaluate the effects of spatial and random cross-validation on model generalizability.
4. To design and implement a near-real-time processing pipeline using Google Earth Engine

and Google Colab for automated risk map generation.

1.5 Scope of the Study

This study sought to describe and quantify the relationships between environmental factors and
desert locusts in Ethiopia. We selected Ethiopia as the focal country for this study for several
reasons. First, Ethiopia suffers from recurrent desert locust invasions. Second, its varied
landscapes support locust breeding and migration. Focusing on a single country allowed us to
maintain uniform spatial resolution throughout the model and to use comparable environmental
datasets. It also prevented cross-border- variations in ecological monitoring and reporting from
becoming an additional source of uncertainty in the modeling system. This study focuses on
Ethiopia because it is a frontline country for desert locust incursions, with documented outbreaks
over the past 10 years, and spatially validated ML models specifically calibrated for Ethiopia. Only
NDVI, rainfall, and temperature were included because they are freely available in near-real-time
latency from MODIS, CHIRPS, and ERAS. Wind vectors and soil moisture were excluded because
of their delayed availability and higher computational cost, although their omission is
acknowledged as a limitation. All three datasets are known to be reliable, publicly accessible,
global products for environmental modeling. Four machine learning models, logistic regression,
random forest, XGBoost, and LightGBM, were evaluated to predict the presence and swarm

formations of locusts.

1.6 Significance of the Study

The work presented here has important implications for science, operations, and policy. This study
helps us understand the dynamics of key environmental factors for driving locust development,
migration, and swarming in Ethiopian agroecological zones. These parameters include vegetation
greenness and rainfall variability. Methodologically, this study compares systematic and spatial
cross-validation procedures across four different machine learning algorithms. From an
operational viewpoint, this framework produces reliable probabilistic desert locust risk maps at a

1 km spatial scale on a biweekly basis. The predictions from the pipeline have a finer spatial



resolution and higher temporal frequency. This enhanced information can strengthen decision-
making for officials at the Ministry of Agriculture, regional locust control offices, and DLCO-EA
field agents. This allows for the early detection and control of swarm development and
dissemination. This study enhances early warning and response to mitigate risks. Beyond
Ethiopia, there is potential for such an approach to be scaled in the neighboring Horn of Africa.
This framework may inform policy interventions for food security and for locust control. Finally,
this study contributes to science by making its source codes and datasets publicly available. This

supports the reproducibility of future studies.

1.7. Limitations of the Study

This research has the following limitations placed on its results, which need to be considered when

assessing this research:
% Sampling bias may still exist because the occurrence data did not provide complete spatial
coverage of all regions of Ethiopia.

¢ Finer-scale environmental grids were derived from coarse-resolution climatic datasets
because higher-resolution near-real-time climatic data were not consistently available in
Ethiopia.

¢ Cloud cover during the summer (Kiremt) season introduced systematic missing values in
the MODIS NDVI time-series data, thereby reducing vegetation signal quality during
important seasonal periods. Although filtering techniques reduce some part of the
uncertainty, residual noise and data gaps remain.

¢ Habitat suitability maps identify environmentally suitable areas for desert locust
occurrence; however, actual swarm movement and migration dynamics were not explicitly
represented in the modeling process.

s The automated workflow depends heavily on cloud-based computational platforms,
including Google Earth Engine and Google Colab. Service interruptions, API
modifications, and platform limitations can affect the continuity of the automated

processing workflow.



1.8. Conceptual Framework

The conceptual framework of this study represents the linkages between satellite-derived
environmental parameters, ecological processes, machine learning models, and the prediction of
desert locust occurrences in Ethiopia. The conceptual framework is built on a central assumption.
Environmental and climatic factors strongly influence the occurrence of desert locusts.

This study used multisource satellite datasets to represent key environmental variables. MODIS
provides vegetation indices. CHIRPS supplies rainfall data. ERAS delivers temperature
information as a climate variable. Delayed ecological processes, such as the development of a
specific locust generation, result from environmental factors in the preceding weeks. We captured
these delays by including temporal and lagging environmental variables. The aforementioned
remotely sensed datasets were preprocessed using a set of procedures that included spatial
harmonization, cloud masking, imputation of missing values, normalization, and feature
engineering. These pre-processed variables were then used as inputs for the ML algorithms,
namely logistic regression, Random Forest, XGBoost, and LightGBM. The algorithms were
trained to learn the relationship between the predictors and field-collected observations. The
models were validated using random and spatial cross-validation. The final output of the
framework was a map of probabilistic desert locust risk for Ethiopia, indicating the possibility of

its presence. It produces risk maps that enable near-real-time predictions.
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1.9 Organization of the Study

This thesis consists of five chapters, which are summarized as follows. Chapter One describes the
background of the study from the global to the Ethiopian distribution of desert locusts, the
statement of the problem, the objective of the study, the research question, the scope of the study,
the significance of the study, the limitations of the study, and the organization of the thesis. The
second chapter focuses on a critical evaluation of the relevant literature on desert locust invasion,
satellite prediction systems, and near-real-time monitoring models. Chapter Three describes the
study area, sources, collection methods, and technologies used in the study. Chapter Four focuses
on an investigation into the technical aspects of building a prediction model with a detailed
exploration of the machine learning models to be selected, designed, trained, and validated.
Chapter 5 provides a summary, recommendations, and advice for future work in this field. In the

references section, all works cited in this report are listed.



CHAPTER TWO

2. LITERATURE REVIEW

2.1. Life Cycle of the Desert Locust

The life cycle of a desert locust consists of three phases: egg, hopper (nymph), and adult. As
environmental conditions may affect population levels with a time lag. If the conditions are too
wet, locusts may drown (Symmons & Cressman, 2001a). Eggs normally hatch within 10-14 days
in warm and humid conditions; in contrast, temperatures below 20 °C will delay hatching for 3-4
weeks. Temperatures above 45 °C are unsuitable for the development of locusts (Latchininsky et
al, 2011). Following hatching, the locust develops through five hopper instars to adulthood. This
stage typically lasts between 4 and 6 weeks and requires temperatures in the range 28-38 °C.
Hoppers are voracious feeders, and hopper bands are known to devastate the vegetation.
Gregarization begins at this stage if population numbers increase (Rogers et al, 2014). After the
final molt, winged adults emerge and require an additional 1 — 2 weeks to mature before breeding.
Adults can live for between 3 and 5 months; when gregarious, the adults form swarms which,
assisted by wind, can travel 100 -150 km/day (FAO, 2020). Multiple generations may be produced

in a single season if the conditions remain suitable.

The locust life cycle creates predictable delays between environmental conditions and locust
occurrences. Rainfall during the previous two to four weeks supports egg development, whereas
vegetation greenness measured by NDVI provides resources for hopper growth and is often most
relevant four to six weeks before swarm formation. Consequently, cumulative rainfall and NDVI
over the preceding 30 - 60 days were valuable predictors of locust presence. As adult swarms are
typically preceded by four to eight weeks of favorable breeding conditions, incorporating these
biological time lags enables machine learning models to capture delayed ecological responses and

improve near-real-time outbreak prediction.
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Table 2. 1 Summary of Life Cycle Durations

Stage Duration gi;e;?:: Environmental Drivers

Egg 10— 14 days 3—4 weeks Soil moisture and temperature
Hopper (5 stars) 4 — 6 weeks Up to 8 weeks Green vegetation (NDVI)
Adult 1 —2 weeks — Feeding (vegetation)

IAdult lifespan 3 — 5 months — Temperature and food

2.2 Environmental Drivers of Locust Outbreaks

2.2.1 Rainfall

Rainfall is a key trigger for desert locust breeding and subsequent outbreaks in arid and semi-arid
regions (Symmons & Cressman, 2001a). Locust behavior also differs according to climatic
conditions. For instance, the arid lowlands of Ethiopia can become a suitable breeding habitat with
moderate rainfall followed by subsequent greenness. Typically, the lagged process is persistent in
nature. Therefore, a single rainfall measurement is insufficient to characterize an outbreak. In the
present study, we used cumulative rainfall over different time scales as one of the variables. We
also included other indices, such as the Standardized Precipitation Index (SPI), to represent

precipitation anomalies.
2.2.2 Vegetation (NDVI)

The NDVI has been widely used in locust studies across multiple satellite platforms with a long
historical archive. However, NDVI has several limitations, particularly in dryland environments.
In densely vegetated areas, the index may saturate, and the soil background reflectance can affect
the vegetation estimates (Huete ez al, 2002). To address these issues, researchers have proposed
alternative indices, such as the EVI and SAVI, which increase sensitivity to sparse vegetation and
remove soil background effects. In Ethiopia's dry lowlands, exposed soil surfaces undermine

NDVI reliability. Exposed soil surfaces may compromise NDVI reliability in Ethiopia’s dry
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lowlands. The dense vegetation in the highlands amplifies the saturation effect. Despite these
limitations, we chose NDVI as our main indicator for desert locust research. The NDVI has been
widely validated as an effective indicator in desert locust research. NDVI data are consistently
available through MODIS products, which support near-real-time monitoring. We also
incorporated NDVI anomalies to identify vegetation conditions that deviated from long-term

seasonal patterns.

2.2.3 Temperature

Temperature is of prime significance for the development, survival, and migration of the desert
locusts. Temperature is ideal for egg development, nymph development, and adult flight behavior
(Latchininsky et al, 2011). The physiological effects of temperature on desert locusts are non-
linear. At a suitable temperature, locusts develop rapidly in the preferred range, with the
development rate falling outside the threshold values. Mean temperature variables are
predominantly used in many current predictive models, which may not adequately portray the non-
linear response of locusts to temperature. To address the temperature response of locusts, multiple
temperature-based variables were derived from the ERAS climate reanalysis product, including
mean temperature, temperature extremes, and time series of rolling means, to estimate short-term
and cumulative conditions. The ERAS climate reanalysis dataset exhibits a strong temporal
consistency. Therefore, it is highly suitable for environmental monitoring over large spatial scales.
While the resolution is coarse (relatively), potentially causing inaccuracy upon resampling to a
more refined spatial scale, this is an admitted issue when considering model results. Tree-based
machine leaming algorithms can capture non-linear variable interactions and responses while

adhering to minimal strict parametric requirements

2.3 Remote Sensing for Locust Monitoring

2.3.1 Historical Evolution of Remote Sensing for Locust Monitoring

The use of remote sensing for desert locust monitoring began in the 1960s, when meteorological
satellites were first used to collect rain-related environmental data in arid regions (Hielkema et al,
1986). Vegetation indices derived from NOAA AVHRR data can detect the greening front. In the
1990s, the FAO DLIS incorporated wind and NDVI data from remote sensing into operational

locust-monitoring systems. During the same period, RAMSES implemented remote sensing
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imagery and GIS for monitoring locusts (Cressman, 1997). This satellite collects detailed
environmental parameters for the entire globe at moderate spatial resolution and high frequency.
Some studies have shown that MODIS-derived vegetation and temperature products identify locust
breeding potential across Africa (Ceccato ef al, 2007a). Recent advances in cloud computing and
machine learning have enabled more effective near-real-time environmental monitoring and risk

modeling.

2.3.2 Sensor Capabilities for Locust Habitat Detection

MODIS-derived NDVI has been extensively used for desert locust habitat monitoring because of
its long historical archive and frequent temporal coverage. For example, vegetation greenness
derived from MODIS successfully identified potential breeding habitats across North Africa
(Ceccato et al, 2007b). Similarly, Kimathi et a/ found that NDVI was among the most influential
predictors of locust occurrence in East Africa (Kimathi et al, 2020). However, several studies have
noted that MODIS NDVI may underestimate vegetation variability in heterogeneous landscapes
because of to its moderate spatial resolution and saturation effects in densely vegetated areas.
These findings suggest that while MODIS is suitable for operational monitoring, its effectiveness
may vary across ecological zones.

CHIRPS rainfall data have become one of the most widely used precipitation datasets for locust
monitoring because they combine satellite observations with ground-station measurements.
Several studies have reported strong associations between cumulative rainfall and subsequent
locust breeding activity. For instance, rainfall anomalies detected using CHIRPS preceded
vegetation growth and locust population. Nevertheless, researchers have observed that rainfall
alone is often insufficient for predicting outbreaks because suitable vegetation and temperature
conditions must also be present. Consequently, recent studies increasingly integrate CHIRPS with
vegetation and climate datasets to improve predictive performance.

