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Abstract

There is an urgent need for mathematical models that can be used to inform the deployment

of surveillance, early warning and management systems for transboundary pest invasions.

This is especially important for desert locust, one of the most dangerous migratory pests for

smallholder farmers. During periods of desert locust upsurges and plagues, gregarious

adult locusts form into swarms that are capable of long-range dispersal. Here we introduce

a novel integrated modelling framework for use in predicting gregarious locust populations.

The framework integrates the selection of breeding sites, maturation through egg, hopper

and adult stages and swarm dispersal in search of areas suitable for feeding and breeding.

Using a combination of concepts from epidemiological modelling, weather and environment

data, together with an atmospheric transport model for swarm movement we provide a tool

to forecast short- and long-term swarm movements. A principal aim of the framework is to

provide a practical starting point for use in the next upsurge.

Author summary

There is a critical need for tools that can help manage and predict the spread of trans-

boundary pests, especially the desert locust, one of the most destructive pests for small-

holder farmers and pastoralists. During upsurges, desert locusts form massive swarms

that can travel long distances, causing severe damage to crops and natural vegetation. To

address this, we have developed an integrated modelling framework designed to predict

the behaviour of these migratory locust populations. The framework takes into account

the selection of breeding sites, the life cycle of the locust (from egg to adult), and the

movement of swarms as they search for food and breeding grounds. By combining tech-

niques from epidemiological modelling, weather forecasting, environmental data, and

atmospheric models, the tool is designed to forecast locust swarm movements in both the

short and long term. The ultimate goal of the framework is to provide a practical resource

that can be used to prepare for and respond to future locust upsurges.
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Introduction

Desert locust (DL) (Schistocerca gregaria) is one of the most dangerous migratory pests for

agricultural and rangeland production [1], making control a priority for food security in many

regions [2]. The period 2019-2021 was marked by one of the largest DL upsurges over two

decades, which saw DL invasion extending from Kenya to India [3, 4]. Mathematical models

have previously been developed and used to assess particular aspects of locust dynamics. These

include: collective motion of gregarious locusts [5–8], longitudinal flight dynamics [9, 10], for-

aging behaviour [11, 12], phase transitions between solitarious and gregarious forms [13–16],

forecasting gregarization areas [17], climate change role on gregarization [18], population

dynamics [19–21], and influence on crop production [22, 23]. Recently, data analytics meth-

ods, such as regression and machine learning, have been applied to predict breeding areas of

DL [24–28], potential habitat areas of DL [29–32], presence of DL [33–43], the incidence of

locust upsurges [44], and migratory routes of locust swarms [45]. They have also been applied

to detect DL impact on vegetation senescence [46], cropland damage [47] and socio-economic

implications [48]. Major challenges remain in spatiotemporal forecasting of DL, in particular

to predict the long–range movements of swarms. The dispersal ability of swarms is a key ele-

ment in assessing the risks to crop and pasture land and in optimising the management of DL

[49, 50].

The current practice for predicting swarm movement relies heavily on expert opinion to

integrate data from surveillance, past knowledge of DL behaviour, current and predicted wind

movements. Since its inception by FAO approximately 50 years ago, the DL early warning sys-

tem has been successful in reducing the severity and impacts of DL upsurges during that

period [51–53]. New technologies including computational modelling, remote sensing and

crowd-sourcing are being progressively incorporated into the FAO early warning system for

DL. During the recent 2019-21 DL upsurge, near real–time outputs from weather-driven

atmospheric transport models, adapted to model DL swarm dispersal, were used to improve

predictions of areas at risk. These innovations included twice-weekly forecasts of likely swarm

movements using NAME (the Numerical Atmospheric-dispersion Modelling Environment,

[54]) provided by the UK Met Office [55] and a web–based app for forward or backward simu-

lation of swarm movement based on air trajectories from the Hybrid Single-Particle Lagrang-

ian Integrated Trajectory (HYSPLIT) model, provided by the US National Oceanic and

Atmospheric Administration (NOAA) [56]). The availability of atmospheric transport models

for wind-assisted dispersal of DL provides a valuable tool for analysis (using historic weather

data) and prediction (using forecast weather and surveillance data) of long-distance swarm

movements. Atmospheric transport models have previously been used to analyse the migra-

tory trajectories of insects, including the annual migration of painted lady butterflies [57], sea-

sonal migration of fall armyworm moths [58] and midge flight activity [59]. The NAME

model also underpins a successful, near real-time, weather-driven, early warning system for

long-range dispersal of wheat rust spores [60] initially deployed in Ethiopia [61] and now

extended to South Asia [62].

In the current paper, we introduce and test a spatially explicit and stochastic compartmental

framework that follows gregarious locust populations through egg, hopper and adult stages as

they develop, mature, and disperse in search of areas suitable for feeding and breeding. We

consider a domain extending across five sub-Saharan countries (Kenya, Ethiopia, Somalia, Eri-

trea and Djibouti) that were affected by the 2019-21 DL upsurge and we focus on gregarious

populations because these pose the largest threat to livelihoods [63]. The framework builds on

epidemiological modelling concepts [64] and an atmospheric transport model for swarm

movement. The framework takes account of surveillance data for input, as well as dynamically
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changing conditions that affect the availability of vegetation for locust feeding. It is designed

for analysis and prediction at country-wide and regional scales, with a spatial resolution of 1

km × 1 km.

The principal aim of the work is to provide a novel integrated modelling framework that

can be used as a practical starting point for use in the next upsurge to inform surveillance and

control. Specifically we address the following topics:

• construction of a modelling framework that integrates DL breeding, development through

egg, hopper and adult stages, feeding and swarm migration;

• characterisation of breeding sites using a combination of site-specific static and dynamic

variables to predict egg-laying, hopper and adult development leading to DL swarming;

• incorporation of weather-driven models for wind trajectories to predict daily pathways of

swarm migration;

• use of remote-sensed data to predict the duration of swarm feeding at a single location given

the state and availability of vegetation for feeding;

• use of the modelling framework to analyse and predict: (i) long–distance, seasonal move-

ment of swarms, e.g. to reach Kenya from breeding sites in Somalia; (ii) short–term forecast-

ing of swarm movements.

We also address the question of how to assess flight direction and likely origin and landing

sites for swarms observed in flight.

