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RESEARCH ARTICLE

Analysis of desert locust (Schistocerca gregaria) suitability 
in Yemen: an integrated evaluation based on MaxEnt and 
space–time cube approaches
Linsheng Huanga,b, Fanchu Konga,b, Qibao Lua,b, Wenjiang Huanga,b,c, Yingying Dongb,c, 
Jinling Zhaoa,b, Juncheng Shanga,b and Hansu Zhanga,b

aNational Engineering Research Center for Agro-Ecological Big Data Analysis & Application, Anhui University, Hefei, 
People’s Republic of China; bKey Laboratory of Remote Sensing and Digital Earth, Aerospace Information Research 
Institute, Chinese Academy of Sciences, Beijing, People’s Republic of China; cCollege of Resources and 
Environment, University of Chinese Academy of Sciences, Beijing, People’s Republic of China

ABSTRACT  
Desert locust outbreaks pose severe threats to agricultural production and 
ecological environments. Hence, understanding the distribution of habitat 
suitability is crucial for establishing effective prevention and control 
measures. We introduce an innovative method for analyzing the 
temporal and spatial variations of desert locust habitat suitability in 
Yemen. This method integrates ecological niche models with space– 
time cube analysis. First, we gathered key environmental variables that 
affect desert locust distribution, including vegetation and soil types, 
precipitation, and temperature. Subsequently, we employed the MaxEnt 
model to assess habitat suitability for desert locusts in Yemen for 2010 
and 2013–2021. Finally, we applied the space–time cube method for 
spatiotemporal analysis to reveal the spatiotemporal dynamics of 
habitat suitability distribution. The MaxEnt model results showed that 
the kappa coefficients exceeded 0.46 and the area under the curve 
exceeded 0.75. The spatiotemporal analysis results showed that from 
2010 to 2021, the Red Sea coastal plains in western Yemen exhibited 
the highest habitat suitability levels, with significant increases in habitat 
suitability in the western and central regions. This study offers a new 
perspective on studying the spatial and temporal characteristics of 
desert locust habitat suitability distribution and can provides a scientific 
basis for the management of desert locusts.
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1. Introduction

The desert locust (Schistocerca gregaria) is widely distributed across Africa, parts of Western Asia, 
and Southern Asia; it is considered one of the most devastating migratory insect pests globally 
(Latchininsky 2013; Symmons and Cressman 2001). Under the background of global climate 
change, the range and severity of locust infestation are progressively escalating (Salih et al. 
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2020). Changes in environmental conditions, such as rainfall caused by tropical cyclones, can lead 
to the rapid reproduction of locusts and the formation of swarms, posing a considerable threat to 
local agriculture and animal husbandry production and seriously affecting food security, ecological 
security, and social stability (Anyamba et al. 2005; Pandey et al. 2021; Showler and Lecoq 2021; 
Wang et al. 2021). Therefore, conducting a large-scale, continuous space–time analysis of locust 
habitat suitability is crucial (Zhang et al. 2019).

Remote sensing technology, which enables the timely acquisition of large-scale Earth obser
vation data, is widely used in studying the habitat suitability of desert locusts (Klein, Oppelt, and 
Kuenzer 2021; Latchininsky 2013). The rapid development of high spatiotemporal remote sensing 
provides a rich variety of extensive data resources for locust habitat monitoring. This condition 
considerably propels precise monitoring research on the complex surface environments of locust 
habitats and their spatiotemporal dynamic analysis (Klein et al. 2023).

Ecological niche models (ENMs) serve as a powerful tool for predicting the geographical distri
bution of species. They scientifically quantify the responses of species to environmental variables 
and forecast their potential distribution across geographic spaces (Elith and Leathwick 2009). 
Given their excellent ability to integrate interactions among environmental variables, the ENMs 
of collaborative remote sensing technology have been widely used in the study of locust habitat suit
ability (Rhodes and Sagan 2022). In their study of Moroccan locust (Dociostaurus maroccanus), 
Malakhov and Zlatanov (2020) applied remote sensing data to construct an ecological ENM that 
included 74 environmental variables, such as soil, temperature, and vegetation. By using this 
method, they identified favorable conditions for the survival of locust egg pods. Kimathi et al. 
(2020) utilized the MaxEnt model, which was originally developed by Phillips, Anderson, and Scha
pire (2006; 2017), to analyze the relationship between globally known desert locust breeding sites 
and key bioclimatic and soil environmental parameters. Subsequently, they predicted potential 
breeding areas in East Africa.

