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In this study, we present a fused multi-scale approach to model habitat suitability index (HSI) maps for three
different locust species. The presented methodology was applied for the Italian locust (Calliptamus italicus, CIT) in
Pavlodar oblast, Northern Kazakhstan, for the Moroccan locust (Dociostaurus maroccanus, DMA) in Turkistan
oblast, South Kazakhstan and for the desert locust (Schistocerca gregaria) in Awash river basin, Ethiopia, Djibouti,
Somalia. The main novelty is based on implementing results from ecological niche modelling (ENM) with timeseries analyses of high spatial resolution remote sensing data (Sentinel-2) and further auxiliary datasets in a fused
HSI model. Within the ENM important climatic variables (e.g. temperature, rainfall) and edaphic variables (e.g.
sand and moisture contents) are included at a coarse spatial resolution. The analyses of Sentinel-2 time-series
data enables mapping locust breeding habitats based on recent remotely sensed land observation at high spatial
resolution and mirror the actual vegetation state, land use, land cover and in this way identify areas with
favorable conditions for egg survival and breeding. The fused HSI results for year 2019 were validated based on
ground field observation and reach area under curve (AUC) performance of 0.747% for CIT, 0.850% for DMA and
0.801% for desert locust. The innovation of this study is a multi-scale approach which accounts not only for
climatic and environmental conditions but also for current vegetation and land management situation. This kind
of up-to-date spatial detailed information on breeding suitability could enable area prioritization for risk
assessment, monitoring and early intervention of locust pests.

1. Introduction
Since the beginning of land cultivation locust outbreaks, and plagues
have been a danger to the human population worldwide and often
brought devastation, hunger and death (Zhang et al., 2019). All conti
nents except for Antarctica have been infested by different locust spe
cies, which are capable to affect the livelihood of approximately 10% of
the global population (Latchininsky and Sivanpillai, 2010). Recently,
swarms of desert locusts (Schistocerca gregaria) endanger food security
across East Africa, the Arabic peninsula, India and Pakistan (Meynard
et al., 2020). Other species e.g. Italian locust (Calliptamus italicus, CIT)

and Moroccan locust (Dociostaurus maroccanus, DMA) can also cause
massive devastation at regional and local scales (Kambulin, 2018;
Latchininsky, 1998; Le Gall et al., 2019; Reuters, 2019; Toleubayev
et al., 2007). In gregarious phase, locusts can damage crops and pasture
massively, since they eat an equivalent of their body mass in green
vegetation every day (Steedman, 1990; Uvarov, 1957). The loss of
biomass is not only of economic importance, but also endangers food
security, livestock and other fauna species. Furthermore, plants them
selves are harmed and inhibited in natural regeneration due to the
consumption of seeds and sprouts by locust bands (Kambulin, 2018).
Nevertheless, in solitary phase, locusts are a beneficial part of an
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ecosystem by facilitating nutrient cycling and playing an important role
in the food chain (Tsychuyeva et al., 2017). Unusual weather conditions,
subsequent droughts and scarcity of plant food force the insects to
aggregate, initiating the gregarious phase in which locusts create bands
and form highly mobile flying swarms of adult insects (Kimathi et al.,
2020; Meynard et al., 2020). Locust population densities or states are
commonly distinguished by the definitions of outbreak, plague or pest,
decline and recession (Cressman, 2016).
Countries at risk of locust outbreaks usually possess regional and
national monitoring systems. The Australian Plague Locust Commission
(APLC) operates successfully by implementing weather forcast, remote
sensing and ground observation (Hunter, 2004; Hunter et al., 2008). The
Food and Agriculture Organization (FAO) of the United Nations operates
the Desert Locust Information Service (DLIS) in close cooperation with
involved countries (FAO, 2009). Furthermore, similar efforts are made
for Central Asia and the Caucasus region where Italian, Moroccan and
Asian migratory locusts have to be monitored and controlled (FAO,
2021a). One of the major goals of locust monitoring is assessing the
geographic extent of possible breeding areas, highlighting gregarization
hot spots, evaluation of population parameters and accordingly initi
ating control activities. Despite the danger of gregarious locusts for food
security, the ability to predict and manage locust outbreaks is still
insufficient (Latchininsky, 2013). Detailed spatial knowledge about lo
cust habitats and suitable breeding areas with high probability of eggs
surviving are of major importance for regional and national plant pro
tection and locust monitoring organizations because it demands a lot of
financial means, manpower and time. In this context, remote sensing
data and applications proved great potential as an additional source
because they perform efficient, more economical, with less manpower
and are regardless of national borders (Kambulin, 2018). Since the
1970ies remote sensing data are used e.g. for locust habitat mapping
mainly for the desert locust, migratory locust and Australian plague
locust but with only very few studies for CIT and DMA (Klein et al.,
2021; Latchininsky et al., 2016; Latchininsky, 2013). Sivanpillai et al.
(2009) applied IRS-S WiFS data with 56 m spatial resolution for a habitat
model of CIT in the North-East of Kazakhstan. The results were prom
ising and the authors identify the benefit of higher spatial resolution
satellite data. Latchininsky (2013) states the importance of model
development for habitat mapping of CIT and DMA but saw the research
still in the initial phase. Recent modelling applications on locust species
distribution, ecological niche and habitat suitability present continuous
development (Aragón et al., 2013; Gómez et al., 2019, 2018; Kimathi
et al., 2020; Malakhov and Zlatanov, 2020; Piou et al., 2019, 2013;
Veran et al., 2015). Availability of new datasets (e.g. soil moisture
(Escorihuela et al., 2018; Piou et al., 2019)), methods and technological
progress contribute to this steady improvement. For example, Ecological
Niche Models (ENM) are based on machine learning algorithms to pre
dict suitable habitats from datasets describing environmental conditions
and species presence and absence records. Within the ENM important
climatic variables such as temperature, rainfall and edaphic variables
such as sand, moisture contents are included at a coarse spatial resolu
tion from up to 1 km. The modelled results provide suitable areas at a
larger geographic scale but usually do not discriminate higher spatial
detail or account for land cover related characteristics. Nowadays, open
source remote sensing data and cloud computing provide additional
opportunities for modelling and monitoring of locust risks. Especially
the use of temporally dense and high spatial resolution satellite data (e.
g. Sentinel-1 and -2, Landsat) in combination with climate and envi
ronmental data can enable prediction in vulnerable areas with a high
level of detail.
In this study, we present an approach based on habitat suitability
index (HSI) model which takes advantage of different environmental
variables, including ENM results, time-series analyses of satellite data
and species-specific knowledge to better discriminate areas providing
optimal locust breeding and egg-pod incubation conditions. For the
ENM, we utilized up-to-date data from TerraClimate to account for