Materials and methods

Modelling framework overview

We assumed that DL populations can be in one of three non-overlapping life-stages, also called

compartments: eggs, hoppers (nymphs) and adults (Fig 1). Each compartment has different

ecological requirements and responds differently to environmental conditions, such as cli-

mate, soil and vegetation [65]. The model operates on a gridded landscape at a resolution of 1

km × 1 km over one day time steps and represents three main processes: (i) the biology and

behaviour of DL; (ii) meteorological and environmental conditions; and (iii) wind–assisted

migration of DL swarms. We restricted the model to dynamics of gregarious locusts, as these

pose the largest threat to livelihoods [63]. As the model focuses on gregarious swarm behaviour

and movement, we have not accounted for transitions between solitarious and gregarious

phases observed in DL.

Study area

We consider a domain extending across five sub-Saharan countries (Kenya, Ethiopia, Somalia,

Eritrea and Djibouti) that were affected by the 2019-21 DL upsurge (Fig A in S1 Appendix). In

accordance with our study area, our simulations were restricted to longitudes 30˚ to 55˚E and

latitudes 5˚S to 20˚N.

Datasets

The data used encompass a diverse range of spatial and temporal resolutions. We chose a spa-

tial resolution of the modelling framework to be 1 km × 1 km (Fig D in S1 Appendix). The

framework could be formulated at any required spatial resolution, but we deemed that 1 km

was suitable for biological and migratory processes under consideration. Datasets were
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upscaled or downscaled to the spatial resolution of 1 km. The exception was for the data used

to calculate breeding suitability on the Google Earth Engine (GEE) platform [66] (elevation,

sand and clay content in the soil), which were used at their native resolution (90-250 m). The

GEE platform has built-in capabilities to handle data at different scales.

• DL surveys. Surveillance data on desert locust reports were obtained from the FAO Locust

Hub website [67]. We extracted all records dated between 1st January 2010 and 1st July 2021

with locations within the study area. The repository has data assigned to the following clas-

ses: ‘Hoppers’, ‘Adults’, ‘Bands’, ‘Swarms’, ‘Ecology’ and ‘Control’. The ‘Ecology’ class con-

tains records on ecological conditions at all visited sites irrespective of DL presence or

absence (Fig E in S1 Appendix).

• Elevation. The Shuttle Radar Topography Mission (SRTM) digital elevation dataset) [68]

was used for elevation. The resolution of the dataset was 90 m (Fig G in S1 Appendix).

• Sand and clay content in the soil. Sand content at 5 cm depth (weight percentage of the

sand particles (0.05-2 mm) and clay content at 5 cm depth (weight percentage of the clay

particles (< 0.0002 mm) were obtained from ISRIC soilgrids dataset) [69, 70]. The resolution

of the data was 250 m (Fig H in S1 Appendix).

• Land cover data. We extracted data for land cover classification from the Copernicus global

map of land cover at 100 m resolution (CLC100) [71]. Land cover maps represent spatial

information on different types of the Earth’s surface, e.g. urban areas, sparse vegetation, cul-

tivated vegetation. We downscaled the resolution to 1 km × 1 km (Fig I in S1 Appendix).

Fig 1. Conceptual diagram of the spatially explicit model that integrates the life cycle of desert locust, climate variables, remote sensing data, and

wind–assisted migration. Life cycle compartments are Eggs, Hoppers and Adults (green boxes), sub-models are Breed suitability, Development period,

Feeding capacity, Migration and Reporting (blue boxes). The model is restricted to the dynamics of gregarious locusts. The base layer of the map is

sourced from Natural Earth (https://www.naturalearthdata.com).

https://doi.org/10.1371/journal.pcbi.1012562.g001
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• The normalized difference vegetation index NDVI. We used 16-day averaged moderate-

resolution imaging spectroradiometer (MODIS) data (NASA LP DAAC at the USGS EROS

Center Terra Vegetation Indices 16-Day Global MOD13Q1.061) [72]. The data for Kenya,

Ethiopia, Somalia, Djibouti and Eritrea and dates in the range between 1st January 2019 and

1stJanuary2022 were downloaded from the Google Earth Engine platform [66] at 1 km × 1

km resolution (Fig J in S1 Appendix).

• Temperature, soil moisture and precipitation. The UK Met Office Numerical Atmospheric-

dispersion Modelling Environment (NAME) was used to model a wide range of atmospheric

dispersion events [73]. The predictions were driven using historic analysis meteorology data

from the global configuration of the Unified Model (UM) [73]. The UM provides 0-10 cm soil

moisture at 3 hourly time intervals on its native horizontal grid of approximately 10 km by 10

km (Fig K in S1 Appendix). We upscaled the resolution to 1 km × 1 km, by assigning each 10

km × 10 km grid value to all 1 km × 1 km cells within the larger cell.

• Wind trajectories. The Lagrangian atmospheric dispersion model NAME [54] was used to

calculate stochastic trajectories of potential wind-borne DL swarm migrations. Originally

developed by the UK Met Office to model the release, transport, dispersion and removal of

hazardous material in the atmosphere [54], NAME has subsequently been adapted to model

long-distance wind-borne transport of insect vectors of viral disease [59] and fungal spores

[60]. NAME wind trajectories were calculated starting from 3860 source locations spaced on

a regular 20 km × 20 km grid. For each day between 1st September 2019 and 31st December

2021 and the 3860 starting locations, 1000 individual trajectories were computed (Fig L in S1

Appendix). Trajectories commenced 2h after local sunrise and terminated 1 h before local

sunset [74]. This resulted in the generation of nearly 3.3 billion trajectories over the study

period, each providing highly-resolved data (longitude, latitude, height, pressure and tem-

perature) at a temporal resolution of 0.5 h. As wind trajectories follow turbulent atmospheric

flows, the height of wind trajectories varied with time and location, but were between 0 and

2000 m above the ground. Realisations of wind trajectories were calculated and stored as

Network Common Data Form (NetCDF) files.

Implementation of the modelling framework

The steps involved in execution of the framework are shown in Fig 2. The first step in model-

ling is to produce a breeding suitability map. Identifying breeding areas is important both for

monitoring situations for preventive management and for understanding potential DL migra-

tory patterns. The framework simulation starts with choosing a location and date for breeding.

Step two involves checking if environmental conditions at the specified location are suitable

for egg laying. If eggs are successfully deposited, then the model proceeds to step three. For

this, the egg incubation period leading to hopper emergence is calculated based on the temper-

ature at the location. If the egg incubation period is within a biologically viable range, we

assume that hoppers have hatched. Step four involves calculating hopper development period

leading to adult emergence and testing if conditions in terms of available vegetation, are suit-

able for DL feeding. The final step is dispersal and feeding of swarms, which involves analysis

of wind-assisted dispersal trajectories and testing how long vegetation available on a ground

can sustain a swarm at successive landing sites.