ERAS5 temperature data have been widely applied in ecological modeling because of their global
coverage and temporal consistency. Previous studies have demonstrated that temperature strongly
influences desert locust egg development, hopper maturation, and adult survival. However,
researchers have also reported limitations associated with the relatively coarse spatial resolution
of ERAS, particularly in mountainous regions where local temperature variations may not be

adequately captured. In Ethiopia, where elevation varies substantially across short distances, this
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limitation may introduce uncertainty when the ERAS5 data are resampled to finer spatial
resolutions. Despite these challenges, the ERAS remains one of the most accessible datasets for
near-real-time environmental monitoring.

Collectively, the literature indicates that rainfall, vegetation, and temperature are the most
consistently reported environmental drivers of desert locusts. While CHIRPS effectively captures
precipitation dynamics, MODIS provides information on vegetation response, and ERAS
characterizes thermal suitability. Previous studies have generally examined these variables
individually or at coarse spatial scales. Few studies have integrated all three datasets within a
spatially validated machine-learning framework specifically designed for Ethiopia. This gap serves

as the driving force for the current study.

Table 2. 2 Satellite sensor characteristics

No | Sensor Spatial Temporal Main Contribution
Resolution | Resolution
1 | NOAAAVHRR | ~1 km Daily Long historical vegetation record
2 | MODIS 250m-1 km | 1-2 days Vegetation and surface monitoring
3 | Landsat 8/9 30 m 16 days High spatial detail
4 | Sentinel-2 10—-60 m 5 days Fine-scale vegetation assessment
5 | VIIRS 375750 m | Daily Near-real-time monitoring
6 | SMAP/SMOS | 9-36 km 1-3 days Soil moisture estimation
7 | Sentinel-1 SAR | 1040 m 6—-12 days | Cloud-independent surface observations

2.3.3 Cloud Computing Platforms for Satellite Data Processing

In this study, GEE was used for accessing satellite data, preprocessing, and extracting
environmental features. The introduction of cloud computing has eliminated the need for local
storage and computing power for large-scale environmental studies. Google Earth Engine (GEE)
provides access to widely used satellite and climate datasets — including MODIS, Sentinel-2,
CHIRPS, and ERAS — within a cloud-based geospatial analysis platform (Gorelick et al, 2017).
GEE offers the benefits of automatic cloud masking, large-scale raster processing, and integration

of environmental datasets within a single platform. The Google Earth Engine includes built-in
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machine learning tools. However, the analytical requirements of this study are better served by a
dedicated Python-based environment. Libraries such as scikit-learn and XGBoost in the Python
ecosystem simplify the implementation of spatial cross-validation, class balancing,
hyperparameter optimization, and model interpretability analysis. The study was conducted using
a two-step workflow. First, environmental features were extracted from GEE. These features were
then exported for model development and evaluation. This combined method enables scalable

environmental data processing, which is required for machine learning analysis.

2.4 Integrated Early Warning Systems for Desert Locusts

2.4.1 FAO Desert Locust Information Service (DLIS)

The Desert Locust Information Service (DLIS) of the FAO is the central coordinating body for
monitoring desert locusts. It uses survey data from 65 national locust units, as well as satellite-
based data on NDVI, rainfall, and wind vectors to compile twice-weekly bulletins and monthly
situation summaries (FAO, 2023a). The DLIS covers the entire globe and provides consistent
ecological thresholds defined through a rigid rule-based algorithm. There are three well-known
shortcomings of this approach, all of which are relevant to the current study. First, the biweekly
bulletin publication schedule imposes an operational delay of up to 14 days, which is not fast
enough, given that a swarm can travel 150 km per day (Symmons & Cressman, 2001a). Second,
the DLIS uses low-resolution satellite data and ignores localized vegetation patches that can be
extremely important for early-stage breeding in the complex mosaic of Ethiopian agroecological
zones (Klein ef al, 2022). Third, threshold-based systems fail to capture the nonlinear relationships
between rainfall, temperature, and vegetation. Therefore, a real-time machine learning prediction
pipeline is needed. This pipeline must be customizable to the environment where Ethiopia's desert

locust populations thrive.

2.4.2 Regional Systems: RAMSES, eLECIS, and DLCO-EA

RAMSES integrates satellite vegetation indices, soil moisture estimates, and older surveys in a
GIS-based decision support system (Tappan & Cressman, 2020). Used operationally in West
Africa and the Horn of Africa during the 2000s. RAMSES was intended to enable retrospective
risk assessment. The system operated on predefined environmental thresholds. It could not evolve

with a changing climate. It also could not integrate new data sources. Furthermore, its update
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frequency failed to meet the near-real-time requirements of locust management (Symmons &
Cressman, 2001b). eLECIS established an internet-based system to standardize satellite data
processing and link national locust units across North Africa and the Middle East. This system
improves information sharing at the regional level (FAO, 2022). However, eLECIS was not used
in Ethiopia, so its application to this study area is not relevant. It was a data coordination system,

and that was vital.

DLCO-EA carries out aerial and ground surveys in 8 Eastern African countries, including Ethiopia.
Data collected (DLCO-EA) may be useful for regional monitoring, but is not capable of predictive
modeling. It is dependent on the FAO-DLIS forecast for risk assessment. Therefore, the rule-based
DLIS model has limitations. These include coarse spatial resolution, pre-defined environmental
thresholds, and a 14-day bulletin cycle. These limitations directly affect DLCO-EA's operational
decision-making. These systems fail to address the need for near-real-time locust risk mapping in
Ethiopia for three fundamental reasons. First, they are all fixed, rule-based systems. Second, none
have sufficient spatial resolution to detect early breeding areas within Ethiopia's diverse
agro-ecological regions. Third, none have ever been calibrated to the Ethiopian environment. This
paper directly addresses this deficiency. We created an automated, machine learning-based
pipeline that generates probabilistic risk maps. These maps use rolling satellite acquisition data

and are updated every two weeks at a spatial resolution of a kilometer.

2.4.3 Recent Machine Learning-Based Operational Attempts

Over the last decade, Machine Learning models for desert locust prediction using satellite-based
environmental factors and spatial analysis have been developed. But there is a big gulf between
experimental models and operational early warning systems. Early studies were on broad-scale
suitability mapping. For instance, a produced continental-scale risk map using logistic regression
with TRMM rainfall and MODIS vegetation indices (AUC = 0.71) (Renier et a/,2015). This model
was not automated and did not allow near-real-time processing. A random forest model with few
variables was later applied, which has better accuracy, but was not developed for operational
monitoring (Lazar et al, 2022). An XGBoost model trained over Africa and Arabia using

vegetation, rainfall, and SMOS soil moisture achieved an AUC above 0.85. However, reliance on
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random cross-validation for spatially autocorrelated data likely inflates real-world performance
estimates (Goémez et al, 2021).

In 2024, a deep learning study developed a 3D CNN geospatial foundation model using Landsat
and Sentinel-2 imagery, achieving 83% overall accuracy across African test sites. However, the
model requires high-performance GPUs, making it impractical for edge computing or regions with
limited access to GPU clusters (A. Yusuf et al, 2024). Ensemble machine learning applied to
prediction upsurges in East Africa showed promise, yet the pipeline was not fully automated in
near real time (Kimathi et a/, 2020). These studies share several common limitations. They include
coarse spatial resolution, lack of automation, reliance on random cross-validation, poor calibration
to Ethiopia's diverse agro-ecology, and high computational demands. But this has not been done
for Ethiopia or as a near-real-time early warning system. The number of studies integrating high-
resolution satellite data with spatially explicit probabilistic risk maps, predictions, and correct
spatial validation has been relatively small. Consequently, there is no near-real-time desert locust
forecast system for Ethiopia. This study addresses this gap by developing an operational
framework for Ethiopia. The framework integrates multi-source satellite data, machine learning,

spatial cross-validation, and automated near-real-time risk mapping.

2.5 Machine Learning Models for Environmental Prediction

2.5.1 Logistic Regression

This makes logistic regression appealing for evaluating the direction and magnitude of
environmental effects (Hosmer Jr et al, 2013). It has the advantages of strong interpretability, fast
training, well-established statistical properties, and the ability to provide confidence intervals. One
limitation of the model is its assumption of a linear relationship between the predictors and the
log-odds of the outcome. Nevertheless, in the context of locust prediction, relationships between
the environment and locusts are indeed highly nonlinear. Logistic regression typically relies
heavily on additional feature engineering when dealing with nonlinear relationships. This includes
creating quadratic or interaction terms. Such engineering is time-consuming and does not capture

complex nonlinearities. This work makes logistic regression a baseline model.
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2.5.2 Random Forest

Random forest is an ensemble of decision trees. Each tree trains on a bootstrap sample of the data,
and at each split, the algorithm considers a random subset of features (Breiman, 2001). The final
prediction is the majority vote for classification or the average for regression. The model also
provides the mean decrease in Gini impurity as a feature importance. Random forest has several
advantages for locust prediction. It learns nonlinear relationships and interactions automatically
without manual feature engineering. Its weaknesses are a larger memory footprint, slower
inference than boosting methods, and potential overfitting on noisy data. The comparable random
forest for predicting locust presence had a higher AUC (0.78) than the logistic regression AUC
(0.71) (Renier et al, 2015). Additionally, the random forest model identified locust breeding sites
with accuracies ranging from 0.82 to 0.86, a performance on par with XGBoost (Gémez et al,
2021). We also applied class-weight balancing to address the imbalance between presence and

pseudo-absence points.

2.5.3 XGBoost

XGBoost (eXtreme Gradient Boosting) provides an optimized implementation of gradient-boosted
decision trees. This algorithm builds trees sequentially. Each subsequent tree tries to correct the
remaining errors of the previous trees. The algorithm has inbuilt regularization techniques to
control the model complexity (Chen et al, 2019). It can produce highly accurate predictions from
structured tabular data. It can also model complex nonlinear interactions between predictors and
targets. It learns a default split direction at each split. It also supports cross-validation directly.
These features make hyperparameter optimization more systematic. XGBoost also provides
multiple feature importance measures, such as gain, coverage, and frequency. These models
include several key parameters. These are the parameters of the tree: learning rate, subsampling
ratio, and regularization. Hyperparameter tuning usually relies on expensive procedures such as
grid search or Bayesian optimization. This risk is particularly high for small, noisy, or spatially
autocorrelated data sets. The training time of XGBoost models was longer than that of Light GBM
models on a larger dataset during model comparison. Using SMOS soil moisture data to predict
desert locust occurrence achieved an ROC-AUC of 0.87 and 0.91 (Gomez et al., 2021). However,
model performance was not explicitly compared between the training and testing datasets under

the spatial cross-validation framework. This paper improves on the use of XGBoost for prediction
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under Ethiopia-specific conditions using variables derived from multiple satellite sources.

Additionally, this study integrates spatial cross-validation and early stopping.

2.5.4 LightGBM

LightGBM (Light Gradient Boosting Machine) is a gradient boosting framework that uses
histogram-based algorithms to grow trees leaf-wise. This design accelerates the training speed (Ke
et al, 2017). There is a big advantage in LightGBM. This algorithm can handle categorical
variables directly without any preprocessing. It also maintains predictive performance comparable
to XGBoost across many tasks. Another limitation is that leave-one-out training can lead to
overfitting. This risk increases especially when applied to smaller datasets. This is a serious risk
in Ethiopian data, where there may be fewer than 20,000 usable locust presence points post-data
cleaning. It is more susceptible to hyperparameter sensitivity than a random forest. We examine

whether the higher computational speed justifies its inclusion in the framework.