recent climate conditions of last 20 years. Current vegetation state and
land management conditions are targeted by the analysis of Sentinel-2
data. Additionally, unique species-dependent favorable and excluding
conditions were considered. We applied the approach for three different
locust species to demonstrate the advantages and challenges and, in this
way, contribute to further development in this field. The study is con
ducted for CIT in North Kazakhstan (Pavlodar oblast), for DMA in South
Kazakhstan (Turkistan oblast) and for desert locust in the Awash river
basin (ARB), Ethiopia, Djibouti, Somalia. The results are validated with
ground truth data collected by local organizations.
2. Background information on locust species and study areas
2.1. The Italian locust and Pavlodar oblast
The Italian locust was the first of all locust species recorded as a great
pest in Russia in the year 1008 (FAO, 2021a). The species’ distribution
area stretches from Western Europe across meadow steppes in Central
Asia, Mongolia and West Siberia (Kambulin, 2018; Latchininsky, 2013).
Although CIT is on the red list of endangered species in northern Europe,
it is a threatening pests in Russia, Central Asia and the Caucasus
(Latchininsky, 2013; Sergeev and Van’kova, 2008). Generally, the spe
cies can be found in arid steppes and semi-deserts, preferring vegetation
such as wormwood and sagebrush (Artemisia spp., Monard et al., 2009).
In addition, human-affected areas such as field borders, fallow fields and
road edges can provide favorable conditions (Kambulin, 2018; Latch
ininsky, 2013; Sergeev et al., 2016). In such areas, CIT as herbivore
inhabits fallow fields, field borders, waste lands and neglected orchards
or Lucerne meadows, sometimes with saline soil (Sergeev et al., 2016;
Sergeev, 2021). The insects are also common close to irrigated crops and
tolerant to a wide range of semi-arid soils and climate conditions. CIT as
an ecological plastic species is generally not as fastidiously as other lo
custs and can occupy a wide range of habitats, especially during out
breaks (Monard et al., 2009). It disappears completely if land is plowed
since plowing leads to mechanic destruction of egg-pods. The occur
rence of CIT is not only related to food preferences, but also to physical
soil properties. Moderate compact sandy soils are more favorable than
very loose or compact soils and facilitate oviposition (Toleubayev et al.,
2007). Breeding, mating and egg-laying occur in the period between
June and September. Since temperature drops during the winter period,
the egg-pods lie dormant in diapause. Once moisture is introduced
during the warming period in spring, the incubation period starts.
Finally, hatching occurs from late April to June, with higher tempera
tures and lower precipitation during this period generally resulting in
higher populations. Once ecological conditions are highly suitable over
a multiple-year period, a high density of egg-pods and strong survival
rates can lead to higher density of adult individuals, potentially leading
to phase change, and thus to outbreaks (Sergeev and Van’kova, 2008).
The first study area is the administrative area of Pavlodar oblast,
located in the North-East of Kazakhstan (Fig. 1A) with a total area of
125,000 km2. Winters are long (5.5 months) and summers are short (3
months). About 70 to 85% of annual precipitation (200 to 400 mm) falls
over the winter period. Characteristically for steppes and semi-desserts,
large areas of Kazakhstan are dominated by herbaceous vegetation and
sparse shrubs or herbaceous vegetation. Between 1953 and 1964 vast
areas of untouched steppe in Northern Kazakhstan were converted to
agricultural fields which led to far-reaching consequences and was one
of the major land use changes worldwide during the 20th century
(Frühauf and Meinel, 2007). Due to the climatic conditions in
Kazakhstan, it can take up to 25 years for fallow land to return to its
original grassland state (Latchininsky, 2013). After the break down of
the USSR in 1991, formerly cultivated land was abandoned, since
Kazakhstan lost its role of grain producer for the USSR (Monard et al.,
2009) and areas for cereal production decreased from about 25 to 12
million ha (Toleubayev et al., 2007). Those fallow lands became perfect
habitats for CIT and have led to a population increase starting in 1996
2
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Fig. 1. LCC and location of three tests sites. A) Pavlodar oblast for Italian locust, B) Turkistan oblast for Moroccan locust, C) Awash river basin for desert locust.

and leading to the great plague in 1998–2000 (Toleubayev et al., 2007).