Components of the modelling framework

Pre-processing of NDVI. The NDVI is known to be correlated with photosynthetic char-

acteristics of plants [75] and is used to identify vegetation state at breeding and landing sites.

PLOS COMPUTATIONAL BIOLOGY A framework for modelling desert locust population dynamics and large-scale dispersal

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012562 December 19, 2024 5 / 27

https://doi.org/10.1371/journal.pcbi.1012562


As remote sensing data are usually noisy due to cloud cover and other factors [76], we applied

a Whittaker smoother for the NDVI time series analysis [77, 78], with the smoothing parame-

ter set to one (Fig M in S1 Appendix).

We calculated NDVI trends prior to the date of interest from which to infer whether there

was fresh vegetation available (increasing trend) for feeding or if the resource were diminish-

ing (decreasing trend) at landing sites. The time resolution of the NDVI series is 14 days. The

NDVI trend was assumed to be in one of three states: increasing NDVI values, constant NDVI

values or decreasing NDVI values. The NDVI trend was estimated in two steps. First, we used

the R package segmented [79] to calculate break-points of the smoothed NDVI curve during a

period of 150 days prior to the date of interest. Then we combined segments that had the same

direction of change, i.e. increasing NDVI value or decreasing NDVI value. The last segment

before swarm landing date then was used to define the NDVI trend (Fig N in S1 Appendix).

To find local peaks in a NDVI profile, we used the R repository ‘findPeaks’ [80]. A peak was

defined as a point such that m points either side of it have a lower or equal value to the point

and was assumed to indicate the onset of fresh vegetation. We set m = 2, which corresponds

to ± 1 month (Fig O in S1 Appendix).

Predicting suitability for breeding. We applied a machine learning approach to combine

environmental data with presence/absence reports of hopper/band in order to predict areas

suitable for DL breeding. We aggregated hopper and band occurrence records dated 2010-

2021 and denoted these as ‘presence data’. We cross-referenced locations in the ‘Ecology’ class

that had no reports of hoppers or bands within a 1 km radius and assigned these entries to

‘absence data’. Traditionally, trained surveyors monitor hopper and band presence using com-

mon practices employed by the FAO and national ministries [81]. Surveys are planned in tra-

ditional locust habitats or in places where locusts were previously reported [81]. In total, there

were 13,390 locations with hopper/band presence and 6,578 locations in which hopper/band

were absent. We used 80% of the data for model training and 20% of the data for model valida-

tion. Three static variables were used: elevation, sand content in soil at 5 cm depth, and clay

content in soil at 5 cm depth (breeding suitability sub-model in Fig 1). Similar concepts of pre-

dicting breeding regions have been applied previously using a range of factors, for example,

temperature, rainfall, sand and moisture contents [26]; soil moisture and soil texture [27], or

using soil moisture time series only [37].

Fig 2. Schematics of the modelling framework.

https://doi.org/10.1371/journal.pcbi.1012562.g002
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Calculations to produce maps of breeding suitability across the five countries in the domain

of interest were performed on the Google Earth Engine platform [66]. We used a Random For-

est [82] classifier with the following options: the number of decision trees was set to 100, the

number of variables per split was set to 2, the minimun leaf population (i.e. the end node) was

set to 2, and the initial seed was set to 0. The ‘Out-of-Bag’ error associated with prediction did

not decrease significantly when the number of decision trees was set higher than 100, in accord

with results for random forest methods reported by [83]. The importance of covariates was

obtained by normalising the classifier importance values. The breeding suitability values were

adjusted to a 0-100 scale. We used the R package PresenceAbsence [84] for evaluating the

results of breeding suitability predictions based on validation data. For details see section S4 in

S1 Appendix.

Egg laying. We model a coherent unit of gregarious locusts at a similar developmental

stage, here at the stage of breeding and egg laying. First, we determined if the location was suit-

able for egg laying by drawing a number from a uniform random distribution and testing if

the number was smaller than the breeding suitability value for the location (transition from

adults to eggs in Fig 1). A second condition that there was sufficient moisture in the soil for

egg laying required either a precipitation event (precipitation > 0) or soil moisture to be above

12 mm, at any time 24-48 hours prior egg laying [27, 85]. For details see section S5 in S1

Appendix.

Development from eggs to hoppers. The percentage daily development of eggs can be

expressed as a function of temperature (in Celsius) [86]:

geggðTÞ ¼
9:41� expð� 0:00357 ∗ ð35:019 � TÞ2Þ; if 10 � T � 34;

0; otherwise:

8
<

:
ð1Þ

We used the UK Met Office NAME environment to provide temperature values at 3 hourly

time intervals (development period sub-model in Fig 1). The development period of eggs was

obtained by integrating Eq 1 until the first day it reached 100%. If the calculated egg develop-

ment period was within 11-50 days [87], we assumed that egg development to hoppers was

successful, otherwise it was assumed to be unsuccessful. For details see section S6 in S1

Appendix.

Development from hoppers to adults. The percentage daily development of hoppers can

be expressed as a function of temperature (in Celsius) [88]:

ghoppðTÞ ¼
0:222� T � 3:166; if 23 � T � 32;

0; otherwise:

(

ð2Þ

We used the UK Met Office NAME environment to provide temperature values at three

hourly time intervals. The development period from hoppers to adults at each location follow-

ing hopper emergence was calculated by integrating Eq 2 until the first day it reached 100%.

Here we assume that when locusts reach the adult stage they have sufficient fuel (fat) for long-

duration flight. If the calculated hopper to adult development period was within 24-95 days

[88], we assumed that adult emergence i.e. fledging was successful. A second criterion for the

development of hoppers to adults involved the availability of vegetation (transition from hop-

pers to adults in Fig 1). Hoppers are known to prefer fresh vegetation for feeding [89]. Envi-

ronmental conditions for hopper feeding and subsequent fledging as adults were deemed to be

suitable in our model if either of two conditions were satisfied during the hopper development

period: (i) smoothed NDVI was increasing; or (ii) smoothed NDVI was above a threshold. The

NDVI threshold of 0.09 was chosen for the Red Sea region: for other regions, the threshold can
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be changed, for example a value of 0.14 has been proposed for Mauritania in the western Sahel

[90, 91]. For details see section S7 in S1 Appendix.