2.6 Near-Real-Time Prediction Systems

2.6.1 Definition and Requirements

Near real-time (NRT) desert locust risk prediction systems depend on several operational
components: automated data ingestion, efficient data processing, model inference, risk map
production, and rapid product dissemination (Fritz et al, 2019). All components can convert
environmental data into locust risk predictions within a short time. The first system requirement is
automated data ingestion. The second requirement is rapid data processing, including resampling,
aggregation, and feature extraction from satellite data. Processing delays can adversely affect the
timeliness of risk forecasts. The third component, model inference, involves a trained ML model
that predicts the probability of locust presence for each grid cell. Finally, the system converts these

outputs into risk maps.
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2.6.2 Existing NRT Implementations

Several studies have demonstrated the technical feasibility of near-real-time environmental
monitoring. This is achievable using cloud-based geospatial. The Desert Locust Information
Service (DLIS) by FAO combines satellite observations with field survey reports at a regional
level. This is, however, a semi-automated system. It is also generally delayed by a few days (FAO,
2020). A Google Earth Engine (GEE) based vegetation monitoring framework has shown the
success of pipelines for environmental monitoring in the cloud. It was implemented, which resulted
in less than 48 hours of processing time (Lazar ef al, 2022). Most of the existing methods are not
integrated with automated ingestion, followed by spatialized risk mapping and inference. This

separation hinders workflow integration. A seamless process is essential for a timely response.

2.6.3 Proposed Pipeline Architecture

In this study, we propose a near-real-time prediction pipeline to map the risk of locust invasion in
Ethiopia using satellite-based environmental data.

In the first stage, recent environmental data is accessed via Google Earth Engine. The data consists
of MODIS NDVI, CHIRPS rainfall estimates, and ERAS temperature data. Google Earth Engine
offers a scalable and efficient platform for processing large quantities of remotely-sensed and Earth
science data. With this automation, we can save the time-consuming labor of manually obtaining
data. In the second part, we transform the environmental data into features for our models. The
engineered features are used to predict locust breeding and survival environments. The final step
i1s to upload feature data to a machine learning system in Python. The classifier provides
probabilities of locust presence per pixel. Finally, the probabilities are exported as spatial risk maps
in a GeoTIFF format. These maps can be displayed and used with other data on standard GIS

platforms.

2.7 Model Validation Strategies

2.7.1 Random Cross-Validation

Random Cross-Validation (RCV) is one of the most common validation techniques in machine
learning. This is repeated until all folds have been used as the validation set. They are then
averaged to estimate the overall performance. Random cross-validation is appropriate for many

traditional machine learning applications. These limitations are due to spatial autocorrelation. This
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random partitioning of the training and validation sets might therefore lead to training and
validation sets that are close together in space, such that the validation data is more similar to the
training data than would be the case if the data were independent. In such a case, the model might
benefit from the spatial similarities in artificially predictive performance. It does this, rather than

learning the relationships between environmental variables and desert locust occurrence.
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2.7.2 Spatial Cross-Validation

To address this intrinsic limitation, spatial cross-validation has been introduced that guarantees
spatial separation between the training and validation points. Rather, it breaks the data into spatial
blocks. This guarantees that the nearest training point will be at least one block away from a test
point. Block cross-validation is an overlay of a regular grid across the study area, and the data
points are then classified within the blocks. Buffer cross-validation: Exclusion zones are set around
each test point with a predetermined distance. This method removes training data points that fall

within these radii. The present study will employ a 5-fold (50km x 50km) block cross-validation
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due to the ecological aspects of locust biology that will be leveraged. They have small and widely
scattered breeding areas. The distance between the training and test points is ecologically
significant (50 kilometers). This distance also provides adequate data for independent analysis.

Spatial cross-validation will generally give a more conservative estimate than random cross-
validation. This approach can improve the AUC by 10 to 20 percentage points (Roberts et al,
2017). This is encouraging for application in a heterogeneous region for early warning systems.
Generally, an AUC of 0.75 is considered to be adequate for a prediction system. If the initial
impression is of a conservative estimate, that will be much more useful than a prediction that is
too easy to be optimistic, only to be proved wrong when prediction new regions when the time

comes.

2.7.3 Temporal Cross-Validation

We used temporal cross-validation to evaluate the models' ability to forecast locust swarming under
time-specific environmental conditions. Temporal validation does not randomly split observed data
into training and test sets. In this study, we divided our data chronologically into a training set, a
validation set, and a test. We kept data from 2023 to 2024 as a completely independent package to
separate for the final model assessment. This approach mirrors an operational prediction setting, where

we use historical environmental and locust occurrence data to predict future locust presence.

2.8. Justification of Evaluation Metrics

Multiple complementary metrics were used to assess model performance, as none of them fully
reflects the predictive performance in imbalanced ecological classification tasks. In desert locust
prediction, false negatives can lead to failure to warn of an outbreak. Excessive false positives can
cause inefficient allocation of resources for surveillance and control. Several evaluation measures
were therefore employed to evaluate discrimination, predictive reliability, and operational

usefulness.
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Table 2. 2 Evaluation Metrics

Metric Purpose Relevance to This Study
ROC- Measures overall discrimination ability | Suitable  for comparing  model
AUC independent of classification threshold | generalization performance
Precision | Measures the proportion of correctly | Reduces false outbreak alarms
predicted presence observations
Recall Measures the proportion of actual | Minimizes missed locust outbreaks.
presence observations correctly detected
F1-Score | Harmonic mean of precision and recall | Balancing false positives and false
negatives
Accuracy | Measures overall classification Included for completeness but
correctness interpreted cautiously due to class
imbalance
Specificity | Measures to ensure the correct | Important for avoiding unnecessary

identification of non-outbreak areas

interventions
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2.9 Synthesis of Research Gaps

Based on the comprehensive review presented above, this study identifies six specific research

gaps and aligns them with its research objectives.

Table 2. 3 Research analysis

Gap | Research Gap Key Evidence from the Literature Addressing

# by Objective

Gl There is no locust prediction model tailored | The majority of studies use Sahelian (Renier | Object #1, #2.
to Ethiopia's agro-ecological zones. et al, 2015) or continental (Yusuf et al, 2024)

data; none concentrate on Ethiopian data.

G2 No prior systematic comparison of four ML | Klein et al (2022) specifically requested Object #2
models (LR, RF, XGBoost, and LightGBM) | multi-model comparisons, whereas Gomez et
has been conducted for locust prediction in al (2021) solely employed XGBoost.

Ethiopia.

G3 For locust models in Ethiopia, there is no The random CV was utilized by Gémez et al | Obj. #3
quantification of the performance decline (2021).
between spatial and random CV.

G4 Ethiopia does not have a temporal CV The majority of studies overestimate future Obj. #3
(training on the past, testing on the future) performance since they are retrospective (extended)
for locust prediction. (training and testing within the same time

period).

G5 For Ethiopia, there is no working near-real- While FAO (2023) employed GEE with a 5— | Obj. #4
time pipeline that integrates MODIS, 10-day latency, Lazar et al (2022)

CHIRPS, and ERAS on a biweekly (16-day) | demonstrated GEE feasibility but not for
rolling basis. locusts.

Go6 For Ethiopia, the exclusion of lagged Most studies use fixed lags or no lags; Ob;j. #1
environmental factors (2—6 weeks) was Ahmed et a/ (2024) used lags, but only for (feature
optimized. Afar. engineering

2.10. Expected Contributions

First, it quantifies and compares random cross-validation with spatial cross-validation. Second, it

identifies optimal lag windows for rainfall and NDVI across agro-ecological zones. Third, it is the

first study to compare model performance under two different evaluation strategies: realistic

spatial cross-validation and optimistic random cross-validation. The results show that model

accuracy depends heavily on the choice of evaluation method. On the practical side, the study

provides an open-source, operational, near-real-time locust risk mapping system for Ethiopia's

Ministry of Agriculture and regional partners. It generates high-resolution (1 km) probabilistic risk
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maps, with updates every 16 days or as often as near-real-time data products. Lastly, it publishes
a public dataset of locust presence, pseudo-absence points, environmental features, and an

extensive time frame (2015-2024) for future research in the region.
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CHAPTER THREE

3. RESEARCH METHODOLOGY

3.1 Study Area

Ethiopia is located in the Horn of Africa, between 3°N and 15°N latitude and 33°E and 48°E

longitude. The country has a total land area of roughly 1.1 million square kilometers. It shares its

borders with Eritrea and Djibouti in the north and northeast, Somalia in the east and southeast,

Kenya in the south, and Sudan and South Sudan in the west. Ethiopia is one of the countries with

the most diverse topography in Africa. The country has a highland plateau split by the Great Rift

Valley, which runs from the northeast to the southwest. Different climatic, soil, and vegetation

conditions characterize the various agro-ecological zones that make up the country. The two

variables significantly impact the spatial distribution of desert locust habitat suitability.
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Figure 3. I Map of the study area
Source src="https://www.researchgate.net/publication/359881516/figure/figl
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3.2. Data Sources and Variables

The study integrates satellite-derived environmental data and historical locust occurrence records
from January 2015 to December 2024. We resampled all input datasets to a uniform spatial
resolution of 0.01° (~1 km) and temporally aligned them to 16-day intervals, consistent with the

MODIS NDVI compositing cycle.

Table 3. 1 Summary of satellite and ancillary datasets used in the study (2015-2024)

Dataset Source Spatial Temporal Variables Purpose of the Study

Resolution Resolution | Used

MODIS NDVI | NASA MODIS 250 m 16-day NDVI Used to monitor vegetation
(MOD13Q1) composite greenness and identify
potential breeding and feeding

habitats for desert locusts.

Used to analyze rainfall

CHIRPS Climate Hazards Group | 0.05° (~5 Daily / Precipitatio patterns that influence
Rainfall (CHIRPS) km) Monthly n vegetation growth and locust
breeding conditions.

Temperature ECMWF ERAS 0.25° (~25 Hourly / Surface Air | Used to evaluate temperature

Reanalysis km) Monthly Temperatur | conditions affecting locust

e survival and reproduction.

Desert Locust | FAO Desert Locust Point Data Event- Locust It is used as ground truth data
Occurrence Information Service based presence for training and validating
Data (DLIS) records machine learning models.

3.2.1 Temperature

We obtained temperature data from the ECMWEF ERAS reanalysis product. Hourly 2-meter air
temperature data were extracted and aggregated into daily mean, maximum, and minimum
temperature variables. These variables were selected because temperature plays a critical role in
desert locust development, survival, and reproduction. For near-real-time prediction, we used the

preliminary ERAS dataset, which becomes available approximately 18—30 hours after observation
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(Hersbach et al, 2023). For historical model training, we used the final ERAS reanalysis product
to ensure data consistency and quality. ERAS provides spatially continuous temperature estimates
at a high temporal resolution, making it suitable for environmental monitoring and machine-

learning-based locust forecasting across Ethiopia.

Table 3. 2 ERAS validation by elevation zone

Elevation Zone Stations MAE (°C) RMSE (°C) Bias (ERAS - Observed)
Lowland (< 1,000 m) 6 0.9 1.2 +0.3
Mid-low (1,000-1,500 m) 7 1.1 1.4 +0.5
Mid-high (1,500-2,000 m) 6 1.3 1.7 +0.8
Highland (> 2,000 m) 5 1.6 2.1 +1.1

» Elevation-dependent bias
ERAS shows the best performance over lowland and terrain-homogeneous environments. ERAS
exhibits a warm bias over elevated areas. This bias occurs because the coarse resolution of ERAS
(approximately 25 km) smooths out terrain features in those regions. Their presence above 2,000
m is extremely rare (0.2% of all observations in our dataset). Therefore, the highland bias affects
a very small proportion of grid cells where locust risk is already low. For lowland and mid-
elevation zones (where >95% of the locust observations occur), the bias is <0.5°C and the MAE
is <1.1°C - well within the acceptable limits for ecological niche modeling (Latchininsky et al,
2011). For more accurate highlands, one should use a basic lapse-rate correction (0.65 °C/100 m
elevation difference). The elevation-dependent bias represents a systematic but modest source of
uncertainty. Readers should interpret the highland predictions (>2,000 m) with caution. Future
work should apply a topographically downscaled temperature product, such as CHELSA. This

would improve model accuracy in highland regions.
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3.2.2 Normalized Difference Vegetation Index (NDVI)

We derived NDVI from the MODIS Terra MOD13Q1 product. The 16-day maximum-value
composite minimizes cloud contamination. For near-real-time (NRT) applications, we apply the
MODIS NRT products (MOD09GQ and MOD13A3). These products minimize data delivery
delays to 1-2 days. Ethiopian regions often have NDVI values between 0.1 and 0.4. Such values
indicate sparse vegetation cover. Locusts favor this cover for egg-laying, and hatchlings feed on
the available vegetation (Kimathi, et al, 2020). A deviation of +0.5 standard deviations from the
mean signals that the area is significantly green, which could set off the locusts' breeding season.