unsuitable habitats for DMA (Baldacchino et al., 2012; Latchininsky,
1998). In terms of climatological conditions, DMA occurs in regions that
receive 300–500 mm of yearly precipitation (Latchininsky, 2013;
Monard et al., 2009) and spring precipitation of approximately 100 mm
(Kokanova, 2017; Uvarov, 1957). The mean annual temperature in their
breeding habitats is around 16 ◦ C (Kokanova, 2017). Although DMA was
considered as one of the most dangerous agricultural pests in the Med
iterranean and Central Asia, the species’ population has decreased
during the last century, especially due to industrial, agricultural and
urban developments (Latchininsky, 1998). Land cultivation has a
negative impact on DMA breeding habitats and many populations have
disappeared because of intensive agricultural developments (Monard
et al., 2009). However, in Central Asia the danger is still serious. New
agricultural development of formerly virgin dry steppes in Azerbaijan,
Turkmenistan, Uzbekistan and Kazakhstan resulted in the vicinity of
DMA breeding areas and newly-grown crops, which severely increased
the risk of crop damage caused by DMA (Monard et al., 2009). Same as
CIT, the DMA is an univoltine species (one generation per year), with
winter egg diapause. After winter diapause, egg hatching occurs from
February to April.
The second study area is the administrative area of Turkistan oblast,

2.2. The Moroccan locust and Turkistan oblast
The Moroccan locust occurs in many parts of the Mediterranean and
Central Asia. Within the steppe, DMA has rather specific requirements
for suitable breeding habitats. They prefer habitats located in elevated
regions and foothills (Kokanova, 2017; Latchininsky, 2013, 1998;
Monard et al., 2009). In such an environment, hard and dry soils with a
high clay content are preferred for egg-laying (Latchininsky, 1998;
Uvarov, 1957). Especially areas with a mosaic of steppe vegetation and
dry bare soil are preferred, because vegetation clumps protect the eggpods with shade and provide food for nymphs after hatching (Baldac
chino et al., 2012; Monard et al., 2009; Uvarov, 1957). Such mosaics are
often found in overgrazed fields, which form threatening breeding
hotspots for DMA (Latchininsky, 1998; Monard et al., 2009; Uvarov,
1957; Zhang et al., 2019). Comparable to the Italian locust disturbed
soils (i.e. regularly plowed soil in active agricultural fields) are highly
unsuitable for DMA’s breeding, because the egg-pods are destroyed
there (Latchininsky, 1998; Monard et al., 2009). Areas that are relatively
wet or moist, highly vegetated or have no vegetation at all are rather
3
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located in the South of Kazakhstan (Fig. 1B) and a total area of 117,000
km2. Turkistan oblast is characterized by a semi-arid climate and con
sists mainly of sparsely vegetated grass-, shrub- and croplands. The area
has a high range of altitudes, with 120 m of elevation in the lower areas
and 3800 m in the mountainous regions in the south-east. Annual pre
cipitation usually ranges from 100 to 500 mm, with more rainfall
especially at higher altitudes and during the winter period. The region
serves as a suitable habitat for DMA because of the many semi-arid dry
grass- and shrublands. Infestations have occurred regularly, especially
with relatively hot and dry spring seasons (Latchininsky, 1998).

2008). A schematic overview of the entire workflow including relation
of different datasets and models is presented in Fig. 2.
3.1. Datasets and variables for ecological niche and habitat suitability
index models
3.1.1. TerraClimate
Climate data includes fundamental descriptors for almost every
species’ niche. A commonly used dataset for species modeling is
WorldClim (Kimathi et al., 2020; Malakhov and Zlatanov, 2020), that
comes with averaged monthly information based on long term data
between 1970 and 2000 (Fick and Hijmans, 2017). In this study, we
decided to utilize TerraClimate (Abatzoglou et al., 2018) dataset to ac
count for the more recent time period at a spatial resolution of 1/24th of
a degree (approx. 4.6 km at the equator). Besides usual variables such as
maximum and minimum temperature, vapor pressure, precipitation
accumulation, solar radiation and windspeed, the dataset includes
further variables such as reference evapotranspiration (ASCE PenmanMontieth), runoff, actual evapotranspiration, climate water deficit, soil
moisture, snow water equivalent, Palmer Drought Severity Index, and
vapor pressure deficit. We calculated the bioclimatic variables (bio2,
bio3, bio4, bio7, bio15) using the processing methodology of the
WorldClim dataset and the TerraClimate input variables for the time
between 2001 and 2019 within the Google Earth Engine (GEE) appli
cation (Gorelick et al., 2017). The main reasons to utilize TerraClimate
were the availability of consistent soil moisture data and more recent
data in general, which allowed considering an eventual change in
climate variables over the last two decades for mapping an up-to-date
breeding habitat.

2.3. The desert locust and Awash river basin
The desert locust is the most dangerous of all migratory pest species
in the world (Cressman, 2016). In solitarious phase, desert locust are
found in deserts of North Africa, the Middle East and Southwest Asia
covering approx.16 Mio km2 of so-called recession area (Cressman,
2016). Within these regions, there are summer and winter-spring
breeding areas. Gregarization of desert locust highly depends on spo
radic and unusual heavy rains in the recession area. On the contrary to
CIT and DMA, the desert locust does not have a diapause during a cold
season and several successive generations can follow one after another
when ecological conditions are optimal.
The third selected study area is the Awash river basin (ARB) which
extends over its riparian countries Ethiopia, Djibouti, and Somalia with
a size of approx. 108,000 km2. In general, the climate in ARB is closely
linked to elevation (Bretzler et al., 2011). The rainfall distribution is
bimodal in the middle and lower basin and unimodal in the upper basin.
The mean annual rainfall is 850 mm over the western part and 465 mm
over the eastern part of the basin. Annual rainfall is related to Inter
tropical Convergence Zone (ITCZ) and surface temperature variation
over the Indian Ocean and is therefore highly variable resulting in
extreme events such as floods or droughts (Dessu and Melesse, 2012;
Edossa et al., 2010). The ARB is located within recession area of desert
locust and areas of primary breeding can be found here. In 2019, eight
tropical cyclones developed over the Indian Ocean resulting in heavy
rains over the ARB, which led to suitable conditions for desert locust
breeding (Salih et al., 2020).