Estimating feeding capacity at swarm landing sites. The aim was to evaluate how vegeta-

tion at swarm landing sites could satisfy feeding requirements of a swarm and to translate that

into a potential feeding period for a swarm at a given location. We assumed that a swarm stays

at a location for as long as there is vegetation for feeding and then embarks on long-distance

windborne movement. To derive rules for estimating feeding periods, we: (i) analysed the rela-

tionship between land cover types and NDVI values within the study area; (ii) reviewed the lit-

erature for information on the relationship between land cover type, NDVI, and above ground

biomass; and (iii) reviewed the literature for information on food requirement for an average

swarm.

We investigated three factors that were considered to be important when determining food

availability: land cover type, the current value of NDVI (vegetation density), and NDVI trend

(increasing, decreasing or constant) at a swarm landing site (feeding capacity sub-model in Fig

1). We aggregated vegetation classes in the Copernicus global map CLC100 into four groups:

(i) bare/sparse vegetation, under the name sparse vegetation); (ii) shrubs, herbaceous vegeta-

tion and herbaceous wetland, under the name shrubs; (iii) cultivated and managed vegetation/

agriculture, under the name cropland; and (iv) closed forests (5 classes) and open forests (6

classes), under the name forest. Depending on the value of the NDVI, the vegetation state on

the ground was classified into six classes [92]: no vegetation (NDVI<0), lowest density (NDVI

2 [0, 0.15)), lower density (NDVI 2 [0.15, 0.3)), dense vegetation (NDVI 2 [0.3, 0.45)), higher

density (NDVI 2 [0.45, 0.6), highest density (NDVI 2 [0.6, 1]). We collated typical ranges of

above ground biomass corresponding to a particular land cover type and NDVI range from

the literature. Next, we extracted from the literature the amount of food consumed by a

swarm. Based on the values of these factors, we derived rules for estimating feeding periods at

a swarm location (see Section below for further details). Briefly, we aligned potential amount

of above ground biomass with a typical range of food consumed by a swarm. Finally, we

divided feeding periods into three classes: short stay (1-2 days), medium stay (2-4 days), and

long stay (4-7 days) based on land cover type, NDVI trend (increasing, decreasing or constant)

and vegetation state (value of NDVI). For additional details see section S8 in S1 Appendix.

Simulating movement of swarms. To simulate day to day movement of swarms, a single

NAME wind trajectory was sampled from the pre-calculated 1000 trajectories for a given loca-

tion (migration sub-model in Fig 1). We assumed that the propensity of a swarm to start flying

in the upcoming days depended on food availability i.e. feeding capacity at the swarm location.

Swarms start flying 2h after local sunrise and terminated their flight 1 h before local sunset

[74]. On the morning of the day a swarm flies, we searched for the closest grid coordinates,

randomly selected a single trajectory and translated the corresponding wind trajectory to start

at the required location (Fig EE in S1 Appendix). The whole swarm takes to the air two hours

after sunrise and starts to settle about an hour before sunset [93]. We assumed that swarms

move downwind with ground speed equal to wind speed [94].

Instances of windborne displacements of DLs from Africa to the Caribbean and South

America have been reported, but these events are extremely rare and require specific meteoro-

logical conditions, such as temperature inversion with very warm air between 400 and 1600 m

above sea level [95, 96]. We assumed that during the period we are interested in conditions

were not suitable for inter-continental transport, so wind trajectories leading to the ocean

were stopped at the closest grid cell on land.

Characterising wind trajectories for long-distance swarm dispersal. An overarching

aim was to identify time periods when wind direction was suitable for swarms to reach Kenya

from breeding sites in Somalia. We chose locations that could act as stepping stones for swarm
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movement. Analysis was done as in [97]. We calculated the angle between a vector corre-

sponding to the East direction and a vector connecting the start and end location of a trajec-

tory. This was repeated for all wind trajectories from January 2020 till December 2021. Next

we fitted the von Mises distribution to daily wind trajectories in chosen locations. The von

Mises distribution has two parameters: the directional mean and concentration. Finally, we

plotted temporal change in values of fitted parameter. For details see section S9 in S1

Appendix.

Testing the model performance

The principal test of the model performance was to assess how well the model components fit

together to mimic observed patterns of the DL upsurge during 2019-2021 and to reproduce

long-distance movements of DL swarms during the upsurge. We simulated breeding, hopper

and swarm emergence in Somalia during September 2020 and assessed whether simulations of

subsequent swarm migration and feeding were consistent with the reported observations of

swarms arriving in Kenya, between four and five months later. In the absence of detailed

observational data on the individual components, the outputs (breeding site maps, develop-

ment rates, seasonal consistency of wind direction, and sources of food) for each component

were assessed against published data and expert knowledge.

To test the performance of the model in simulating long-distance swarm movement we

first ran model simulations from a limited breeding area in northeast Somalia in early Septem-

ber. We ran simulations, until 25 successful breeding, development and migration histories

were obtained. This was done to test if the model could simulate DL histories consistent with

observed reports, i.e. swarms reaching the northeast Kenya from mid December 2020 to mid

January 2021. Finally, to test the robustness of the model, we ran 1,000 model realisations from

an extended region in northern Somalia. This allowed us to draw maps for two statistics: the

expected date of arrival and the proportion of trajectories that visited a location. The expected

date of arrival was calculated as the median of the dates when trajectories visited a location.

Results

We first present results for the components of the modelling framework using meteorological,

remote-sensed and soil data for the period corresponding to the most recent DL upsurge in

East Africa (Sept 2019—Dec 2021). The components encompass breeding sites, nymph and

adult emergence, feeding potential at breeding and landing sites and wind-dispersed swarm

dispersal. Analyses were conducted at 1 km × 1 km resolution across the domain encompass-

ing Ethiopia, Kenya, Somalia, Djibouti and Eritrea. We then validate the modelling framework

by testing the ability of the integrated model to reproduce long-distance migration of DL

swarms from breeding sites in northern Somalia to reach Kenya based on surveillance data

from the 2019-2021 upsurge. Finally, we show how the model can be used for short-term fore-

casting of swarm migration using near real-time weather forecast data.

Areas suitable for breeding

The fitted model showed that all three covariates (Fig 3A) had similar importance for desert

locust breeding sites: with elevation accounting for 32% of the variation, sand content 34%,

and clay content 34%. A suitability map for desert locust breeding sites is shown in Fig 3B.

Using a normalised score of 0-100 our results indicate that 43% of 1 km × 1 km grid cells had

breeding suitability higher than 60, and 13% probability higher than 80 on a normalised scale

of 0-100. Fig 3C shows the area under the curve of the Receiver Operating Characteristic

(ROC) curve for the validation data set. We obtained the following accuracy statistics values:
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percent correctly classified = 0.83, sensitivity = 0.9, specificity = 0.71, and area under the

curve = 0.91. The map (Fig 3B) shows considerable heterogeneity within countries and across

the domain of interest. The general patterns are consistent with previously published maps e.g.