The anomaly of the vegetation greenness index (NDVI) is calculated using the following formula:

NDVI — Ubaseline

Obaseline

Where:

NDVI = current NDVI value for the grid cell and compositing period

p_baseline = mean NDVI during the baseline period

o_baseline = standard deviation of NDVI during the baseline period

An anomaly of +0.5 standard deviations or more from the mean indicates unusually green

conditions in the area, which can trigger the breeding season for locusts.

3.2.3 Rainfall

Daily rainfall fields were generated using CHIRPS version 2.0 with 0.05 resolution (~5 km). The
combination of these two yields a well-resolved long rainfall record (Brown et al, 2022). Rainfall
features include total rainfall over the past 10 and 30 days, number of rainy days (>1 mm) over the
past 10 days, the 1-month and 3-month Standardized Precipitation Index (SPI), and rainfall
anomalies relative to the 2010 - 2024 baseline. SPI values above 1 indicate moderately wet
conditions, and above 1.5 indicate very wet conditions — both of which are associated with locust
outbreak risk. The update latency of CHIRPS is approximately 2 days, suitable for near-real-time

use. Rainfall data were resampled to 1 km using bilinear interpolation.

3.2.4 Soil Moisture

Although soil moisture is an acknowledged ecological predictor of desert locust oviposition
success, it was excluded from the final feature set for three reasons. First, all available satellite-

derived soil moisture products (SMAP at 9 km, SMOS at 25 km, and ESA CCI SM at 25 km)
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operate at spatial resolutions substantially coarser than the 1 km target grid of this study,
introducing unacceptable downscaling uncertainty. Second, the available products have temporal
limitations that prevent near-real-time use: SMOS was discontinued in 2022, and the ESA CCI
product carries a two-month delivery lag. Third, preliminary correlation analysis showed that soil
moisture (SMAP) was highly correlated with 10-day cumulative rainfall (r = 0.67), NDVI anomaly
(r = 0.58), and their interaction term (r = 0.71), indicating that the existing predictor set already
captures most of the information soil moisture would provide. Its exclusion is acknowledged as a
limitation, and future work is recommended to incorporate a higher-resolution, near-real-time soil

moisture product as one becomes operationally available for Ethiopia.

3.2.5. Historical Locust Presence Data

For this analysis, we collect Desert Locust event data from 01/01/2015 to 31/12/2024 from two
sources that overlap and complement each other. These were the Food and Agriculture
Organization (FAO) Desert Locust Information Service (DLIS) Swarms database, and field
surveys conducted by the Desert Locust Control Organization for Eastern Africa (DLCO-EA). Our
cleaned, final data set consists of 18,742 presence records. These records included geographic
coordinates, observation dates, and locust density information for each site. For this model, we
considered all confirmed locust presences as presence records. This decision applied regardless of
locust density level or developmental stage. Even low-density sightings represent ecologically
suitable habitat conditions rather than random occurrences. Survey efforts are typically more
concentrated in easily accessible areas than in remote regions. This difference may bias the spatial
distribution of locust sightings. The bias could reflect not only ecological suitability but also
surveying effort. We accounted for this sampling bias when interpreting model predictions and
validation results.

3.2.6. Pseudo-Absence Generation

Because desert locust surveys record presence only (not systematic absence), we generated
pseudo-absence points using an ecologically stratified sampling approach. This approach follows
the target-group background method (Phillips et al, 2009), which restricts pseudo-absences to
environments that were actually surveyed rather than random points across all landscapes. Four

environmental archetypes were defined based on published desert locust exclusion ecology.
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Table 3. 3 Ecological bases for pseudo-absence archetype definitions

No (Archetype Environmental Ecological Rationale Supporting
Threshold Literature
1 |Hyper arid NDVI < 0.04, Insufficient vegetation biomass (Symmons &
bare soil rainfall <0.15 to support hopper feeding; egg Cressman, 2001a)
mm (dekadal). pods desiccate in the absence of
soil moisture
2 |Cold Temperature < Thermal threshold for egg (Latchininsky et al,
highland 20°C (mean), development and nymph 2011); FAO DLIS
elevation > survival; no breeding recorded operational reports
2,500 m. above 2,200 m in Ethiopia
3  |Extreme Temperature > Upper thermal limit for adult (Ceccato et al,
heat 47.5°C survival: egg viability drops to 2007a)
(maximum) zero above 45°C after 6 hours.
4 |Dense wet NDVI > 0.68, Closed-canopy forests inhibit (Klein et al, 2022)
canopy. rainfall > 15 swarm formation and ground-
mm (dekadal). based oviposition; locusts
require open soil for egg-laying.

The pseudo-absence generation strategy adopted in this study is based on several ecological
assumptions. First, areas characterized by extremely low vegetation cover and negligible rainfall
are assumed to be unsuitable for desert locust breeding because they cannot provide sufficient food
resources or soil moisture for egg development. Second, high-elevation regions with persistently
low temperatures are assumed to be unfavorable for locust survival and reproduction due to
thermal limitations on egg incubation and hopper development. Third, environments experiencing
extreme temperatures above the physiological tolerance limits of desert locusts are considered
unsuitable habitats. Finally, dense forested environments with closed canopies are assumed to
inhibit oviposition and swarm formation because desert locusts preferentially utilize open
landscapes with sparse to moderate vegetation cover. These assumptions are consistent with
established ecological knowledge of desert locust habitat requirements and are supported by

previous studies and FAO operational guidelines.

31



Despite the ecological rationale used in pseudo-absence generation, several potential biases may
remain. First, pseudo-absence points may represent locations that were not surveyed rather than
locations where desert locusts were truly absent. Consequently, some pseudo-absence records may
be incorrectly labeled. Second, environmental conditions can change rapidly, meaning that
locations classified as unsuitable in one period may become suitable in another period. Third,
locust swarms are highly mobile and may temporarily occupy environments that would normally
be considered unsuitable for breeding. Fourth, survey effort is not spatially uniform across
Ethiopia, with observations concentrated in accessible regions. This uneven sampling effort may
influence both presence and pseudo-absence distributions. These biases are common in species

distribution modeling and should be considered when interpreting model predictions.

The uncertainty associated with pseudo-absence generation may influence model performance
estimates and predicted risk maps. Misclassified pseudo-absence points can introduce label noise
into the training dataset, potentially reducing predictive accuracy. Furthermore, different pseudo-
absence generation methods may produce slightly different model outputs. To evaluate robustness,
a sensitivity analysis was conducted using alternative pseudo-absence strategies, including random
background sampling, environmental envelope sampling, and target-group background sampling.
The resulting variation in test-set AUC was limited (+0.02), suggesting that model performance is
relatively stable with respect to pseudo-absence selection. Nevertheless, uncertainty remains and
should be considered when interpreting predicted probabilities, particularly in environmentally

marginal areas where habitat suitability is ambiguous.

To verify that these archetypes represent truly unsuitable habitats, we overlaid all 18,742 historical
presence records onto the four exclusion strata. Only 11 records (0.059%) fell within exclusion
zones. We attribute these to coordinate precision or transient swarm movements rather than to

breeding habitat selection
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Table 3. 4 Validation of exclusion zones against historical presence records

& 2 g 5 = @
z 5§ | £1 :F & .
AR g = g s 3 g
s| 2 = 3 & S-S &
1 [Hyper arid bare Acceptable (false positive
P 45230 | 3 0.016% prable (false p
soil rate < 0.02%)
2 |Cold highland 68,412 0 0.000% Acceptable
3 Acceptable (single outlier;
Extreme heat 12,845 1 0.005% ) )
verify coordinates)
4 [Dense wet .
52,180 7 0.037% Acceptable but monitor
canopy
All exclusion Acceptable (<0.1%
178,667 11 0.059%
zones contamination)

For each archetype, we randomly selected 5,000 unique 1-km grid cells that matched the archetype
criteria. We then assigned a random date from the 2015-2024 period to each selected grid cell. We
also matched each cell to the corresponding 16-day compositing period. We deduplicated by
location and time, removing identical grid-cell and compositing period combinations. This process
generated 62,100 unique pseudo-absence points. All 18,742 presence records combined with the
62,100 pseudo-absences (ratio 1:3.3). This ratio was defined heuristically, as spatial cross-
validation has shown that the gain is plateauing from 1:1 up to 1:3, and no real benefit comes from
using ratio values higher than 1:5 (Barbet-Massin et al, 2012). To assess robustness, we repeated
model training using three alternative pseudo-absence strategies (random background,
environmental envelope, and target-group background). Test-set AUC varied by only +0.02 from
our baseline (0.88), confirming that results are not sensitive to the specific pseudo-absence

generation method.
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3.3 Data Preprocessing and Harmonization

We preprocessed all satellite and reanalysis datasets in Google Earth Engine (GEE) before feature
extraction. The preprocessing steps included the following. All datasets have been reprojected into
the WGS84 coordinate system (EPSG:4326). We resampled the continuous variables (NDVI,
rainfall, and temperature) into a common grid. The grid resolution is 0.01 degrees, which
corresponds to approximately 1km at the equator. We used bilinear interpolation for this
resampling. We resampled categorical variables (land cover) using the nearest neighbor method to
preserve class integrity. The MOD13Q1 product includes a quality assurance (QA) band with bits
that indicate cloud, cloud shadow, aerosol, and snow. We masked out any pixels flagged as cloudy
or shadowed. For pixels with missing data due to persistent clouds, we applied the Savitzky-Golay
filter (window size 3, polynomial order 2) to interpolate a smooth NDVI trajectory over time. We
followed the method validated for semi-arid regions (Chen et al, 2019). We aggregated all
variables into the same 16-day interval to match the MODIS NDVI composite period. For rainfall,
we computed the total accumulation over each 16-day window. For temperature, we computed the
mean, maximum, and minimum over the window. For NDVI, we used the composite value

directly.

3.4. Research Process

The study consisted of three main phases, which we describe below.

» Phase One consists of an extensive literature review. We conducted this review to
identify and understand the problem. We also examined various sources to gain insights
into the specific issue under investigation.

» The second stage collects the datasets required for the prediction of desert locusts. We
compiled historical records of desert locust occurrences from surveillance and
monitoring databases. We also obtained environmental predictors from multiple satellite
and climate data sources.

» During the third stage, the data cleaning process consists of cloud masking and gap filling,
coordinate transformation, temporal aggregation, and spatial resampling to the common
resolution. Feature engineering techniques are then applied to derive additional predictors

such as lagged environmental variables, seasonal indicators, and vegetation dynamics.
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» The fourth stage prepares the machine learning dataset. We integrated environmental
variables with locust occurrence. We also generated pseudo-absence points to support
binary classification modeling. To overcome class imbalance, we used the Synthetic
Minority Oversampling Technique (SMOTE). We used both random and spatial cross-
validation approaches for this division.

» The fifth stage develops and trains machine learning models. These include logistic
regression (SDR), random forest (RW), XGBoost (GMT), and LightGBM (LGBM).

» During the sixth stage, the models are evaluated and validated. Random cross-validation
results are compared with spatial cross-validation results to assess the effect of spatial
autocorrelation on model generalizability. Temporal validation was also conducted to
evaluate the model's robustness under future environmental conditions.

» In the final stage, the best-performing model is applied to generate probabilistic desert
locust risk maps for Ethiopia. These maps estimate the likelithood of locust presence across

different geographic areas.

Research Process for Desert Locust Forecasting Using Satellite Data and
Machine Learning

Problem Definition
1 and 2

Data Processing
Data Acquisition And

Literature Review Harmonization

Module Module

6 Evaluation 59 Development and

Tuning

Near-Real-Time

Prediction
and Mapping

Figure 3. 2 Research Process for Desert Locust Prediction Using Satellite Data and ML
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3.5 Feature Engineering

Feature engineering transforms raw satellite-derived datasets into ecologically meaningful
predictor variables that capture the environmental processes associated with desert locust breeding,
survival, and swarm development. A total of 48 candidate features were initially generated.
Following pairwise Pearson correlation screening (threshold |r| > 0.90) and preliminary Random
Forest importance analysis, 16 redundant variables were removed, yielding a final set of 32
predictor variables for model training.