However, the contingency of the annual distribution of locusts is typically disregarded in these 
methods, and a long time-series analysis of the interannual spatial and temporal changes of locust habi
tat suitability is lacking. The introduction of relevant spatiotemporal analyses will be beneficial (Veran 
et al. 2015). Therefore, to track the changes in habitat suitability of desert locusts in time and space, 
improve the monitoring of habitat suitability, and provide methodological support and data backing 
for locust prevention and control, we introduced the space–time cube method (Montero and Vilar 
2014). We proposed a technique for analyzing the habitat suitability of desert locusts by combining 
MaXent with space–time cube. An ENM, such as MaXent, integrates the ecological niche conditions 
of desert locusts, aiding in more effectively predicting potential suitable areas. The space–time cube 
method allows tracking the trends of data changes over time and space. The combination of the 
two methods can help us analyze the trends of habitat suitability changes in deserts over a short period, 
identify key areas where habitat suitability is increasing, and generate habitat suitability mappings that 
consider spatiotemporal changes. This study provides a basis for scientifically valid monitoring and 
control measures against desert locusts to better cope with the challenges brought by these insect 
pests, making a positive contribution to the protection of ecological balance and agricultural pro
duction. It focuses on desert locusts in Yemen, with results validated through distribution datasets.

2. Materials and methods

2.1. Study area

Yemen (Figure 1) is a tropical country situated between semiarid and arid regions; it is character
ized by a hot and dry climate (Al-Falahi et al. 2020). In recent years, the proportion of Yemeni 
population that relies on agrarian employment has been continually increasing, making agricultural 
production a primary economic source for locals (Alhawamdeh 2021; Bylund 2021). However, 
Yemen is perennially under the threat of desert locusts, largely affecting the agriculturally rich 
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mountainous regions and coastal plains, which are the locations of major food production locales 
and densely populated areas (Alhawamdeh 2021).

Yemen is also particularly susceptible to the effects of climate change, with agricultural pro
duction primarily reliant on rainfall brought about by the Red Sea Convergence Zone and the Inter
tropical Convergence Zone (Varisco 2019). However, increased precipitation implies a rise in the 
risk of desert locust outbreaks (Alhawamdeh 2021; Symmons and Cressman 2001). Simultaneously, 
ongoing societal unrest in Yemen poses major challenges to the effective control of desert locusts, 
further magnifying human-induced risk factors for locust plague outbreaks in the country (Showler 
and Lecoq 2021).

2.2. Data source

In general, the growth and occurrence of desert locusts are influenced by factors, such as climate, 
vegetation, and soil. Changes in climate exert a tremendous effect on desert locust behavior, with 
historical outbreaks of desert locust plague being related to climatic variations at that time, such as 
anomalies in temperature and precipitation (Cressman and Stefanski 2016; Meynard et al. 2017; 
Salih et al. 2020). Vegetation, as the primary food source and living space for desert locusts, 
plays a significant role in the spatiotemporal distribution of desert locust habitats. The state of veg
etation distribution can heavily influence these factors (Cisse et al. 2013; Despland 2003; Despland 
and Simpson 2000; Gómez et al. 2018). In addition, female desert locusts prefer to choose warm and 
moist sandy soil for oviposition to reduce the difficulty of laying eggs while ensuring the required 
temperature and moisture for hatching (Gómez et al. 2018; Haque and Jaleel 1970; Hunter-Jones 
1970). Therefore, on the basis of these principal factors, we selected the following seven factors 
as environmental variables: annual maximum normalized vegetative index (NDVI_max), annual 
average land surface temperature (LST), daily effective accumulated temperature (ET_daily), 
annual average soil moisture content (SM_mean), annual cumulative precipitation (PR), digital 
elevation model (DEM) data, and soil sand content (SSC).