[26] but with higher degrees of spatial heterogeneity consistent with the resolution of the

model (Fig S in S1 Appendix).

Distribution of development periods for eggs to hoppers and hoppers to

adults

The spatial distributions of the duration of egg development to hoppers are shown in Fig 4A

for eggs deposited in the study area on 1st September 2019, 1st September 2020 and 1st Septem-

ber 2021. There was considerable variation in the development period from eggs to hoppers

across the domain but marked consistency in the spatial distributions on corresponding dates

in successive years: the average egg development period was 18.8 days for 2019, 19.1 days for

2020 and 19.0 days for 2021 (Fig 4B). The spatial distribution of the duration of hopper devel-

opment into adults also showed substantial spatial variation across the domain on a selected

Fig 3. Suitability for breeding. (A) Covariates used for predicting suitability of breeding: elevation, sand content and clay content. (B) Predicted

breeding suitability map. (C) Model validation (based on 20% of data retained from model training). The base layer of the map is sourced from Natural

Earth (https://www.naturalearthdata.com).

https://doi.org/10.1371/journal.pcbi.1012562.g003
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date (1st October) for three years (2019, 2020 and 2021) (Fig 4C). The average development

period from hoppers to adults was 48.5 days for 2019, 50.9 days for 2020 and 51.2 days for

2021 (Fig 4D).

Length of stay for swarms

The surface phenology of each land cover group was inferred from the temporal profiles of

NDVI [104] from which we inferred food availability and length the of stay at swarm landing

sites. Fig 5A shows smoothed NDVI profiles classified according to land cover type and vegeta-

tion state. We can identify certain characteristics of vegetation availability. For example, the

highest density of vegetation is possible only for forest and cropland classes.

We collated the available literature on ranges of aboveground biomass for different types of

land cover. Analysis based on mixed gardens showed that NDVI values between 0.73 and 0.85

correspond to the total carbon stock between 0.1 and 1.8 tonnes per 30 m × 30 m pixel [102].

The estimation of carbon content can be obtained by multiplying the result of aboveground

biomass measurements with a 47% conversion factor [105]. This allowed us to convert carbon

content back to aboveground biomass. For mangrove forest, NDVI values between 0.15 and

0.45 correspond to aboveground biomass between 1 and 26 kilograms per 5 m × 5 m pixel

[101]. For crops, NDVI values ranging from 0.4 to 0.9 correspond to aboveground biomass

between 0.5 to 5 tonnes per hectare [103]. For shrubs, NDVI values ranging from 0.05 to 0.7

correspond to aboveground biomass between 0 to 40 tonnes per hectare [100], and NDVI

Fig 4. Development periods. (A-B) Spatial distribution and histogram of egg development periods (DP) for September 2019, September 2020 and

September 2021. (C-D) Spatial distribution and histogram of hopper development periods (DP) for October 2019, October 2020 and October 2021.

Gray shows areas which are not suitable for development. The base layer of the map is sourced from Natural Earth (https://www.naturalearthdata.com).

https://doi.org/10.1371/journal.pcbi.1012562.g004

PLOS COMPUTATIONAL BIOLOGY A framework for modelling desert locust population dynamics and large-scale dispersal

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012562 December 19, 2024 11 / 27

https://www.naturalearthdata.com
https://doi.org/10.1371/journal.pcbi.1012562.g004
https://doi.org/10.1371/journal.pcbi.1012562


values ranging from 0.3 to 0.6 correspond to aboveground biomass between 4 to 7 tonnes per

hectare [99]. Fig 5B and 5C shows the ranges of NDVI and the ranges of aboveground biomass

scaled to tonnes per square kilometre for the four land cover types used in the analyses.

The daily feeding-rates of individual desert locust vary with age and activity: adults eat

roughly half their own weight (�1.0 g), while a migrating adult swarming locust would need

to eat its own weight and possibly three times as much (2.0 g—5.0 g) [106]. There is wide vari-

ability in estimates of the density and size of locust swarms: from 25 locusts per square metre

[106] to 109 locusts in a swarm covering an area of 20 square kilometres [107]. This gives a

range of locust density between 3.5 × 107 to 5 × 107 locusts per 1km2. If we assume that a locust

eats its own weight (�2.0 g), then the required amount of food consumed by a swarm per

square kilometre would be between 70 and 100 tonnes of plant material per day.

Based on the calculated amount of food consumed by a swarm and aboveground biomass

availability, we concluded that certain combinations of land cover type and NDVI characteris-

tics should provide food for swarms for up to 7 days. We divided the length of stay of DL

swarms into three classes: short stay (1-2 days), medium stay (2-4 days), and long stay (4-7

days). Fig 5D shows how length of stay depends on the situation on the ground. A snapshot of

Fig 5. Evaluating length of stay for swarms. (A) Smoothed NDVI profiles classified according to land cover type (sparse vegetation, shrubs, forest and

cropland) and vegetation state (highest density (HSD), high density (HD), dense vegetation (DV), low density (LD), lowest density (LSD). The

minimum NDVI is shown as a red dashed line. (B)-(C) Ranges of NDVI and aboveground biomass: sparse vegetation (a- [98]), shrubs (b- [99], c-

[100]), forest (d- [101], e- [102]) and cropland (f- [103]). (D) Length of stay for swarms depends on land cover type, NDVI trend (increasing, decreasing

or constant) and vegetation state (value of NDVI). Here short stay is 1-2 days, medium stay is 2-4 days, and long stay is 4-7 days. (E) Spatial distribution

of potential length of stay on 15th January 2021. The base layer of the map is sourced from Natural Earth (https://www.naturalearthdata.com).

https://doi.org/10.1371/journal.pcbi.1012562.g005
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the spatial distribution of potential length of stay on is shown for 15th January 2021 in Fig 5E.

The number of days a swarm stays and feeds was sampled from the range corresponding to the

class to which the location was assigned. For NDVI values less than zero, swarms would stay

only over night and start flying in the morning.

Modelling wind trajectories involved in swarm dispersal

We assume that DL swarms are aided by wind-dispersal. The sites for which 1000 individual

NAME trajectories were computed daily between 1st September 2019 and 31st December 2021

for each of 3860 source locations spaced on a regular 20 km × 20 km grid are shown in Fig 6A.