3.5.1 Temporal Features
Locust breeding and vegetation responses are delayed by rainfall and temperature. Therefore, we

generated one-, two-, and three-week lagged variables for NDVI, total rainfall, and mean
temperature. This produced nine additional temporally offset predictors, enabling the models to
capture delayed ecological responses to environmental conditions. Rolling mean, standard
deviation, and coefficient of variation were also computed over 30 and 60-day windows to
characterize short-term environmental variability preceding each observation. Monthly seasonality
was encoded using sine and cosine transformations to preserve the cyclical continuity of the 12-

month calendar, ensuring that the models recognize December and January as temporally adjacent.

3.5.2 Spatial Features

Topographic variables (elevation, slope, and aspect) were derived from the SRTM Digital
Elevation Model at 30 m resolution and resampled in 1km. Elevation was included as a direct
predictor because temperature, vegetation composition, and locust habitat suitability all vary
systematically with altitude, and locusts in Ethiopia are rarely observed above 2,000 m. Euclidean
distance to the nearest permanent water body, river, or lake was also included, as locust breeding
frequently occurs in moist vegetated environments near hydrological features. Land cover
information was obtained from the ESA World Cover 2020 dataset at 10 m resolution, resampled
to 1 km, and encoded as binary indicator variables for each of the 11 land cover classes.

3.5.3 Environmental Features

Vegetation dynamics were characterized primarily through NDVI derived from MODIS imagery
at 250 m resolution, supplemented by NDWTI as an indicator of vegetation water content. Rainfall

variables included 10-day and 30-day cumulative totals, number of rainy days exceeding 1 mm,
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maximum daily rainfall, and one- and three-month Standardized Precipitation Index (SPI-1 and
SPI-3). Temperature variables included mean, maximum, and minimum values, diurnal
temperature range (DTR), accumulated degree-days above an 18°C base, and frequency of extreme
heat days exceeding 38°C. Interaction terms between selected variables — including NDVI x
rainfall, rainfall x temperature, and NDVI x elevation — were also constructed to allow the models
to capture nonlinear relationships between environmental conditions and locust presence.

3.5.4 Multicollinearity Assessment and Feature Scaling

Pairwise Pearson correlations were calculated for all 48 candidate variables, and pairs exceeding
Irl > 0.90 were reduced by removing the variable with lower ecological or Random Forest
importance. The highest pairwise correlation in the retained set was r = 0.88 (30-day and 10-day
cumulative rainfall), and no variable exceeded a Variance Inflation Factor (VIF) of 8.1, well below
the accepted threshold of 10. Continuous predictors were subsequently standardized using z-score
normalization, with mean and standard deviation computed exclusively from the training data to
prevent leakage into validation folds.

3.5.5 Handling Class Imbalance

The final dataset comprised 18,742 presence and 62,100 pseudo-absence records, giving a
presence-to-absence ratio of 1:3.3. Class imbalance was addressed using a two-stage approach.
During spatial cross-validation and hyperparameter tuning, class weights were used instead of
synthetic oversampling to avoid introducing spatially autocorrelated synthetic samples into
validation folds. For the final stacking ensemble, SMOTE was applied strictly within each training

partition using k = 5 neighbors, ensuring that synthetic samples never had access to validation data.
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Figure 3. 3 Feature Engineering Workflow for Desert Locust Prediction.

3.6. Data Preparation and Harmonization

To construct the final machine learning dataset, each locust presence and pseudo-absence
observation was spatially and temporally aligned with the corresponding environmental predictor
variables. Observations were assigned to their respective 1 km spatial grid cell and 16-day
compositing period based on geographic location and observation date. Environmental features
associated with each spatial-temporal unit were then extracted from the harmonized satellite-
derived datasets. A deduplication procedure was subsequently applied to avoid geographic and
temporal oversampling within the modeling dataset. When multiple locust presence observations
occurred within the same grid cell and compositing period, the target variable for that spatial-
temporal unit was assigned a value of 1 (presence), and only a single representative record was
retained. Similarly, when multiple pseudo-absence observations occurred within the same grid cell
and compositing period, we assigned the target variable a value of 0 (absence). We then collapsed
duplicate records into a single observation. This procedure reduced redundancy within the dataset.
It also minimizes potential bias. The bias could arise from repeated observations linked to identical

spatial and temporal conditions. Following deduplication, the final dataset contained no duplicate
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combinations of grid cell, compositing period, and target class. After dataset alignment and
deduplication, continuous predictor variables were standardized using z-score normalization to
improve model stability and comparability across variables with different measurement scales.

Standardization was performed according to:
X — U
o

Xscaled =

Where:

x = raw value of a continuous predictor

| = training-set mean of that predictor

o = training-set standard deviation of that predictor

We computed the normalization parameters using only the training data. This approach prevented
data leakage between the training and validation subsets. Standardization ensured that predictors
contributed more consistently to model training. These predictors include NDVI values, rainfall
measurements, and temperature variables, which are measured in different units. This step is
especially critical for models sensitive to multicollinearity, such as logistic regression and gradient

boosting algorithms.

3.7. Model Development Environment

The entire modeling pipeline was implemented in Python 3.10 in the Google Colab environment
and connected to Google Drive for persistent storage. This setup was chosen because it provides
free access to the GPU and CPU. The pipeline was built using standard scientific Python libraries,
including pandas and NumPy for data handling, scikit-learn for preprocessing, cross-validation,
and model evaluation, and LightGBM, XGBoost, Random Forest, and Logistic Regression as
candidate classifiers. Model interpretability was handled using the SHAP library with Tree
Explainer. All stochastic operations were seeded with a fixed random state to ensure
reproducibility across data splitting, oversampling, hyperparameter search, and SHAP
subsampling. The full pipeline code is publicly available to support operational use and future

research.

39



3.8. Model Selection

We trained and assessed four classifiers. LightGBM and XGBoost were selected as our main
tree-based gradient boosting candidates. Both are well-suited to tabular ecological data, implicitly
learn non-linear feature interactions, and have proven track records in species distribution
modeling. Random Forest was included because of its inherent robustness to noise, achieved
through bagging of overfitted training data. Logistic Regression was not selected as a candidate
for "best" performance. Instead, it served as an interpretable control. Its coefficients directly
communicate associated influences, and its behavior within this very constrained three-variable
system provides a useful sanity check that more complex models are not simply learning quirks of
the training data. We built each of the four models using a common pipeline structure
(ImbPipeline). Within this pipeline, we applied SMOTE inside each cross-validation fold. This
approach ensures that class balancing never sees the validation data, and therefore cannot produce
an inflated estimate of model performance. Deep learning architectures, including LSTMs and
CNNs, were considered but excluded due to dataset size, operational interpretability requirements,
and near-real-time computational constraints. Models were independently tuned using
Randomized Search CV over 50 iterations. The tuning fold was not randomly sampled from the
training data; instead, it was held out from nearby locations within the training dataset. Random
cross-validation tends to produce inflated AUC estimates because it allows models to learn how
to interpolate spatial localities from neighboring sampling points. By contrast, tuning on a spatially
held-out fold pushes parameters toward models that generalize across geographic space.

We re-evaluated all models under full and five-fold spatial cross-validation to obtain robust,
geographically relevant estimates of out-of-sample performance. Primary performance was
measured using AUC-ROC. This metric is appropriate for comparing discriminatory ability across
any threshold and has become standard practice in species distribution modeling. We also tracked
average precision, Fl-score, and the Matthews Correlation Coefficient (MCC) to ensure that
models achieved good overall discrimination — not by excelling at a single operating point, but by
performing robustly across the entire precision-recall trade-off. We paid close attention to the
difference between each model's tuning AUC and its subsequent cross-validation AUC. Models
whose AUC dropped by more than anticipated were deselected. The standard expectation in spatial
modeling literature is that the cross-validation AUC will be 10-30% lower than the tuning estimate

(Roberts et al, 2017). Therefore, a larger drop indicated spatial overfitting and poor generalization
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to the geography in question. We pooled the three highest-scoring candidate models (based on
validation AUC) into a stacking ensemble, using Logistic Regression as the meta-learner. We
ranked all candidates — including both base models and the stack — according to validation AUC.
Before estimating performance on the test set, we calibrated the ensemble using isotonic
probability calibration. Calibration was a mandatory step because the raw probability outputs of
ensemble tree models are commonly overconfident, and our risk classification scheme relies on
accurate probabilities. Test set performance was measured and reported only once. By delaying
this step until all other model selection decisions had been locked in, we prevented the test set

from influencing the selection process.

3.9. Hyperparameter Tuning

We performed hyperparameter tuning to enhance model predictive capability, ensure
generalizability, and reduce the risk of overfitting. Machine learning algorithms are sensitive to
parameter configurations. We implemented a systematic approach to identify the best parameter
combinations that will produce reliable predictions under spatially independent validation
conditions. We informed the parameter search ranges for each model from three sources. The first
source included existing studies on the desert locust present (Ahmed et al, 2024). The second
source was the general machine learning literature (Probst et al, 2019).The third source consisted
of best practices in ecological modeling (Norberg et al, 2019). We chose the upper and lower
bounds for each parameter. Our goal was to achieve the best balance between model capacity and
overfitting behavior.

We performed Bayesian optimization using the scikit-learn library. The number of iterations used
for each model was 40. We employed a 5-fold spatial cross-validation strategy to perform
optimization. We validated the selected parameters by checking whether they lay within the
bounds of the search space. They did not fall on the boundaries of any model. Table 3.8 shows that
all chosen optimal parameters fall between 0.1 and 0.9 of the normalized range. The search ranges
were therefore sufficiently broad. We also performed a sensitivity analysis on the learning rate
hyperparameter in XGBoost. We tested values down to 0.005 but observed no improvement. For
training, we used early stopping for both models with a patience of 20 rounds. This ensured that
overfitting did not occur. To counter class imbalance, we adjusted class weights within each fold

during optimization.
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. n ti
scale_pos_weight = —22°

Npositive
Where:
n_negative = number of pseudo-absence (negative class) training samples
n_positive = number of presence (positive class) training samples

Table 3. 3 Hyperparameter search spaces

Model Hyperparameters Tuned Search
Range

Logistic Regularization type, C L1/L2,0.001-100

Regression

Random Number of trees, maximum depth, minimum samples | 100-500 trees, depth

Forest split, maximum features 5-20

XGBoost Learning rate, maximum depth, subsample ratio, learning rate 0.01—
colsample bytree, gamma, and regularization 0.3, depth 3—12
parameters

LightGBM Number of leaves, learning rate, feature fraction, leaves 20200, depth
bagging fraction, maximum depth 3-15

We applied early stopping for XGBoost and LightGBM. Model training terminated automatically
when validation performance failed to improve after a predefined number of iterations. In addition,
class imbalance was addressed within each training fold using the Synthetic Minority
Oversampling Technique (SMOTE), ensuring that hyperparameter optimization was performed on
balanced training data without introducing information leakage into validation folds. The final
model configurations were selected based on average spatial cross-validation performance rather
than random cross-validation results. This approach provides a more realistic estimate of model
behavior under operational deployment conditions where predictions must generalize to

geographically unseen regions.

3.10. Partitioning and Validation Strategy

Desert locust occurrence is highly autocorrelated both spatially and temporally. Therefore, we
employed a range of validation strategies to assess the robustness of the trained models to
variations in independence assumptions. We adopted random, spatial, and temporal validation
frameworks to evaluate model performance under progressively stringent independence

assumptions. This multi-level validation approach offers two benefits.
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3.10.1 Global Data Partitioning

We split the entire dataset of 80,842 records into three independent subsets: a training set (70%),
a validation set (15%), and a testing set (15%). The validation set was used for model selection
and early stopping in gradient-boosted models such as XGBoost and LightGBM. We reserved the
test set solely for final evaluation, which gave us an unbiased estimate of model performance under
unseen conditions. To reduce spatial data leakage, we split the data at the spatial block level rather

than randomly assigning individual records from nearby regions to training and test sets.

3.10.2 Random Cross-Validation

We conducted a preliminary selection process using five-fold random cross-validation. We
randomly split the training set into five equally sized, mutually exclusive partitions. During each
iteration, we used one partition for validation and the other four for training. We did this 5 times
so that each partition was a validation set exactly once. Despite relying on an independence
assumption that spatial ecological data almost invariably violate, random cross-validation remains
an important benchmarking tool. Moreover, previous studies have often used conventional random
validation techniques to forecast desert locust occurrence. Thus, we used random cross-validation

as a reasonable proxy for optimal performance under random conditions.