3.1.2. Additional static datasets
While soil moisture information is retrieved via the TerraClimate
dataset, several static soil properties have to be considered. Therefore,
variables from SoilGrids 2.0 dataset, which is provided by the Interna
tional Soil Reference and Information Centre (ISRIC), were included.
The ISRIC SoilGrids 2.0 provides information on six standard depths (up
to 2 m) with a spatial resolution of 250 m for soil type, density, and other
soil properties (Poggio et al., 2021).
Additionally, we included seasonal Net Primary Productivity (NPP)
product to benefit the ENM (Leitão and Santos, 2019). The MODIS-NPP
dataset for 2001–2019 is available at 500 m spatial and 8-day temporal
resolution and was aggregated and processed into four seasonal com
posites (Jan-Mar, Apr-Jun, Jul-Sep, Oct-Dec).
Furthermore, we included a landscape texture/heterogeneity dataset
(Tuanmu and Jetz, 2015). It is calculated as an average over the period
of 2001 until 2005, using 30 m Enhanced Vegetation Index (EVI) input
data at a spatial resolution of 1 km.

3. Materials and methods
In this section, we introduce the methodological concept, used data
and justification at the background of each species and their preferable
conditions. The approach is based on three main steps. First, based on
literature review, environmental conditions and corresponding geo
spatial datasets essential for selected locust species breeding suitability
were identified. Second, we apply ENM using climate, static edaphic and
vegetation variables to generate the distribution of ecological niche for
each species. ENM is usually conducted on a larger scale using climate
data with a spatial resolution of 1 km or coarser. In such modelling ef
forts, small-scale spatial details which can be quite heterogeneous are
not considered. Therefore, in a third step, we fuse the ENM results and
additional variables representing higher spatial resolution and recent
land surface conditions within an HSI model to gain higher spatial detail
and addressing current landscape heterogeneity.
The HSI is a methodological approach to model environmental
preferences or limitations for organisms and is an estimator of habitat
support (Walz et al., 2015). HSI models were developed by the United
States Fish and Wildlife Service in 1981 (Wakeley, 1988) as a costeffective, powerful and dynamic management tool (Zajac et al., 2015).
Literature reviews, expert knowledge and field data can be used to
measure different indices for habitat variables, which are then ranked in
a HSI model. After Warren et al. (2016) expert knowledge based models
perform similarly to empirical models and can be optimized with input
of field data to improve their predictive power. The identification of key
variables is the most crucial element in HSI modeling (Hirzel and Le Lay,

3.1.3. Water accumulation layer
This layer is based on topographic features and was created by
detecting small scale runoff areas, that include seasonal watercourses,
which are also known as Wadis. The Wadis become suitable for desert
locust breeding when a sufficient amount of rainwater accumulates
(Lazar et al., 2015). The processing was based on the Python package
pysheds (Bartos, 2020), which enables deriving flow accumulation areas
from DEMs (ALOS World 3D − 30 m (AW3D30), (Takaku et al., 2020)).
3.1.4. Sentinel-2 multi-spectral data
The primary dataset that was used to derive actual land surface
conditions was optical satellite imagery from Sentinel-2A and -2B.
Sentinel-2 images were selected covering the entire study areas of
Pavlodar oblast (in total 24 Sentinel-2 tiles), Turkistan oblast (in total 24
Sentinel-2 tiles) and ARB (in total 28 Sentinel-2 tiles) for the years 2017
to 2020. The Sentinel-2 raw data was downloaded and corrected for
atmospheric effects with sen2cor software (Pflug et al., 2020) and cloud
masking was conducted with the Fmask algorithm (Zhu et al., 2015).
4
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Fig. 2. Schematic workflow of the presented approach. A) ENM, B) Sentinel-2 based analysis of land surface conditions, C) Additional static variables which can be
used as excluding factors depending on species, D) Final HSI model. (ISRIC = International Soil Reference and Information Centre; ENMTML = Ecological Niche
Model R package (Andrade et al., 2020); TCT = tasseled cap transformation).

Images with a cloud cover larger than 50% were excluded from the
analysis. For all three regions, a total of 4,946 single images (6.76 TB)
was downloaded and pre-processed for further analyses. Top of Atmo
sphere (TOA) reflectance was converted to Bottom of Atmosphere (BOA)
reflectance. Additionally, an automatic classification included several
classes (water, clouds, shadow, ice, no data). Based on BOA data, Tas
seled Cap Brightness (TCB), Greenness (TCG) and Wetness (TCW), as
well as the Perpendicular Vegetation Index (PVI) which required a
regional definition of soil line (Jensen, 2008), was derived. Since, the
application of NDVI in semi-arid regions comes along with restrictions
and saturation effects (Cherlet et al., 1991; Despland et al., 2004; Pekel
et al., 2011), we used PVI as an alternative. The PVI uses the perpen
dicular distance to the soil line as an indicator of plant development
while considering noise caused by soil (Jensen, 2008). Soil properties
influence the radiometric response of canopies or vegetation detected by
indices since the soil is the last background. Especially for sparsely
vegetated areas, which are typical habitats of several locust species in
steppe or semi desert, a vegetation index considering the influence of
soil is advantageous (Baret et al., 1993).
PVI =