An illustrative set of trajectories for potential swarm dispersal from a single site on a single

release day is given in Fig 6B. The results of fitting the von Mises distribution to three sites (Fig

6C) are summarised in Fig 6D and 6E for for 2020 and 2021. Temporal changes in the direc-

tional mean show seasonal variation in global wind patterns, while the concentration serves as

a measure of stochasticity associated with natural variation in turbulent wind flow [97].

Changes in wind direction are evident (Fig 6D and 6E). The fitted mean direction values indi-

cate winds directed from the north between December and January across all three locations

in both 2020 and 2021. In contrast, during summer months the wind was directed from the

south at two locations, with high concentration values (>600) during most days.

Integrating the components to simulate breeding, nymph and adult

emergence, migration and feeding

We illustrate the integration of the model from a single site in north east Somalia and based on

a single randomly selected trajectory. Simulation was started by choosing the location and date

for breeding (Fig 7A). The date of egg laying was set as 1st September 2020. We checked if the

location was suitable for egg laying. For this particular location, the probability of being suit-

able for breeding was 0.65. The precipitation profile showed that there was an episode of rain

the day before (Fig 7B). Based on temperature values, the predicted date for hopper emergence

was 19th September 2020 (Fig 7C) with adult emergence on 28th November 2020 (Fig 7D).

Next, we tested if there was enough vegetation available for feeding. The values for NDVI were

above the threshold (� 0.09) during the time when hoppers hatched and became adults (Fig

7E). The final step involved migration of swarms, which involved testing how long the vegeta-

tion at the breeding site could sustain a swarm, which was a function of land cover and NDVI,

as well as swarms following prevailing winds. An example of a swarm migration pathway

together with landing sites and days stayed is shown in Fig 7F. We illustrate the state of vegeta-

tion at two landing sites shown in green and purple. Land cover type was shrubs for both sites.

For the first landing site, the smoothed NDVI profile suggested a medium feeding stay (Fig

7G). An ensemble of NAME wind trajectories from the landing sites on the 29th December

2020 (after 4 days of feeding) is shown in Fig 7H. Single trajectory was randomly selected to

advance swarm migration (shown in red in Fig 7H). At the new landing site, the smoothed

NDVI profile suggested short feeding stay (Fig 7I).

This analysis for integration of the framework is available as a tutorial using the R mark-

down language (see S12 in S1 Appendix).

Model output analysis

We chose two periods from the reported swarm locations [67]: (i) 1st September—1st October

2020; and (ii) 1st December 2020—15th January 2021. The locations of swarms during these

two periods are shown in Fig 8A. We chose a breeding time in September 2020, based on FAO

data and reports of the situation in the Horn of Africa [108]. We simulated locust breeding,
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Fig 6. Characterisation of wind trajectories involved in swarm dispersal. (A) Source locations for wind trajectories. (B) An example of NAME wind

trajectories on the 15th January 2021. The colour shows the difference in hours between points on a trajectory and the initial point. (C) Chosen

locations. (D) Distribution of daily wind direction at the three chosen locations shown in (C) during 2020-2021. (E) Daily values of fitted mean

direction (top row) and concentration (bottom row) at the three locations shown in (C) for 2020 and 2021. Mean directions from: South (S), East (E),

North (N), and West (W). A concentration value 1 is approximately a width of 140˚, and value 600 is approximately a width of 4.7˚. The base layer of

the map is sourced from Natural Earth (https://www.naturalearthdata.com).

https://doi.org/10.1371/journal.pcbi.1012562.g006
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development, feeding and dispersal using historic weather data from 1st September 2020 until

15th January 2021. The second period (1st December 2020—15th was used to test for arrival

times in Kenya, with progressive cycles of feeding and swarm dispersal between breeding and

later detection in Kenya. First, we ran simulations from a small breeding area, shown as a red

square in Fig 8B. This served as a pilot study and confirmed that the model can produce cases

in which the temporal and spatial dynamics are consistent with the situation recorded during

the actual DL upsurge.

Next, we extended the potential breeding area to cover a larger region corresponding to the

territory of Somaliland and north east Somalia (Fig 8C). This region has large areas with high

and others with low breeding suitability values Fig 3), so at least 30% of simulations were

Fig 7. Integrating the components of the framework. (A) Breeding location. (B) Precipitation and soil moisture up to 48 hours before egg laying. (C)

Temperature profile and change in development from egg to hopper. (D) Temperature profile and change in development from hopper to adult. (E)

Raw and smoothed NDVI profiles at the breeding site from July to December 2020. (F) Swarm movement pathway. Circles indicate landing sites, and

numbers show how long swarms stayed. (G) Raw and smoothed NDVI profiles at the location shown in green in (F) Date swarms were at the location is

13th December 2020. (H) NAME wind trajectories on the 29th December 2020 from the location shown in green in (F). The colour shows the difference

in hours between points on a trajectory and the initial point. (I) Raw and smoothed NDVI profiles at the location shown in purple in (F). Date swarms

were at the location is 18th December 2020. The base layer of the map is sourced from Natural Earth (https://www.naturalearthdata.com).

https://doi.org/10.1371/journal.pcbi.1012562.g007
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Fig 8. Model output analysis. (A) Locations of reported swarms from Locust Hub during two periods. (B) Simulated breeding, development and

migration of DL. Red rectangle indicates areas that were sampled as a breeding ground. Lines show simulated DL migration trajectories. Circles

indicate landing locations and are coloured according to the duration swarms stayed. Red curves indicate expected date when swarms reached a

particular area. (C) Sites where model simulations started on 1st of September. (D) Distribution of expected arrival dates. (E) Distribution of fraction of

simulations passing through grid cell. The base layer of the map is sourced from Natural Earth (https://www.naturalearthdata.com).

https://doi.org/10.1371/journal.pcbi.1012562.g008
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terminated at the early stages. Overall, conditions based on precipitation and soil moisture

were favourable for breeding and egg laying. Temperature values were favourable for egg

development, giving a development period between 11 and 16 days. That is consistent with

laboratory studies, in which the duration of the egg development period was 11-12 days at 35-

41˚C [87]. Our simulations indicated that the hopper development period had a wider range

(between 25 and 50 days). These results are in close agreement with those obtained from labo-

ratory experiments, in which the hopper development period varied from 25 days at a mean

temperature of 32˚C to approximately 50 days at 24˚C [109].