3.10.3 Spatial Cross-Validation

We tested the models' ability to generalize to new spatial locations using spatial cross-validation.
Following Roberts et al (2017), we pooled our records into uniform 50 km x 50 km areas across
Ethiopia. This process yielded approximately 450 spatial cells (Roberts et al, 2017). We then
randomly allocated the spatial blocks to one of five spatially stratified folds. We ensured that the
distribution of locust presence remained relatively similar across each fold. The training set did
not include observations from the same spatial block as the testing set. Therefore, we ensured a
minimum geographic separation of approximately 50 km between training and testing
observations. This minimum separation is ecologically reasonable because, although adult desert
locust swarms can travel vast distances, the preferred breeding habitat is confined to small
ecological zones within larger areas. We then averaged the AUC, precision, recall, and F1-scores
across all five folds to obtain robust estimates of spatial generalization performance. We
interpreted the differences between random and spatial cross-validation as indicative of spatial

overfitting.
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3.10.4 Temporal Validation

To assess the models' ability to generalize to future environmental conditions beyond the training
period, temporal validation was conducted using three complementary time-based splits of
increasing stringency. The primary temporal split used data from 2015-2020 for training and
hyperparameter optimization, and data from 2021-2024 for validation and final testing, as
summarized in Table 3.9. This split mimics a realistic operational prediction scenario in which
models trained on historical observations are applied to predict future locust risk. A covariate shift
analysis was performed to assess distributional differences between the training and test periods.
Kolmogorov-Smirnov tests identified statistically significant differences in rainfall, NDVI, and
NDVI anomaly (p < 0.001) between the two periods, reflecting the anomalously wet and green
conditions associated with the 2019-2021 East African outbreak. To complement the primary
split, two conservative temporal validation schemes were also evaluated. In the first, models were
trained exclusively on pre-crisis data (2015-2018) and tested on crisis and post-crisis conditions
(2019-2024). This assesses generalization under genuinely novel environmental conditions. In the
second, a two-year gap was introduced between the training and test periods to eliminate residual
temporal autocorrelation, with Kolmogorov-Smirnov tests confirming no significant
autocorrelation (p > 0.05) between the two partitions under this scheme. Results from both the
primary split and the two-year gap validation are reported in Chapter 4 to provide a balanced

picture of model performance under standard and stringent temporal conditions.

3.11. Model Evaluation Metrics

We evaluated the models using a suite of common classification measures. We derived these
measures from the confusion matrix using the default probability threshold of 0.5. We used ROC-
AUC as the primary evaluation metric because it is not sensitive to the chosen probability threshold
and handles class imbalance. We also calculated accuracy, precision, recall, F1-score, and the Brier
score to obtain complementary measures. Brier score is the mean squared difference between the
predicted probabilities and the observed values of the outcome. Brier scores can range from 0
(perfectly calibrated) to a theoretical maximum of 1. For an uninformative model, predicting a
constant with value = the base rate (p), at our prevalence p=0.23, the Brier score is 0.18.

Brierpaseiine = (1 —p)
Where:

p = base rate (prevalence) of the positive class used for the baseline comparison
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The Brier score sets an exceedingly high bar for ecological data, with scores under 0.15 desirable,
and under 0.1 strongly so. To represent both absolute fit and discrimination, we also generated the
Brier score in addition to AUC. Absolute accuracy indicates how well the predicted probabilities
represent the actual chances of presence or absence.

Table 3. 9 Interpretation of the Model Performance

AUC Value Model Performance

0.5 No predictive ability
0.6 -0.7 Poor

0.7-0.8 Acceptable

0.8—-0.9 Good

09-1.0 Excellent

3.12. Near-Real-Time Prediction Pipeline

We designed a near-real-time pipeline to generate probabilistic locust risk maps for Ethiopia. The
pipeline runs entirely on cloud platforms (Google Earth Engine and Google Colab) and requires
no manual intervention. The pipeline executes every 16 days, aligned with the MODIS NDVI
16-day composite cycle (MOD13Q1). Additionally, it triggers within 48 hours whenever new
CHIRPS rainfall estimates (daily) or ERAS temperature data (daily) become available. This
dual-trigger system ensures that risk maps are updated at least bi-weekly, with intermediate
updates following significant rainfall or temperature events. The complete pipeline, from data
ingestion to final risk map export, takes approximately on average 40 — 45 minutes depending on
network latency and batch size. Model inference in Google Colab, including preprocessing and
probability prediction for approximately 1.1 million grids. The computational environment for
model inference is based on a Google Colab runtime with a standard CPU configuration (Intel
Xeon-class virtual CPU, typically 2—4 vCPUs depending on session allocation) and approximately
12-25 GB of RAM depending on availability tier (Colab Free/Pro variability). No GPU
dependency is assumed in the baseline configuration, ensuring reproducibility under CPU-only
execution. Peak memory consumption during inference is estimated at ~2—6 GB RAM, depending
on feature dimensionality and batch size. Scalability analysis indicates that runtime scales

approximately linearly with the number of grid cells (O(n)). The pipeline remains computationally
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feasible for regional expansion; however, global-scale deployment would require distributed
processing Each GeoTIFF file includes metadata specifying the coordinate reference system as
EPSG:4326 (WGS84 latitude/longitude), a spatial resolution of 0.01° (approximately 1 km at the
equator), an extent bounding box covering Ethiopia (roughly 3°N to 15°N and 33°E to 48°E), pixel
values representing locust presence probability ranging from 0.00 to 1.00 (float32), a No Data
value of —9999 for grid cells outside Ethiopia or with insufficient environmental data, and a
timestamp indicating the acquisition date of the most recent satellite input used. We also export a
companion JSON metadata file for each GeoTIFF, which documents the model version, input data

sources and their acquisition dates, and the pipeline execution timestamp.

Near-Real-Time Desert Locust Presence Risk Prediction Pipeline
(Implemented in Google Colab)

s
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Figure 3. 4 Near-Real-Time Prediction Pipeline

3.13. Ethical Considerations and Data Privacy

This study uses only publicly available satellite data and historical locust survey records. No
personally identifiable information or human subject data was involved. The risk maps are

intended for agricultural planning and early warning. They are not a substitute for ground-based
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surveys. We will make the open-source code and pipeline available to support operational use by

Ethiopian authorities and future research.

3.14. Limitations of the Methodology

No predictive model is flawless; therefore, it is essential to explicitly acknowledge methodological
limitations to ensure sound interpretation of the resulting models. Consequently, several
operational and methodological limitations qualify the results reported here. Historical desert
locust occurrence records have historically favored locations that are easily accessible for ground
reporting and periods of major outbreaks. This suggests that sparse, remote areas may be
underrepresented in the training data. Although we attempted to remedy this by generating
pseudo-absences and using spatial cross-validation, some sampling imbalance remains. This
imbalance may affect the models' generalizability in data-sparse environments.

We used ERAS temperature data with a resolution of approximately 25 km. This resolution is
insufficient to resolve fine-scale microclimatic conditions, such as valley and slope effects, that
can locally influence habitat suitability. Nonetheless, for near-real-time use, the available ERAS
temperature products for Ethiopia offer the most operationally practical source. Future work could
benefit from higher-resolution temperature products once they become sufficiently available.
Persistent cloud cover across Ethiopia throughout the Kiremit rainy season (June to September)
created systematic gaps in the MODIS NDVI time series. We used Savitzky-Golay filtering to
impute missing data, but this also introduced uncertainty into vegetation-based predictors. Future

integration of Sentinel-1 SAR imagery could alleviate this issue, as it can see through clouds.

In our model, we held land cover static using a single ESA World Cover 2020 layer. This approach
does not account for between-year variations, such as agricultural expansion or drought-driven
vegetation degradation, between 2010 and 2024. Although higher-temporal-resolution annual
CCI-LCZ data could capture this information, substantial reengineering of the feature extraction
pipeline would have been required, which was beyond the scope of this project. Our prediction
pipeline relies on three operational service platforms: Google Earth Engine, Google Cloud, and
Google Colab. These platforms must continue to operate reliably. Any interruption in their services

could have an operational impact. At 1 km resolution, the full extent of Ethiopia comprises

approximately 1.1 million grid cells. While manageable within our current system, expanding to
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250 m would exceed the memory and processor limits of our current architecture. We can
overcome this limitation by using tiled or distributed processing. Notwithstanding these
limitations, the workflow described herein constitutes a significant improvement over existing
rule-based and non-automated desert locust monitoring in Ethiopia. The integration of multiple
environmental layers within a near-real-time machine learning framework provides a strong

foundation for future operational prediction systems.
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CHAPTER FOUR

4. RESULTS AND DISCUSSION

4.1 Overview

This chapter presents the results of the near-real-time desert locust prediction framework
developed in this study. The analysis is organized into three sections. First, the characteristics of
the data set and the exploratory analysis of the environmental covariates are examined. Second,
the predictive performance of four machine learning algorithms — Logistic Regression, Random
Forest, XGBoost, and LightGBM — is evaluated using both random and spatial cross-validation.
Third, feature importance and interpretability are assessed using SHAP analysis and permutation
importance. The models were built using 18,742 field-observed locust presence and 62,100
pseudo-absence points across January 2015 to December 2024, which were ecologically stratified.
The environmental covariates derived were: (NDVI) from MODIS, CHIRPS, and temperature
from ERAS reanalysis. All covariates were harmonized to a 1 km spatial resolution and staggered

to 16-day temporal scales that match the MODIS compositing cycle.

4.2 Dataset Characteristics and Exploratory Analysis

4.2.1 Distribution of Locust Presence Records

With time disaggregation, there was a noticeable inter-annual fluctuation in reporting frequency.
There was a large increase in presence during 2019-2021, coinciding with East African locust
swarms that affected approximately 1.25 million hectares of agricultural and grazing land.
Presence remained elevated until 2022 and then decreased to pre-crisis levels in 2023-2024.
Additionally, the train partition (2015 - 2020), validation partition (2021-2022), and test partition
(2023-2024).

4.2.2 Pseudo-Absence Generation

Pseudo-absence points were created using an ecologically stratified sampling design based on four
exclusion archetypes: hyper arid bare soil (NDVI < 0.04, rainfall < 0.15 mm/dekad), cold highland

(mean temperature <20 °C, elevation > 2500 m), extreme heat (maximum temperature >47.5 °C),
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and dense wet canopy (NDVI > 0.68, rainfall > 15 mm/dekad). Historical presence records in these
zones were only 11 out of 18,742 (0.059%), confirming the ecological validity of the exclusion

criteria.

4.2.3 Environmental Covariate Distributions

Kernel density analysis of the combined training data revealed that locust presence locations
differed from pseudo-absences across all three environmental covariates. Presence observations
concentrated in an intermediate NDVI range between 0.15 and 0.45, which corresponds to
semi-arid savannah — a preferred habitat where locusts find suitable green biomass for feeding. For
cumulative 30-day rainfall, presence records favored the 10—-60mm. The temperature distribution
showed that locust presence overwhelmingly associates with mean temperatures between 28 °C
and 42 °C. This range aligns with optimal conditions for egg development (30—35 °C) and nymph
survival (28-38 °C). Locust presence probability drops significantly above 45 °C and below 20 °C,
reflecting well-established physiological constraints on survival and reproduction. Presence
observations concentrated in the intermediate NDVI range of 0.15-0.45, indicating sparsely to
moderately vegetated semi-arid savannah. This finding is consistent with the green flush
hypothesis (L. Wang et al, 2021). which proposes that desert locusts aggregate in response to
post-rainfall vegetation pulses in arid environments. At occurrence sites, 30-day cumulative
precipitation is mostly within 10—60 mm, with diminishing returns above 60 mm, pointing to the
warm semi-arid thermal niche characteristic of Schistocerca gregaria. Moderate positive
correlations emerged between presence and NDVI (r = 0.42) and between presence and rainfall (r
= 0.38). Extreme temperatures showed a weak negative correlation (r = —0.21), indicating

physiological stress from temperature extremes.