aggregation were necessary. The datasets which are used for ENM
require identical spatial extent and resolution (Fig. 2A, (Andrade et al.,
2020)). Here, the dataset with the coarsest pixel is taken as reference
and all other datasets were upscaled by the means of bilinear interpo
lation approach. Since all dataset used for the ENM are available on
global scale, a subset for each study domain was possible. Furthermore,
the temporal frequency of all datasets had to be considered. Here, all
datasets with higher temporal frequency were aggregated to monthly,
seasonal and annual composites (e.g. bio2, bio3, bio4, bio7, bio15). The
time-series analysis and pre-processing of Sentinel-2 data is described in
Section 3.1.4. In regards to spatial resolution within the HSI model, the
original Sentinel-2 pixel size and projection are maintained.
3.1.6. Reference data
Reference data for CIT and DMA breeding locations were acquired in
field surveys by regional authorities and provided within the Locust-Tec
project for the years 2016–2020. In this study, we consider only location
of detected early instar hoppers which mirror successful egg incubation
and nymph hatching. In total, 2,985 locations of DMA and 671 locations
for CIT were registered by local locust monitoring offices. Besides co
ordinates, the offices usually record different quantitative and qualita
tive parameters. However, for this study only geolocations of early
hopper stages were used as points of occurrence.
For desert locust, we used free accessible data published by FAO in
the Locust Hub (FAO, 2021b). Here, only breeding locations as well as
sightings of early nymph instar were selected for the entire available
time period (1985–2020) resulting in a total of 238 occurrence points
within ARB and 3,617 for the larger domain of East Africa and the
Middle East. Symmons and Cressman (2001) state, that the first four
instar levels of desert locust hopper development have a duration of
approx. six to seven days. Depending on the weather conditions and the
vegetation cover, the daily displacement distances of desert locust
hoppers during the first instar vary between 25 and 100 m (Symmons
and Cressman, 2001). Because of the low displacement distance during
this early phase of locust development, the underlying assumption is
that the actual location of hatching was in the close surrounding
(Ellenburg et al., 2021). The combination of early instar hopper

NIR − a*RED − b
√1 + a2

with NIR as near infrared reflection, RED as red reflection, a as slope and
b as intercept of the soil line. The soil line concept builds on a linear
relationship between red and near infrared reflectance of bare soil and
aims to remove most of the effects of soil reflectance for vegetation
applications (Baret et al., 1993). The input of this regression is soil
reflectance, which is extracted from several parts of bare soil samples
within the respective study area as soil reflectance varies from region to
region mainly depending on the soil type. Despite all efforts to deter
mine a global soil line, it is advised to delineate study site-specific pa
rameters. Therefore, bare soil samples were manually extracted for each
study region to account for their specific soil conditions.
3.1.5. Pre-processing for spatial and temporal aggregation
Since most used datasets are characterized by different spatial and
temporal resolution, pre-processing steps aiming spatial and temporal
5
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records, the input variables were extracted at the locations of the pres
ence points. The occurrence points were ‘thinned’, by removing points
which occur within a specified distance to one another to reduce spatial
autocorrelation effects (Aiello-Lammens et al., 2015). In order to further
mitigate the effects of spatial auto-correlation, a spatial portioning
method was chosen for model training. This ensures that training and
validation points are not located in immediate vicinity. The method of
generating pseudo-absence points was a random selection outside a
geographic buffer of 10 km. The final model output is based on an
ensemble of all available and applicable algorithms as it usually pro
vides the best performance compared to single approaches. The
weighted mean (W-MEAN) was used as a model ensemble method,
which incorporated the True Skill Statistic (TSS) measure of model
performance as weights.

sightings and actual breeding locations is a reasonable method to in
crease the number of observations for further training and validation.
The reference data for each species were then randomly split for training
the ENM (70%), and for validation (30%). Pseudo-absence points were
generated within ENM process (Section 3.2).
3.2. Ecological niche modelling
According to (Peterson, 2006), environmental (or ecological) niche
modelling is the characterization of the distribution of a species in
ecological space, which can be used to determine the potential distri
bution of a species in geographic space. In this context, known occur
rences of a species can be related to landscape features and climatic
conditions to predict unknown occurrences. Generally, the environ
mental niche of a species is considered to consist of three components:
abiotic conditions (e.g. temperature, humidity, soil type), biotic condi
tions (e.g. species interactions, predation, invasion), and accessibility
which describes non-biotic conditions limiting the actual dispersion of a
species within its potential range (Peterson, 2006). For this study, the R
software package ENMTML was used to construct the ENMs for three
species of interest (Fig. 3). The ENMTML package considers a wide va
riety of parameters and modelling algorithms that have been identified
as highly influential to the process of ENM by leading scientists in the
field (Andrade et al., 2020). In fact, choosing different model algorithms
has been shown to have a minor effect on model outcome than adjusting
assumptions and their related parameters such as pseudo-absence se
lection (Senay et al., 2013). The package includes a selection of up to 13
algorithms for the correlation of input variables to presence and pseudoabsence records (e.g. Boosted Regression Trees, Domain, Generalized
Additive Models, Bayesian Gaussian Process, Generalized Linear
Models, Maximum Likelihood, Maximum Entropy default, Maximum
Entropy simple, Random Forest, Support Vector Machine). In case
collinearity reduction methods are chosen, corresponding variables are
removed with a high degree of collinearity. The selected collinearity
reduction approach was the widely used Variance Inflation Factor (VIF).
Second, using the provided occurrence data, also called ‘presence’

3.3. Habitat suitability index
HSI models are a quantitative approach to describe the habitat re
quirements of a species on a continuous scale from 0 (unsuitable) to 1
(suitable) (Wakeley, 1988). For the implemented HSI model, selected
variables are aggregated using an additive priority function extended by
the multiplication with eliminating factors and was based on the
approach presented by (Ahmadi-Nedushan et al., 2006; Oldham et al.,
2000):
HSI = (V1 *V2 *⋯*Vn )1/n *E
where HSI is the habitat suitability index score scaled from 0 to 1, V is an
input variable scaled from 0.01 to 1, n is the total number of input
variables and E represents the excluding factors, which are always
determined at either 0 or 1. The excluding factors (E) were incorporated
by setting several of the input variables to 0 (which always results in an
HSI of 0). Specifically, excluding factors are areas covered by permanent
water and imperviousness or for some species dense vegetation (e.g.
forest). Furthermore, since we aim to derive habitat suitability for
breeding conditions active agricultural practice is used as excluding
factor because egg-pods are mechanically destroyed if the land is