The seasonal variation of swarm migration is driven by the shift in the Intertropical Con-

vergence Zone [110]. Winds emanating from the north have been associated with DL dis-

placement from Somalia to Tanzania during multiple DL upsurges over the last century [86,

111]. Our simulations confirmed that wind conditions were favourable for long-distance

migration towards the southwest (Fig 8D). By considering a larger breeding area, we could

observe the effect of stochasticity arising from different initial locations on the subsequent

displacement of swarms. The destinations of migration pathways had locations ranging

between South Sudan and Tanzania. The spread of swarms reaching multiple countries is

not unusual, having been observed, for example, during the 2003-2005 desert locust upsurge

in West Africa [112].

Our analysis clearly shows that swarms originating from breeding sites in Somalia would

reach Kenya during the second half of December (Fig 8B–8D). The expected date of arrival

was similar across both the border between Somalia and Kenya, and the border between Ethio-

pia and Kenya. However, our simulations indicated differences in high risk areas, i.e. areas

that had higher frequency of trajectories reaching them due to converging wind trajectories

(shown in dark blue in Fig 8E). These areas were consistent with real-world swarm presence

between December 2020 and January 2021 (shown in Fig 8A). If the simulation had continued

beyond 15th January 2021, the swarms would have moved further to the west and reached

Uganda.

Short term prediction of swarm migration

Here we investigate how the model could be used for short-term (1-2 days) forecasting of

swarm migration. To mimic real-life conditions, we assumed that swarms are most likely to be

spotted and reported while they are flying between landing sites. Hence, the only data available

are the co–ordinate and date of the sighting, with no information about flight direction, which

is notoriously difficult for observers on the ground to assess [113], nor is it usually known

where a swarm has come from.

We considered a reporting location at the border between Somalia and northern Ethiopia

(Fig 9A). The forecasting of DL movement was simulated as follows. First we sampled

10,000 flight start coordinates within a 250 km radius around the reporting site. We sampled

a trajectory from each starting coordinate for the day of reporting. Only those trajectories

that passed within 5 km or closer to the reporting location were retained (see section S10.2

in S1 Appendix). The landing points of these trajectories could then be used to derive a risk

map of swarm locations at the end of the reporting day (dark blue trajectories in Fig 9B). If

the time-of-day of the swarm sighting was known, this could be incorporated as an addi-

tional filter into analysis and could provide a refined risk map. The modelling framework

can in principle be used to simulate locust migration and feeding for up to seven days in

order to mimic a seven-day weather forecast analogous to those used to forecast wheat stem

rust [61].
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Discussion

We have developed an integrated modelling framework to predict and analyse the population

dynamics and large-scale dispersal of desert locust, motivated by the recent (2019-2021)

upsurge in East Africa. The key features of our model are identification of suitable breeding

sites, which is combined with egg and hopper development, and swarm movement, which is

influenced by turbulent wind flow. The model also accounts for the feeding behaviour of DL,

where the duration swarms spend at a landing site is determined by the availability of food at

the site. Our aim was to provide a cohesive and comprehensive framework based on the avail-

able data and current understanding of DL biology. As new data emerge and knowledge devel-

ops, the framework provides an opportunity to advance the model by refinement of sub-

models.

Previous modelling studies on DL relied predominantly on statistical approaches to analyse

time series data and lacked explicit mechanisms to account for DL population dynamics and

especially for swarm movement. For example, Sun et al. [40] used data for elevation, land

cover, sand and clay content in soil, soil moisture, NDVI and surface temperature, combined

with historical locust ground survey data to produce dynamic forecasts of DL hopper band

occurrence. The approach in [40] did not, however, extend to accounting for the migratory

behaviour of desert locust swarms that arise from hopper bands, something we address in the

integrated modelling framework introduced here. Sorel et al. [45] designed an agent-based

model where the time available for swarm dispersal was reduced by time spent feeding. Our

sub-model for estimating feeding capacity at swarm landing sites is based on a similar hypoth-

esis that length of stay depends on the state of the vegetation. However, our proposed model-

ling framework integrates not only feeding and movement of swarms, but the whole life cycle

of DLs with environmental conditions. Mamo et al. [22, 23], meanwhile, used deterministic

ordinary differential equations to model the effects of early intervention on DL upsurges and

impacts on crop production. The models of Mamo et al. [22, 23] provide valuable mathemati-

cal insights into the dynamics of control at given sites, but the models do not account for

Fig 9. Short term prediction. (A) Simulated swarm migration trajectory (black line) and reported location (red dot). (B) Possible migration trajectories

on reporting day passing close to the reporting site. The colour shows the difference in hours between points on a trajectory and the initial point. The

base layer of the map is sourced from Natural Earth (https://www.naturalearthdata.com).

https://doi.org/10.1371/journal.pcbi.1012562.g009
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uncertainty due to weather-driven variability nor for swarm movement. Magor et al. [114]

also analysed early control intervention in DL campaigns, using historic data and a simple

model with a locust multiplication factor dependent on breeding conditions at a given site. In

our model, the dynamic conditions of breeding sites are incorporated by recent precipitation

events in addition to the intrinsic suitability of soil conditions. We also allow for turbulent

wind-assisted dispersal of DL swarms by coupling breeding and emergence of hopper bands

with a weather-driven dispersal model, interspersed with variable feeding durations at landing

sites.

Migrant pests such as DL could be considered to be metapopulations occupying discrete

habitat patches, with colonization and extinction rates defining the dynamics of the whole

population [21, 115]. Full parameterisation of a metapopulation model requires data on popu-

lation sizes within the patches, which are not available for the 2019-2021 upsurge in East

Africa. Our approach does not require knowledge of the size of DL populations since we

model a coherent unit of gregarious locusts at a similar developmental stage. A multi-agent

system to represent events of locust plague development and management decisions was

designed in [116–118]. The model was built on a virtual territory represented by a grid of 100

cells, each cell being 10 km by 10 km. Similar to our approach, the main entity comprised

coherent groups of locusts. Locust dispersal was simulated by swarms randomly moving to

nearby cells, which is in contrast to our approach, where we used meteorological and environ-

mental data to influence swarm movement. Recently, the migration paths of DL during the

2018-2020 upsurge in Africa and Asia were reviewed in conjunction with DL survey data and

the distribution of suitable locust habitats [119]. However, the authors have not provided

details on which meteorological products were used to extract wind direction and wind speed,

nor how individual migratory paths were constructed.