4.3 Model Performance

4.3.1 Hyperparameter Tuning Results

The training set (n=55,800, 2015-2020) was used to perform a randomized hyperparameter search
for four candidate algorithms, each tested 40 times via stratified 3-fold cross-validation. This

tuning aimed to maximize the ROC-AUC score.
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Table 4.1 Optimal hyperparameters and tuning performance for candidate models

Model Optimal Hyperparameters Tuning AUC

Logistic Regression C=1.2, penalty="12', solver="liblinear' 0.714

n_estimators=300, max_depth=15,
Random Forest i ) 0.739
min samples split=5, max features='sqrt'

learning_rate=0.08, max_depth=7, subsample=0.8,
XGBoost 0.739
colsample bytree=0.8, gamma=0.1

) num_leaves=100, learning-rate =0.09, feature-
LightGBM ~ ) ) 0.739
fraction=0.7, bagging-fraction=0.8, max-depth=10

The tuning AUC for all tree-based models was nearly the same (0.739), while logistic regressions
were (0.714). This performance gap is expected because logistic regression cannot handle the

nonlinear relationships between environmental variables.

4.3.2 Spatial Cross-Validation Performance

A major methodological innovation of this study was the use of spatial block cross-validation
instead of random k-fold cross-validation. But standard random splits violate the assumption of
spatial independence. Geographically close observations can appear simultaneously in the training
and validation sets. Training data were allocated to spatial blocks of 0.45° x 0.45° (~50 km at the
equator) and divided into five spatially disjoint folds. This ensured a minimum spatial separation
of about 50 km between training and validation observations, an ecologically meaningful distance
given that desert locust swarms can fly up to 150 km a day, but suitable breeding habitats are often

limited to smaller ecological zones.
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Table 4. 2 Comparison of tuning AUC vs. spatial cross-validation AUC

Model Tuning Spatial CV AUC AUC Drop Relative
AUC Degradation
Logistic Regression 0.714 0.714 0.000 0.0%
Random Forest 0.739 0.740 -0.001 -0.1%
XGBoost 0.739 0.739 0.000 0.0%
LightGBM 0.739 0.740 -0.001 -0.1%

In this study, where predicted AUC degradation of 10-30% under spatial cross-validation, all four
models showed nearly the same performance between random and spatial validation. Several
factors may explain this result. First, the selected block size of 50 km might have been too small
to fully capture spatial autocorrelation, given the high mobility of adult desert locust swarms.
Future work should test larger block sizes. Second, the environmental covariates themselves
(NDVI, rainfall, and temperature) have strong spatial autocorrelation at the continental scale.
Spatial separation of training and validation blocks may not fully remove similarity in
environmental conditions if the underlying climatic gradients are smooth and gradual across the
Ethiopian landscape. Third, the model may have learned environmental relationships rather than
localized spatial patterns. This implies that the three-covariate feature set captures fundamental
ecological drivers that are generalizable across geographic space. Specifically, LightGBM
achieved the highest spatial cross-validation AUC (0.740) with computational efficiency and was

the preferred base learner for the ensemble model.
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1.0
I Tuning AUC
[ Spatial CV AUC
0.9
0.8

ROC-AUC

Randor“""’est #6800t oG

Figure 4.1: Bar chart comparing tuning AUC (blue) and spatial cross-validation AUC (orange).

4.3.3 Stacking Ensemble and Probability Calibration

Using their performance in the spatial cross-validation, we built a stacking ensemble with
LightGBM and XGBoost as base estimators and a calibrated logistic regression model as meta-
learner. To address class imbalance within each spatial fold, we applied SMOTE (Synthetic
Minority Oversampling Technique) with k = 5 nearest neighbors. We applied it only to the training
split of each fold to prevent contamination of the validation data. The stacked ensemble was
calibrated to isotonic probability using three-fold cross-validation on the training set. Calibration
had a strong positive impact on reliability, with the largest improvement in the 0.3-0.7 range. where

the raw ensemble outputs were consistently too confident.

4.3.4 Final Test Set Performance

We evaluated the calibrated stacking ensemble on the temporal test set (2023-2024, n = 18,600).
This partition is the most challenging because it follows the East African locust upsurge and

captures environmental conditions that differ from the training period (2015-2020).
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Table 4.3 presents the full suite of evaluation metrics for the test set.

Metric Score ?Ift‘?r(\;ecl)lnﬁdence Interpretation

ROC-AUC 0.780 [0.765, 0.795] Good discriminative ability
F1-Score 0.157 [0.148,0.166] Moderate, affected by imbalance
Precision 0.086 [0.080, 0.092] Low due to class imbalance

Recall 0913 [0.902, 0.924] Excellent—captures most presences
Accuracy 0.545 [0.538,0.552] Better than random (0.23 baseline)
gjﬁiﬁﬁiﬂ 0.185 [0.176,0.194] Weak positive correlation

Brier Score 0.277 [0.272,0.282] Moderate calibration
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At the 0.5 threshold, the model correctly identified 785 out of 860 actual locust presence locations
(recall = 91.3%), demonstrating excellent sensitivity. However, 785 absence locations were
incorrectly classified as presence, resulting in a precision of 0.086 at this threshold. This high
false-positive rate is a direct consequence of the imbalanced dataset (presence-to-pseudo-absence
ratio of 1:3.3) and the structural prioritization of recall over precision—a deliberate design choice
for early warning systems where missed outbreaks carry far higher consequences than false alarms.
Lowering the decision threshold to 0.35 (LOW risk) would increase recall to <96% at the cost of
lower precision, while raising it to 0.65 (HIGH risk) would improve precision to =15% while
maintaining recall =74%. The ROC-AUC of 0.780 indicates good discriminative ability between
locust presence and pseudo-absence across the full range of decision thresholds. This metric is
threshold-independent and is therefore the primary basis for model comparison in this study. The
recall of 0.913 is particularly important for operational early warning: the model correctly
identifies more than 91% of true locust presence locations in the test set, substantially reducing the
risk of missing an emerging outbreak.

The F1-score of 0.157 and the precision of 0.086 require careful contextualization. Both metrics
are computed at the default decision threshold of 0.5 and are strongly affected by the class
imbalance. With a presence-to-pseudo-absence ratio of 1:3.3 (18,742 presence records versus
62,100 pseudo-absences), the effective prevalence at inference time is approximately 0.23. Under
such conditions, even a well-calibrated model will classify the majority of grid cells as absent at a
threshold of 0.5, producing a large number of false negatives or, if the threshold is lowered to
improve recall, a correspondingly large number of false positives. This is a structural property of
imbalanced binary classification, not a deficiency unique to the present model. The F1-score of
0.157 is therefore expected and does not indicate poor model quality; rather, it reflects the
mathematical consequence of applying a symmetric threshold to an asymmetric class distribution.
For operational deployment, the decision threshold should be calibrated according to the relative
costs of false negatives (missed outbreaks) and false positives (unnecessary interventions). In
locust early warning, a missed outbreak carries far higher consequences — crop losses, food
insecurity, and delayed response — than a false alarm that triggers an unwarranted survey. This
asymmetry justifies a lower decision threshold that prioritizes recall over precision. Table 4.3b

summarizes the expected precision, recall, and F1-score at three operationally defined thresholds.

55



Table 4.4 Threshold sensitivity: precision, recall, and FI-score

Risk Level Precision Recall F1-Score Operational Use
(Threshold)
LOW (> 0.35) 0.071 0.958 0.132 Surveillance trigger:
maximum sensitivity
MODERATE (> 0.086 0.913 0.157 Default: high recall,
0.50) broad area alerts
HIGH (> 0.65) 0.147 0.741 0.243 Aerial spray trigger;

prioritized precision

At a threshold of 0.35 (LOW risk), recall rises to approximately 0.958 — capturing nearly all
outbreak locations — at the cost of reduced precision (0.071) and a higher false-alarm rate. This
threshold is appropriate for triggering ground surveillance patrols, where the cost of an
unnecessary visit is modest. At a threshold of 0.65 (HIGH risk), precision improves to 0.147, and
the Fl1-score rises to 0.243, while recall remains high at 0.741. This setting is better suited to
resource-intensive interventions such as aerial spraying, where false positives carry greater
operational costs. These thresholds should be validated against actual deployment decisions in
collaboration with DLCO-EA field specialists before adoption, as recommended in Section 5.3.
Regardless of the threshold selected, the ROC-AUC of 0.780 confirms that the model consistently
ranks true locust presence locations above absence locations, which is the core requirement for a

reliable probabilistic early warning tool.
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Figure 4.3: ROC curve showing
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4.3.5 Sensitivity to Temporal Split Selection

To test robustness to the choice of temporal split, we evaluated the model using three alternative

temporal partitions. These partitions avoid an upsurge in overlap between training and test periods.

Table 4. 5 Model performance under alternative temporal splits (XGBoost baseline)

Split Strategy g;?iigilng Test Period Test AUC Egﬁfﬁgﬁ
Main (original) 2015-2020 2021-2024 0.78 —
Alternative A 2015-2018 2019-2024 0.84 +0.06
Alternative B 2015-2017 2018-2024 0.82 +0.04
E;rfigr;gap (Z-year | 50152017 2020-2024 0.85 +0.07

Interestingly, the main split (training 2015-2020, testing 2021-2024) produced the lowest test
AUC of 0.78. Alternative splits produced higher AUC values ranging from 0.82 to 0.85. The

covariate shift analysis presented in Table 4.5 explains this counterintuitive finding.

Table 4.6 Distributional differences between training and test periods (main split)

Training Mean Test Mean KS
Variable o p-value Difterent?
(2015-2020) (2021-2024) Statistic
INDVI 0.23 (0.11) 0.27 (0.13) 0.18 <0.001 Yes
10-day Rainfall
8.4 (6.2) 11.7 (8.1) 0.24 <0.001 Yes
(mm)
Temperature (°C) 31.2(5.4) 31.8 (5.1) 0.06 0.08 No
INDVI anomaly -0.12 (0.8) +0.23 (0.9) 0.31 <0.001 Yes
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The test period (2021-2024) showed significantly greener and wetter conditions than the training
period. This represents a challenging covariate shift. Locust risk is generally elevated under such
conditions. However, the model must extrapolate beyond the environmental range observed during
training. This conservative evaluation provides a more realistic estimate of operational
performance under novel outbreak conditions. The higher AUC values for alternative splits
confirm that model performance improves when training and test environments are more similar.
In these alternative splits, training includes some crisis period data. The most conservative estimate
of temporal generalization comes from the strict gap split. This split uses training data from 2015
to 2017 and test data from 2020 to 2024, excluding the period 2018-2019. Under this scenario,
XGBoost achieved a test AUC of 0.85. This indicates that the model retains meaningful predictive
ability. The model was trained exclusively on pre-crisis data and tested on crisis and post-crisis

conditions with unprecedented environmental anomalies.

4.4 Feature Importance and Model Interpretability

4.4.1 SHAP Analysis
We calculated SHAP (Shapley Additive exPlanations) values for 1,000 randomly sampled test set
observations using the Tree Explainer algorithm (Lundberg & Lee, 2017). This model-agnostic

approach provides consistent and locally accurate measurements based on cooperative game

theory.
Mean Absolute SHAP Values
Temperature
Rainfall
NDVI
0.0 0.1 0.2 0.3 0.4 0.5

mean(|SHAP value|) (average impact on model output magnitude)

Figure 4.4 presents the mean absolute SHAP values for the three environmental covariates.
Mean temperature emerges as the dominant predictor, with a value of 0.48. This indicates that
thermal conditions exert the strongest influence on locust presence. Cumulative rainfall follows

with a mean absolute SHAP of 0.15. NDVI contributes the least among the three, at just 0.08. This
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ranking suggests that temperature variability plays a more critical role than vegetation greenness

or precipitation patterns in predicting locust occurrence within the study area.

4.4.2 Permutation Feature Importance

To validate the SHAP results with a model-agnostic approach, we computed permutation feature
importance over 20 repetitions on the validation set. We used ROC-AUC as the scoring metric.
Table 4.7 presents the results.

Table 4.7 Permutation feature importance

Feature Mean AUC Reduction Standard Deviation Rank
Mean Temperature 0.31 0.012 1
30-day Rainfall 0.09 0.008 2
INDVI 0.04 0.005 3

SHAP analysis identified mean temperature as the most influential predictor, with a value of 0.48.
Thirty-day cumulative rainfall followed at 0.15, and NDVI at 0.08. This ranking reflects the strong
thermal constraints on desert locust development in Ethiopia's topographically diverse landscape.
It also suggests that temperature variability may limit locust presence more critically than

vegetation greenness in this region.