Fig. 3. Modelling process in the ENMTML R package, adapted from (Andrade et al., 2020). Green rectangles highlight applied settings in this study.
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plowed. The final HSI model including ENM results and species-specific
variables for three species of interest are described as following
equations:

4.1.1. Italian locust
Due to climatic condition and wide ecological tolerance of the CIT,
the results of ENM are quite homogenous at high suitability level
(Fig. 4). Therefore, the advantage of additional variables and analyze of
actual vegetation condition and land management activity is clearly
visible within the HSI output. Because CIT is known to prefer vegetation
growing on fallow fields and edges of roads and fields, the highresolution Sentinel-2 reveals higher detail and increases the breeding
suitability in those areas. The results for CIT indicate that areas not
suitable for breeding and egg survival are marked by the Irtysh River and
flood plains characterized by dense vegetation, as well as detected active
fields, which are dominant in the northern part of Pavlodar oblast. Fig. 4
demonstrates that wide areas of suitable climate and soil conditions can
be further discriminated according to actual land use and land cover
conditions. In contrast to ENM, the areas with high probability for
growing sagebush/wormwood are characterized by the highest HSI,
whereas ploughed land as well as wetlands are characterized by the
lowest HSI. High HSI between approximetly 0.65 and 0.75 indicate
natural steppe.

HSI CIT = (ENM CIT *Fallow fields and edges)1/2 *TCT*LCC*Active fields
HSI DMA = (ENM DMA *DEM*Vegetation Density)1/3 *TCT*LCC*Active fields
HSI DL = (ENM DL *Wadis*Vegetation Density)1/3 *TCT*LCC*Active fields
4. Results
4.1. Ecological niche and habitat suitability index for breeding sites
The results of the ENM and HSI models for the CIT, DMA and desert
locust are presented in Figs. 4–6. The breeding suitability of HSI model
was calculated for the year 2019. For a better interpretation, the
continuous HSI values can be ranked into discreet categories. Generally,
the ranking is objective and varies from source to source (Wakeley,
1988; Walz et al., 2015). In following, we use six categories for breeding
and egg-pod surviving suitability: not suitable (0), very low suitability
(0.01–0.20), low suitability (0.21–0.40), medium suitability
(0.41–0.60), high suitability (0.61–0.80) and very high suitability
(0.81–1).

4.1.2. Moroccan locust
The ENM and HSI results for DMA in Turkistan oblast show a clear
distinction in highly unsuitable and highly suitable breeding areas
(Fig. 5). The South-West and North of the region reveal highly unsuit
able breeding areas due to arid conditions and the absence of vegetation.
Hilly areas with steppe vegetation show the most suitable conditions and

Fig. 4. Italian locust ENM and breeding HSI for Pavlodar oblast (red crosses: field presence locations).
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Fig. 5. Moroccan locust ENM and breeding HSI for Turkistan oblast (red crosses: field presence locations).

ploughed land and bare areas are characterized by lower index. The
difference between ENM and HSI can be seen West and East of Syrdarya
river and Koksaray reservoir. Large areas with suitable climate, soil and
elevation in the South-East become unsuitable for breeding due to active
agriculture. Fig. 5 shows the spatial upgrade between ENM and HSI
within the study area. Similar to CIT in Pavlodar oblast, active land
management, lakes and rivers are excluded from areas of possible
breeding. Furthermore, including high-resolution DEM within HSI
model accounts better for changes in elevation as DMA is sensitive to
altitude and has a narrow range.

and Bell, 1997; Hanley and McNeil, 1982). ROC-AUC is a common
assessment method for ENM and HSI results, as it does not rely on a
classified, dichotomous output such as presence/non-presence (Fielding
and Bell, 1997). It is a ‘threshold-independent’ metric and the perfor
mance of a model is estimated by creating a plot of all sensitivity values
(the fraction of true positive outcomes) against the corresponding 1specificity (the fraction of false positive outcomes) (Fielding and Bell,
1997). The AUC ranges from 0.5 to 1.0 and is often used as a single
model performance measurement, because it represents the probability
if a presence and an absence location are randomly modelled. The
presence location will have a higher predicted value than the absence
location (Raes and ter Steege, 2007). Accordingly, an AUC score of 0.5
indicates that the tested model has no predictive capabilities, while a
model with a score of 1.0 has a 100% chance of predicting higher values
at presence locations than at absence locations (Raes and ter Steege,
2007). However, the AUC does not indicate to which extent the pre
dicted outcomes are higher in value than the absences. In addition, when
using pseudo-absences the maximum value the AUC can reach in prac
tice is dependent on the true distribution of the species in relation to the
selected extent of the area of interest (Barbet-Massin et al., 2012; Raes
and ter Steege, 2007). Therefore, it is not possible to set a fixed threshold
as measure for an accurate model according to its performance as esti
mated through the AUC. In order to get a robust estimation of the AUC
for each output of the ENM and HSI, we selected random background
points as so-called pseudo-absences, while the validation occurrence
locations were used as presence locations (30% split of all occurrence

4.1.3. Desert locust
According to ENM output, most of the ARB is highly suitable for
desert locust breeding. Only in the South-West region, a narrow strip in
the West and South show unfavorable conditions. These regions receive
higher precipitation and are dominated by agricultural land and forest
(Fig. 6). Higher suitability values for river reaches, wadis and sinks
underline that a certain vegetation density is required for breeding and
feeding. Areas with no vegetation or highly dense vegetation are char
acterized by a lower suitability index compared to ENM outcome. Fig. 6
highlights this improvement and introduced heterogeneity.
4.2. Validation
The main validation metric for this study was the Area Under the
Curve (AUC) of the Receiver Operating Characteristic (ROC) (Fielding
8
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Fig. 6. Desert locust ENM and breeding HSI for Awash river basin (red crosses: field presence locations).