In our modelling framework we utilised the ability of the NAME atmospheric dispersion

model to reproduce stochasticity associated with turbulent wind flow. Essentially this involves

modelling an ensemble of possible trajectories from a starting location, each of which repre-

sents one possible pathway through the turbulent atmosphere. In previous studies on wind-

assisted insect migration, the direction of migration was assumed to follow a single air parcel

trajectory. One popular choice is to use wind trajectories obtained from the HYSPLIT model-

ling system [120]. HYSPLIT trajectories have been used to study migratory trajectories of

many insect species, such as seasonal migration of fall armyworm moths in the USA [58], and

trans-Saharan migration of painted lady birds [57]. During the 2019-2021 DL upsurge, NOAA

created a web-based app for forward or backward simulation of swarm movement based on

HYSPLIT’s air trajectories [56]. Simulated HYSPLIT forward trajectories were also used to

asses DL invasion risk to China by Wang et al. [121]. Another alternative approach to derive

single air parcel wind trajectories is to use the u and v values of wind speed components

derived from re-analysed meteorological data or from weather forecasting models. The dis-

placement of a swarm of migratory locusts of the species Schistocerca cancellata was simulated

using the directions and intensities of the wind derived from Weather Research and Forecast-

ing model [122]. The advantage of accounting for the inherent stochasticity of wind-assisted

dispersal as in the framework proposed here lies in the ability to compare the likelihood of dif-

ferent trajectories and DL landing sites from an initial site. We note that the HYSPLIT model-

ling platform can also be used to calculate ensemble pathways.

We assumed that swarms followed wind trajectories, but in reality the movement can be

more complicated. For example, swarms can move more slowly in vegetated areas [94], or

exhibit ‘rolling behaviour’, i.e. a continual exchange between flying locusts and those on the

ground [123], that would reduce average ground speed of the whole swarm. These aspects

potentially can be incorporated into our modelling framework either by accounting for wind
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speed and swarm flight height via Draper’s formula [94], or by allowing for within-swarm

social dynamics of individual swarms [124]. We assumed that swarms continue flying until

just before sunset [86, 93, 125]. Another aspect which could be incorporated into our model-

ling framework is allowing swarms to terminate their flight if they encounter favourable habi-

tat. A swarm will stop migration when it encounters areas suitable for breeding and egg laying.

The modelling framework could be used to include cycles of multiple-generations to investi-

gate how favourable conditions for egg-laying impact the long term migration of swarms.

Our framework follows gregarious locust populations through egg, hopper and adult stages.

By separating the breeding process into two parts (the breeding suitability map and recent pre-

cipitation events that favour egg laying and development) we can take advantage of the high

temporal resolution data on temperature, precipitation and soil moisture provided by the UK

Met Office Unified Model. We found broad correspondence between our prediction and pre-

dictions at broad scales in [26]. In addition to the increased spatial resolution, an advantage of

our approach to predict breeding suitability is that elevation, sand and clay content in soil are

invariant to climate change, at least for the current time horizon used for climate change

impact evaluation.

Feeding capacity was assessed based on land cover type, NDVI trend and vegetation state.

The longest stay was assumed for cropland, with higher and highest density of vegetation and

with increasing and constant NDVI value, which indicates pre-peak and peak of crop develop-

ment stage. There are no direct observations of length of stay available to compare with our

simulations. However, there is some circumstantial evidence in that no instances of prolonged

locust stay with measurable impact on vegetation were reported during the 2020-2021 DL

upsurge [46], while minimal damage was reported to crops [47]. This could be because swarms

did not encounter much cropland on their migration path. Our simulations indicated that

swarms did not stay long at landing sites; the average length of stay was 2.6 days. Further refin-

ing of the rules using observational field data on the feeding behaviour of swarms would be

beneficial to improve predictability.

To test the framework, we simulated breeding, development and migration histories for

locations and time periods chosen based on the observed field surveillance data. Our simula-

tions showed good correspondence with the observed increase in swarms reaching the north-

east of Kenya after 1st December 2020. The modelled spread of swarms is in agreement with

previous evidence that swarms may fly up to nine hours and may easily move 200 km or more

in a day [51, 127].

Our proposed algorithm is particularly useful to model short-term and long-term desert

locust migration patterns with limited reporting data. The projected feeding and migration

trajectories could be used to guide surveillance. We used historic wind data from the UK Met

Office Unified model to map risk for up to seven days. This limit is set by the current availabil-

ity of weather forecast data for generating future wind trajectories for use in the NAME model.

A period of seven days should be sufficient for control operations to be implemented [128].

In East Africa, the 2019-2021 DL upsurge was characterised by a high degree of spatial and

temporal heterogeneity, with some regions experiencing persistently higher DL invasion fre-

quency [2]. Our proposed modelling framework can help to explain this heterogeneity, and

can serve to improve locust monitoring and response efforts. Further work is under way to

assess different surveillance methods employed during the 2019-2021 DL upsurge, to perform

rigorous parameter estimation of the model, and to investigate how to use the modelling

framework to reduce risks from the harmful effects of DL upsurges by including control mea-

sures under resource constraints. This preparedness to respond quickly to upsurges will

become more critical as climate change influences the distribution of DL [29] and it is
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therefore important to be able to predict DL migration in new regions. The intention is to

have the modelling framework ready now to be used if another upsurge were to occur.
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37. Gómez D, Salvador P, Sanz J, Rodrigo JF, Gil J, Casanova JL. Prediction of desert locust breeding

areas using machine learning methods and SMOS (MIR_SMNRT2) Near Real Time product. Journal

of Arid Environments. 2021; 194:104599. https://doi.org/10.1016/j.jaridenv.2021.104599

38. Shao Z, Feng X, Bai L, Jiao H, Zhang Y, Li D, et al. Monitoring and Predicting Desert Locust Plague

Severity in Asia–Africa Using Multisource Remote Sensing Time-Series Data. IEEE Journal of

Selected Topics in Applied Earth Observations and Remote Sensing. 2021; 14:8638–8652. https://doi.

org/10.1109/JSTARS.2021.3104936

39. Yusuf IS, Tessera Ka, Tumiel T, Slim Z, Kerkeni A, Nevo S, et al. On pseudo-absence generation and

machine learning for locust breeding ground prediction in Africa; 2021. Available from: https://arxiv.

org/abs/2111.03904.

40. Sun R, Huang W, Dong Y, Zhao L, Zhang B, Ma H, et al. Dynamic Forecast of Desert Locust Presence

Using Machine Learning with a Multivariate Time Lag Sliding Window Technique. Remote Sensing.

2022; 14(3):747. https://doi.org/10.3390/rs14030747

41. Rhodes K, Sagan V. Integrating Remote Sensing and Machine Learning for Regional-Scale Habitat

Mapping: Advances and future challenges for desert locust monitoring. IEEE Geoscience and Remote

Sensing Magazine. 2022; 10(1):289–319. https://doi.org/10.1109/MGRS.2021.3097280
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