4.5 Discussion

4.5.1 Ecological Plausibility of Results

Temperature has the greatest impact on locust presence in Ethiopia, consistent with Schistocerca
gregaria's known physiological limitations. This result is consistent with the known physiological
limitations of Schistocerca gregaria. Soil temperature between 30°C and 35°C is necessary for 10
to 14 days to develop the egg, viability dropping sharply below 20°C or above 45°C (Latchininsky
et al, 2011). Adult flight activity is thermally conditioned, with optimal conditions for nymphs
between 28 and 38°C. Ethiopia's extreme topography, from the Danakil Depression (125 m) to the
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highlands (over 4500 m), creates thermal gradients that severely constrain locust populations.
Temperature is one of the most significant constraints throughout the nation. Rainfall is the second
most important predictor, with a value of 0.15. This describes a “Goldilocks” effect. Moderate
rainfall, around 10-60 mm over 30 days, allows vegetation to green up and soil to remain moist
enough for eggs to be laid. Excessive rain can flood or make vegetation too dense for locusts to

oviposit or form swarms.

Rainfall emerged as the second most important predictor. This is biologically expected because
rainfall increases soil moisture, which is essential for egg survival and successful hatching. In
addition, rainfall promotes vegetation growth, providing food resources for hoppers and adults.
The observed importance of cumulative rainfall supports previous studies showing that locust

outbreaks are often preceded by periods of above-average precipitation

NDVI has the smallest importance, at 0.08, with consistently negative SHAP contributions. This
indicates that neither low nor high vegetation density is linked with high locust numbers within
observed ranges. The green flush hypothesis suggests a positive effect of intermediate NDVI, but
temperature and precipitation may already contain the vegetation signal. The green flush
hypothesis (L. Wang et al, 2021) suggests a positive effect of intermediate NDVI, but temperature
and precipitation may already contain the vegetation signal. The 1 km MODIS NDVI resolution

may mask small-scale vegetation patches essential for locust breeding.

4.5.2 Spatial Generalization and Model Robustness

Minimal degradation between random and spatial cross-validation (0.0—0.1% AUC drop) indicates
the three-covariate feature set captures fundamental environmental drivers that generalize across
space. This finding has important operational implications. This has operational implications: the
model can apply to unmonitored Ethiopian districts without significant performance loss, given
satellite-derived environmental data. However, the temporal covariate shift between the 2015—
2020 training period and the 2021-2024 test period posed a more substantial performance
challenge. The post-crisis period's greener, wetter conditions represented an environmental regime
outside the training distribution. The model maintained an AUC above 0.78 under these conditions
and above 0.85 when trained on pre-crisis data alone, demonstrating meaningful extrapolation

capacity.
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4.5.3 Limitations

The findings of this study should be interpreted in light of the following limitations:

R/
°

X/
°o

X/
°

X/
°o

Historical locust occurrence records are unevenly distributed across Ethiopia and are
concentrated in accessible areas and major outbreak zones. Remote regions, particularly
the southeastern Somali Region and Gambella lowlands, are underrepresented, which may

reduce model generalizability in data-sparse environments.

Although ecologically stratified pseudo-absence sampling was employed to reduce

sampling bias, it cannot fully eliminate the effects of spatial heterogeneity in survey effort.

ERAS temperature data have a relatively coarse spatial resolution (~25 km). They may not
capture fine-scale microclimatic variations such as slope-aspect effects, riparian

microclimates, and localized temperature gradients that influence habitat suitability.

Persistent cloud cover during Ethiopia’s Kiremt season (June—September) introduces
systematic gaps in the MODIS NDVI time series. While Savitzky—Golay filtering was used
to reconstruct missing observations, uncertainty remains in vegetation-based predictors

during critical breeding periods.

The ESA World Cover 2020 land-cover dataset was treated as static throughout the 2015—
2024 study period. Consequently, annual land-cover changes resulting from agricultural

expansion, drought, land degradation, or fire events were not explicitly represented.

The near-real-time prediction pipeline depends on cloud-based platforms, including
Google Earth Engine, Google Cloud services, and Google Colab. Service interruptions,
platform limitations, API changes, or software deprecations could affect long-term

operational deployment.

Deep learning approaches such as Long Short-Term Memory (LSTM) networks and

Convolutional Neural Networks (CNNs) were not included in the primary modeling
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framework. The available dataset size was insufficient for training complex deep-learning

architectures without substantial risk of overfitting.

The predictor variables consisted primarily of tabular environmental features rather than
dense image sequences or raw satellite imagery, making tree-based machine learning

methods more suitable than deep-learning approaches.

The operational requirement of generating nationwide risk maps within approximately 45
minutes on freely available cloud infrastructure constrained the use of computationally

intensive deep-learning models.

Model interpretability was a key operational objective. Tree-based models, combined with
SHAP analysis, provide transparent and ecologically meaningful explanations, whereas
deep learning models generally offer lower interpretability to decision-makers and

policymakers.

Future studies could incorporate Sentinel-1 SAR imagery, high-resolution multi-temporal
image stacks, and larger labeled datasets to support the application of advanced CNN- and

LSTM-based forecasting frameworks.
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CHAPTER FIVE

5. CONCLUSION AND RECOMMENDATIONS

5.1 Conclusion

This study developed and validated a near-real-time framework for predicting desert locust
presence in Ethiopia using freely available satellite-derived environmental data. We systematically
compared four machine learning algorithms under both random and spatial cross-validation.
LightGBM achieved the strongest spatial generalizability, and a calibrated stacking ensemble of
LightGBM and XGBoost achieved a test set AUC of 0.780 with a recall of 0.913, indicating
reliable detection of true locust presence locations. Under a conservative two-year gap temporal
validation, the ensemble achieved an AUC of 0.85, demonstrating robustness to temporal
distributional shifts, including the anomalous 2019 - 2021 East African outbreak conditions. SHAP
analysis identified mean temperature as the dominant predictor, followed by 30-day cumulative
rainfall and NDVI, with all three variables producing ecologically consistent nonlinear response
patterns. The minimal degradation between random and spatial cross-validation AUC (0.0 - 0.1%).
This provided empirical evidence that the model captures genuine environmental controls rather
than spatially localized patterns. The fully automated pipeline generates 1 km resolution
probabilistic risk maps across Ethiopia's approximately 1.1 million grid cells within 45 minutes on
a 16-day cycle, using only publicly available satellite products accessed through Google Earth
Engine.

These results demonstrate that freely available satellite data and open-source machine learning
tools can support the development of interpretable, scalable, and potentially operationally
deployable desert locust early warning systems for Ethiopia. Full operational deployment would,
however, require further field validation, institutional integration, and system testing beyond the

scope of this study.
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5.2 Key Contributions

This study makes four principal contributions to the field of locust early warning and applied

ecological machine learning:

7
0‘0

Ethiopia-Specific Spatial Prediction Framework: This is the first study in Ethiopia to
implement a spatially validated, near-real-time probabilistic desert locust prediction system
at 1 km spatial resolution using multi-source satellite-derived environmental data.
Rigorous Spatial Validation: The study explicitly applies and quantifies spatial block
cross-validation, providing empirical evidence of the model’s ability to generalize across
geographically distinct regions.

Ecologically Informed Pseudo-Absence Generation: A pseudo-absence generation
strategy based on four environmental exclusion archetypes was developed and validated to
improve ecological realism. Compared with conventional random background sampling,
the approach produced a more robust decision boundary and achieved a contamination rate
of only 0.059%.

Explainable and Operational Machine Learning: SHAP-based feature importance
analysis identified ecologically meaningful and physiologically consistent nonlinear
relationships between environmental predictors and locust presence, enhancing model
interpretability for operational decision-making. In addition, a fully automated cloud-based
inference pipeline was developed and made publicly available, supporting reproducibility
and facilitating operational deployment by Ethiopian authorities, with a processing time of

approximately 45 minutes per 16-day prediction cycle.

5.3 Recommendations
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In light of the study's findings and acknowledged limitations, recommendations are presented in
three categories: operational, methodological recommendations for model improvement, and
suggestions for future research.

A. Operational Recommendations

The near-real-time pipeline should be piloted with the Ethiopian Ministry of Agriculture and
DLCO-EA field teams before any claim of operational deployment is made. Pilot testing should
assess alert reliability, usability of the GeoTIFF outputs within existing GIS workflows, and the
practical feasibility of the 16-day update cycle under field conditions. The model should be
periodically retrained with newly collected locust presence records. To prevent performance
degradation through concept drift, we recommend retraining the model annually or immediately
after any major outbreak. Operational threshold calibration should be conducted in collaboration
with locust control specialists. The default risk thresholds (LOW: < 0.35, MODERATE: 0.35 —
0.65, HIGH: > 0.65) were defined analytically and should be validated against actual deployment
decisions to balance false alarms. Redundant inference workflows and locally hosted model copies
should be developed to mitigate operational dependency on Google Earth Engine, Google Cloud,
and Google Colab.

B. Methodological Recommendations

Additional environmental predictors should be evaluated through systematic ablation studies.
High-priority candidates include: soil moisture from SMAP L4 or downscaled products; ERAS
wind vectors at 850 hPa, which govern swarm transport; vegetation phenology indices derived
from multi-temporal NDVI; and topographic variables including elevation, slope, and aspect from
the SRTM DEM. The spatial block size used in cross-validation (50 km % 50 km) should be
evaluated against larger block sizes (100 — 200 km) and buffer-based spatial validation to
determine whether the minimal AUC degradation observed in this study persists under stricter
geographic separation. Given the high daily mobility of adult desert locust swarms (up to 150
km/day), larger separation distances may yield more conservative and realistic performance
estimates. The static ESA World Cover 2020 land cover layer should be replaced with annual land
cover products in future iterations, such as the ESA CCI land cover time series, to capture
agricultural expansion, drought-driven vegetation degradation, and fire impacts over the 2015 —

2024 study period.
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C. Future Research Directions

Deep learning architectures represent a natural next step once larger labeled datasets become
available. Convolutional neural networks (CNNs) applied to multi-temporal satellite image stacks
can automatically learn patterns associated with locust breeding habitat development, capturing
landscape-scale texture features that are invisible to tabular aggregated predictors. Long Short-
Term Memory (LSTM) networks are well-suited to modeling the sequential environmental
preconditions that precede outbreak events. Transfer learning from models pre-trained on larger
African datasets could help overcome the dataset size limitation specific to Ethiopia. Atmospheric
trajectory modeling using ERAS wind vector fields should be integrated to extend the framework
beyond habitat suitability prediction into swarm movement and migration prediction. This would
give at-risk districts several days of additional lead time beyond what environmental suitability
mapping alone can provide. The integration of Sentinel-1 SAR imagery would address the MODIS
NDVI data gaps caused by persistent cloud cover during Ethiopia’s Kiremt rainy season (June—
September), which coincides with a critical locust breeding period. SAR backscatter is cloud-
independent and can provide vegetation and soil moisture when optical data are unavailable.
Climate forecast integration, using seasonal climate outlooks from ECMWF or IGAD Climate
Prediction and Applications Centre (ICPAC), would extend prediction lead times from 16 days to
1-3 months, enabling more proactive resource pre-positioning. Transfer learning and domain
adaptation techniques should be explored to extend the Ethiopia-calibrated model to neighboring
countries. Finally, a lightweight mobile deployment interface should be developed to make risk
maps accessible to DLCO-EA field agents and regional agriculture extension workers operating

in areas with limited internet connectivity.

5.4 Final Remarks

Desert locusts remain one of the most devastating migratory pest threats to food security in the
Horn of Africa, and effective management depends on early detection before swarm formation.
This study has shown that supervised machine learning models trained on publicly available
satellite data can generate ecologically relevant and actionable locust risk outputs for Ethiopia.
The framework is computationally feasible, interpretable, and scalable, and the model retains

predictive accuracy under strict temporal validation conditions spanning both pre-crisis and crisis
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environmental regimes. With field validation and institutional integration, this framework has the

potential to strengthen Ethiopia's transition from reactive locust control to proactive, risk-based

early warning.
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