The Google Earth Engine (GEE) is an integrated geographic information platform launched by 
Google. It combines data storage, analysis, and visualization. GEE offers a wealth of geospatial 

Figure 1. Geographic location of Yemen and the distribution of desert locust occurrences in Yemen for the years 2010 and 2013– 
2021.
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data and robust computational support, effectively streamlining the preprocessing of remote sensing 
images, enhancing analysis efficiency, and saving time and resources (Gorelick et al. 2017). We used 
GEE to obtain these environmental variables and aggregated them accordingly on an annual scale.

2.2.1. Distribution data
The distribution data of desert locusts used in this study originate from the Locust Hub of the Food 
and Agriculture Organization (FAO) of the United Nations. It offers free access to distribution 
datasets on desert locust hoppers, bands, adults, and swarms from 1985 through 2021. The Locust 
Hub is a pest monitoring and control platform established by FAO, with the purpose of supporting 
global locust plague prevention and response work. By integrating various technical means, analyti
cal tools, and data resources, it provides decision-making support and technical guidance to experts 
and organizations involved in locust plague prevention and response.

2.2.2. Satellite data
The remote sensing data and products used in this study include MOD09GA and MOD11A1. 
MOD09GA is a land surface reflectance product with a spatial resolution of 500 m. It provides 
daily global surface albedo data. This data product is obtained from the Moderate Resolution Ima
ging Spectroradiometer (MODIS) sensor on the Terra satellite of the National Aeronautics and 
Space Administration (NASA). MOD11A1 is a surface temperature/emissivity data product 
based on MODIS with a spatial resolution of km. This product offers daily spectral radiance inten
sity and surface temperature data globally. The two products will be utilized to obtain NDVI_max 
and LST data for the study area in 2010 and from 2013 to 2021.

2.2.3. Geographic data and others
Similar to many undeveloped countries with water shortages, Yemen lacks sufficient long-term 
climate data records, and thus, these data can only be obtained using other means. Research con
ducted by Al-Falahi et al. (2020) discovered that the Climate Hazards Group Infrared Precipitation 
with Stations (CHIRPS) dataset accurately reflects the spatial distribution of annual precipitation 
patterns in Yemen. The CHIRPS dataset is a global climate and precipitation dataset developed 
by the University of California, Santa Barbara’s Climate Hazards Center, alongside the United 
States Geological Survey and other partners (Funk et al. 2015). It is widely used in global climate 
change research, surface water change analysis, and natural disaster prediction and management. 
In the current study, we use the CHIRPS dataset to obtain annual cumulative precipitation 
information.

The soil moisture content data used were within the 7–28 cm (m3/m3) layer obtained from the 
land component of the fifth generation of European ReAnalysis (ERA5-Land) monthly dataset. 
Referring to the degree – hour calculation method by Tu et al. (2014) and the temperature 
threshold cutoff method for the degree – day model by the University of California Integrated 
Pest Management (UC IMP n.d.), we also used the hourly surface temperature (‘skin_tempera
ture’ band) in the ERA5-Land dataset to calculate the daily effective accumulated temperature 
(ET_daily):

ET daily =
􏽘n

i=1
DDi/n, (1) 

where n is the total number of days in a year. DDi represents the desert locust effective accumu
lated temperature obtained via the DD model (Tu et al. 2014) on day i within a year, and it is 
expressed as

DDi =
􏽘24

t=1
max(0, min (Ti(t) − LT, UT − LT))/24, (2) 
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where Ti(t) is the surface temperature (°C) on day i at time t within that year. LT = 15.5°C represents 
the theoretical starting temperature required for desert locust egg development, and UT = 41°C 
denotes the highest threshold temperature for egg hatching. When temperature drops to below 
LTor exceeds UT, locust eggs cease developing (Huque and Jaleel 1970; Uvarov 1977).

The soil sand content (g/kg) used in this study is obtained from the SoilGrids250 m 2.0 dataset in 
the International Soil Reference and Information Center (Hengl et al. 2017). This dataset provides 
global soil information data with a spatial resolution of 250 m, including global soil texture, organic 
matter content, soil pH, moisture, potassium, phosphorus, and other related attribute information.

Elevation data come from the NASA digital elevation model (NASADEM) dataset with a spatial 
resolution of 30 m (NASA Jet Propulsion Laboratory 2020). To date, NASADEM is among the most 
advanced achievements in the field of global elevation models and is widely applied in watershed 
hydrology, geological research, ecosystem monitoring, and other domains.