points within each ROI). First, for the calculation of the AUC for each
study region, a pre-selection of 20,000 random background points was
made (NA values excluded). In a second step, 10,000 points were
selected from this pool, in order to obtain a representative distribution of
non-NA background values. Finally, using the package pROC in R soft
ware, stratified bootstrapping was applied, in which a random stratified
fraction of presence and background points were selected 5,000 times
for the AUC calculation, after which the mean AUC value returned, as

well as a 95% confidence interval (Robin et al., 2011).
Fig. 7 presents the AUC results for CIT, DMA and desert locust based
on ground truth data that was independent of the training dataset
(Section 3.1.5). The Y-axis represents the sensitivity, or the fraction of
true positives, while the X-axis represents the specificity, or the true
negative rate. It is important to note that the AUC cannot be compared
across studies with different modelling extents and constraints, as the
AUC is sensitive to the set-up of the sampling design (Barbet-Massin

Fig. 7. AUC for ENM results; left) CIT in Pavlodar oblast; middle) DMA in Turkistan oblast; right) desert locust in Awash river basin.
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et al., 2012; Raes and ter Steege, 2007). According to computed AUC
values, the prediction of the ENM model for CIT was 0.835, for DMA
0.886 and for desert locust 0.693. The reason for the lower performance
within ARB can be found in the fact that the majority of the basin is quite
homogenous and only a few validation occurrence points were avail
able. The AUC result for entire East Africa and the Middle East domain
was 0.951 (Supplementary Material, Fig. 1). The lower AUC for smaller
ARB domain can be explained by the fact that the ARB region is more
homogenous and fewer validation points were available (Iturbide et al.,
2015). Additionally, the spread of presence points is more homogeneous
within smaller AOIs compared to the spread of presence points
throughout a large heterogeneous study area. Therefore, a larger spatial
extent and heterogeneous area will result in a higher model accuracy
(Allouche et al., 2006; Raes and ter Steege, 2007).
The performance for HSI results (Fig. 8) shows different outcomes
which can be explained by the occurrence points availability and dis
tribution as well as by the different index ranges within the areas. For
CIT, the AUC of HSI output for 2019 was 0.747. Compared to coarse
resolution ENM results the prediction performance of suitable breeding
sites decreased by 0.088. The AUC for DMA in Turkistan was 0.850 and
decreased slightly by 0.037. On the contrary, HSI results for desert locust
in ARB are higher with 0.801 and increased by 0.108.

vegetation density changes (e.g. desert locust). The presented approach
and derived results account for the ecological niche of the species
defined by climatic and edaphic conditions but also for species-specific
features such as fallow fields, field edges in the case of CIT or Wadis and
terrain sinks with moisture accumulation in case of desert locust.
The high HSI AUC for DMA and desert locust shows that the pre
sented approach is capable to perform a selective and accurate distinc
tion in suitable and unsuitable breeding areas at a higher spatial
resolution of 10 m. In the study regions for DMA and desert locust, there
are limiting factors for their successful breeding such as the presence of
deserts, mountains and cultivated areas. Therefore, the HSI is hetero
genic, and artificially generated absence points are distributed equally
over suitable and unsuitable areas. On the contrary, the situation in
Pavlodar oblast is very homogenous and suitable for CIT breeding. Only
wetlands, water bodies and a minor portion of regularly active fields
contribute to a low HSI. Furthermore, CIT has a wide range of preferred
habitats in general, while DMA has rather niche habitat preferences and
its distribution is limited to particular environments (Monard et al.,
2009). Therefore, given that these suitable environments can be accu
rately modeled, the habitats of DMA can be easier delineated from un
suitable environments than those of CIT. Artificially generated absence
points are distributed across larger suitable areas and the results of AUC
are less clear as random points show a higher probability in higher
suitable areas. To overcome this and other restrictions related to the fact
that only occurrence points are collected, ground truth absence locations
are required (Fielding and Bell, 1997; Lobo et al., 2008). In general,
both, selectiveness and accuracy are important for practical applications
of the presented approach, because it can improve the targeting for
surveys as well as for preventive locust chemical pest treatments which
might be needed to limit costs and environmental damage. The accuracy
depends on the species and environment of the study area. Usually,
accuracy assessment for species distribution modeling leads to higher
accuracies in more heterogeneous study areas, while in homogeneous
areas such as Pavlodar oblast the accuracy is lower. Large study areas
with easily distinguishable unsuitable habitats (e.g. high altitudes, water
bodies) will lead to higher model accuracies. Nevertheless, statistical
accuracy assessments of species distribution models are known to have
limitations, especially when presence-only reference data is the only
mean for validation (Fielding and Bell, 1997; Lobo et al., 2008).
Furthermore, effects of spatial- and temporal auto-correlation likely still
influenced the results, despite the split of the observational data and the
spatial partitioning strategy used in the modelling process. When split
ting the observational data into training and testing sets, it is assumed
these are independent (Bahn and McGill, 2013). However, it is known
that the surveyors often revisit sites of which it is known surveys were
taken in previous years (Zaniewski et al., 2002). In addition, the sur
veyed areas are also often closer to roads due to their increased
accessibility.