We used the Large Scale International Boundary dataset (Geodata n.d.), provided by the United 
States Office of Geography, as a source for international boundary data. This dataset provides high- 
precision international boundary data on a global scale, including information on boundaries from 
more than 250 countries, regions, and territories.

In addition, the MODIS annual land cover dataset MCD12Q1 (LC_Type1, Annual International 
Geosphere – Biosphere Program classification) with a spatial resolution of 500 m in 2010 and 2013– 
2021 was used in this study. The data are provided by NASA’s Earth Observation System Center and 
obtained through the supervised classification of MODIS Terra and Aqua reflectance data. The data
set is updated annually and has wide applications in environmental protection, natural disaster moni
toring, agricultural management, urban planning, and global climate change research, among others.

2.3. Method

Through an exhaustive review of the literature, we identified the environmental variables that were 
necessary for studying desert locust habitat suitability and the corresponding geographic spatial 
datasets. These datasets were processed and normalized using ENMtools, a package in the R pro
gramming language (Warren et al. 2021). Subsequently, we used the MaxEnt model to explore the 
habitat suitability of desert locusts for each year and analyze their spatial distribution (Phillips et al. 
2017). Finally, in conjunction with the space–time cube method, we performed a spatiotemporal 
integrated analysis of the temporal and spatial attributes of desert locust habitat suitability. Figure 2
illustrates the overall process of our method, including the interactive relationship between each 
dataset and model, and their application status at each step.

2.3.1. Preprocessing of distribution data
We extracted distribution data for Yemen from the years 2010 and 2013–2021 from the distribution 
datasets. Data from 2011–2012 were sparse, and thus, not considered. Distribution data retrieved 
from different periods within the same year may fall within the same environmental variable 
grid or be located at the same position, leading to data redundancy. Redundant data can interfere 
with the MaxEnt model results, and they also waste storage space and computing resources. To 
eliminate data redundancy, we used ENMtools to remove redundant data distributed on the 
same grid, saving the processed data as a CSV file.

2.3.2. Selection of environmental variables
The data input of ENM requires consistent spatial range and resolution, and thus, preprocessing is 
required. To enhance the accuracy of the results, removing habitats where desert locusts cannot 
possibly survive beforehand is essential. Using ArcGIS Pro v3.0.1, the SDMtoolbox (Brown, Ben
nett, and French 2017), and land classification data from MODIS MCD12Q1, we created a land 
use mask for data from different sources. Areas unsuitable for desert locust survival, such as per
manent water bodies, forests, and urban construction lands, were masked out. To ensure consistent 
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spatial resolution and scope among various environmental variables, we resampled the masked 
environmental variables to a uniform 1 km spatial resolution. Finally, by using the Yemen national 
borders obtained from LSIB, we separately cropped the environmental variables. In this manner, we 
could eliminate the land types that desert locusts are unlikely to inhabit, more accurately predicting 
the potential distribution areas of locusts.

When using ENM, paying attention to the issue of collinearity among environmental variables is 
also important. In the modeling process, highly collinear environmental variables can lead to 

Figure 2. Technical route.
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unstable model estimates, increased difficulty in interpretation, and even affect the predictive ability 
of the model. To avoid strong collinearity among environmental variables, we used ENMtools to 
calculate the Pearson coefficients among the seven environmental variables. We only retained vari
ables with lower correlations to other factors. In general, a Pearson coefficient value of 0.80 or above 
indicates a strong collinearity relationship between two variables (Kimathi et al. 2020). Therefore, 
variables with a Pearson coefficient of < 0.80 will serve as input for the model. Ultimately, we 
selected NDVI_max, SM_mean, PR, ET_daily, and SSC as input for the MaxEnt model.

2.3.3. Annual habitat suitability analysis
In the current study, the MaxEnt model constructed based on biomod2 (Thuiller et al. 2016) was 
used to obtain the annual distribution of desert locust habitat suitability. The biomod2 package is a 
package for ENM applications; it enables the treatment of a range of methodological uncertainties 
in models and the examination of species – environment relationships (Thuiller et al. 2016). The 
MaxEnt model was first proposed by ecologists Phillips, Anderson, and Schapire (2006). The 
model is based on ecological niche theory, which states that species are restricted by environmental 
variables, employs machine learning technology, and models and predicts ecological niches by 
establishing probability density functions of species’ ecological niche distributions.