5. Discussion
Ground-based surveillance demands great manpower of trained re
searchers to examine vast recession areas (van Huis et al., 2007). Mil
lions of hectares have to be investigated within a narrow time window of
only a few weeks (Latchininsky et al., 2016). Therefore, up-to-date
habitat suitability maps with high spatial resolution and detail can
contribute to improve the efficiency and focus on relevant suitable
breeding areas (Cressman, 2013; Sivanpillai et al., 2009). The ENM
represents the niche of species at coarse spatial resolution mirroring
mainly climatic and edaphic conditions on a large scale. However,
several studies have shown that land management such as grazing (Le
Gall et al., 2019) or land plowing (Malakhov and Zlatanov, 2020) play
essential role for locust-human linkage. Therefore, we further fused
ENM results in a HSI model. This approach provides several advantages
and refinements such as adding more species-related parameters (e.g.
edges of fields for CIT), mirroring actual land cover by using the latest
satellite data at high spatial resolution (e.g. to map abandoned fields or
active cultivation) (Latchininsky, 2013). In this study, we modelled a
map of breeding and egg incubation suitability for three locust species.
Mapping areas suitable for egg incubation and survival at a high level of
spatial detail and higher frequency can provide year-to-year alterations
and an improved information for locust management. This is of impor
tance for species which breeding area preferences are highly dependent
on land management (e.g. CIT and DMA), or sudden soil moisture and

Fig. 8. AUC for HSI results; left) CIT in Pavlodar oblast; middle) DMA in Turkistan oblast; right) desert locust in Awash river basin.
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For further research, the availability of more reference data
including absence points and more accurate environmental variables
will reveal more opportunities to improve modeling with a more datadriven parameter tuning. A species-specific analysis and research of
relevant variables and favorable conditions will improve the final re
sults. Future investigation could adapt presented approach on larger
scale and combine it with migration paths to assess the connectivity
between separated habitats. Furthermore, in the context of global
climate change and shifting climate zones (Mahlstein et al., 2013) as
well as the alteration in land-use practices, locust habitats are also
affected. This can result in more often and more intense outbreaks due to
unusual rainfalls (Meynard et al., 2020; Salih et al., 2020; Stone, 2020;
Tratalos et al., 2010; Zhang et al., 2019). Changing climate will also
have effects on univoltine species such as CIT and DMA (one generation
per year) because of the importance of winter egg diapause and weather
conditions which detemine the survival as well as timing of hatching. In
combination with actual land management (e.g. land plowing and
overgrazing) and favourble conditions suitable areas for breeding are
changing throughout the time (Malakhov and Zlatanov, 2020). There
fore, monitoring efforts and international colaboration between affected
countries as supoorted by FAO (FAO, 2021b, 2021a, 2009) have to be
maintained and strengthend.

contribute to prioritize areas for locust management activities from
year to year.
Historical and recent locust outbreaks around the world underline
the urgent necessity for further improvement of monitoring and pre
diction technics. The potential of remote sensing applications has
received a boost over the past few years. Impoved datasets, large his
torical archives and cloud computing opportunities will further
contribute to improve locust management to timely assess risks of in
festations and take preventive and more environmentally friendly
measures by treating only areas which are actually affected. In this
context, it is important to consider all relevenat variables and speciesenvironment-climate-human interaction nexus to better interpret and
understand data and results. The innovation of this study is a multi-scale
approach which accounts not only for climatic and environmental
conditions but also for current vegetation and land management situa
tion. In this way, more explicit information can be used for risk assess
ment and early intervention to reduce monitoring costs, overuse of
chemical insectisicides (Malakhov and Zlatanov, 2020) as well as allow
spatial prioritization in case of emergency or limited budgets.
Funding

6. Conclusion

This research has been performed within the Locust-Tec project (http
s://www.locust-tec.eoc.dlr.de) funded by BMBF in the framework of
CLIENT-II program (https://www.bmbf-client.de/en).

The goal of this research was to explore whether ecological niche
modelling (ENM) and a habitat suitability index (HSI) model can be
combined to refine results for actual breeding areas of three different
locust pests. With the application of ENM as part of HSI, the information
value based on climatic and soil preference components defining locust
species’ ecological niche are maintained. In addition, up to date land
surface parameters, vegetation development and other species relevant
environmental parameters were incorporated in the HSI model. More
over, human interaction and actual land surface dynamics play a crucial
role for locust outbreaks and influence and define suitable breeding
areas. Therefore, modelling based only on climatic and edaphic vari
ables provides only the ecological niche of a species without considering
actual changes of the landscape or situation. In this study, we demon
strated a way to account for this issue by implementing different vari
ables derived from Sentinel-2 time-series analysis, which describe the
actual state of the land and in this way further narrow suitable breeding
areas within an HSI model. The presented approach for mapping eggpod incubation and breeding suitability was tested for Italian locust in
Pavlodar oblast (Kazakhstan), for Moroccan locust in Turkistan oblast
(Kazakhstan), and for desert locust in the Awash river basin (Ethiopia,
Djibouti, Somalia). Results show high potential to enable a better pri
oritization and spatial focus for field monitoring to improve planning
and control outbreaks without a significant loss in accuracy but an
improvement in spatial detail:
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– The AUC measure of the HSI maps for 2019 showed good prediction
performance of 0.747 for CIT, 0.850 for DMA and 0.801 for desert
locust.
– the areas of “very high breeding suitability” (0.8–1.0) and “high
breeding suitability” (0.6–0.8) for Italian locust in Pavlodar oblast
were 3.97% (4,970 km2) and 60.71% (75,912 km2), for Moroccan
locust in Turkistan oblast 16.20% (18,765 km2) and 7.37% (8,535
km2) and for desert locust in Awash river basin 2.82% (3,045 km2)
and 36.79% (39,733 km2).
– Compared to ENM alone, the area characterized by “very high
breeding suitability” and “high breeding suitability” reduced by
22,1% (27,633 km2), 10,68% (12,372 km2) and 22,45% (24,246
km2) respectively.
– Therefore, presented approach could enable to account for actual
land cover and consider where eggs will survive and therefore
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