The MaxEnt model should not be treated as a black box and used only with default settings. This 
approach cannot guarantee optimal results, and thus, fine-tuning the necessary parameters is cru
cially important. In the MaxEnt model, the two most significant parameters are feature class (FC) 
and regularization multiplier (RM) (Morales, Fernández, and Baca-González 2017).

Accordingly, we used combinations of FC (L, LQ, H, LQH, and LQHPT) and RM (the value 
range is set from 0.5 to 5, with a step length of 0.5), resulting in 50 different models, with parameter 
tuning performed using ENMeval (Kass et al. 2021). R package’s ENMeval provides a flexible 
framework that allows users to choose diverse models and test different parameter combinations, 
automatically finding the optimal model and parameters. Notably, the MaxEnt model constructed 
using biomod2 is implemented by applying the Java version of MaxEnt (v3.4.3). Hence, to ensure 
consistency with the version of the MaxEnt model used in biomod2, we must use the same model to 
replace the default MaxEnt model used in ENMeval, which is located in the source files of the R 
package dismo (Hijmans et al. 2017). That is, MaxEnt in the dismo package was replaced.

To assess the performance of the models, we utilized the Akaike information criterion (AIC) as 
the evaluation criterion for the MaxEnt model (Sakamoto, Ishiguro, and Kitagawa 1986). AIC is a 
commonly used model selection criterion that considers the goodness of fit and complexity of 
models, helping users select the most appropriate one. By calculating the AIC for the 50 different 
parameter combinations of the MaxEnt models, we can identify the optimal model on the given 
dataset, enhancing the accuracy and performance of ecological niche modeling.

We can obtain the desert habitat suitability results for each year by using the selected environ
mental variables as input for the optimal models in each year. To ensure the reliability of the 
results, the model for each year was run 25 times to obtain 25 separate MaxEnt models. In 
addition, we used the area under the curve (AUC) of the receiver operator characteristic curves, 
the kappa coefficient, and true skill statistics (TSS) as validation metrics for the models. The 
kappa coefficient, TSS, and AUC are used to evaluate the performance of classifiers. However, 
the kappa coefficient and TSS measure the consistency and accuracy of classifier predictions 
with a value range of [−1, 1], while the AUC serves as a metric for assessing the discrimination 
ability of a classifier. This condition reflects the model’s ability to correctly classify positive and 
negative samples with a value range of [0, 1]. In accordance with historical experience (Allouche, 
Tsoar, and Kadmon 2006; Cohen 1960; Fielding and Bell 1997; Hanley and McNeil 1982; Mon
serud and Leemans 1992; Swets 1988), the three aforementioned evaluation indicators can be 
classified as shown in Table 1.

Furthermore, we utilized the previously generated 25 separate MaxEnt models. Using the 
model’s AUC value as a threshold, models with an AUC more significant than 0.7 were selected 
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for further fusion to obtain the final ENM. With regard to the choice of a fusion strategy, we 
adopted a weighted average approach. The weights are determined using the following formula:

wj = AUCj/
􏽘h

i=1
AUCi, (3) 

where wj represents the weight of the jth model, AUCj is the AUC value of the jth model, and h is 
the number of models with AUC greater than 0.7. The final habitat suitability can be calculated as

yi =
􏽘h

j=1
wjxij, (4) 

where yi is the habitat suitability value of the ith grid, wj is the weight of the jth model, and xij is 
the habitat suitability value of the jth model in the ith grid.

The purpose of this step was to enhance prediction accuracy and stability based on multiple 
high-quality models. The final fused ENM was used to acquire the annual suitability distribution 
results for desert locust habitats in Yemen.

2.3.4. Spatiotemporal variation analysis
We used the space–time cube method to further explore the spatiotemporal changes of desert locust 
suitability in Yemen. First, we constructed a space–time cube based on the results of the distribution 
of the suitability of desert locust habitats in Yemen in Section 2.3.3. A space–time cube refers to a 
virtual 3D data structure created using spatiotemporal data, such that effective time – space analysis 
and visualization can be performed (Figure 3). The X and Y planes represent a 2D surface of an area, 
while the Z-axis represents time.

To track the changing trend of desert locust habitat suitability distribution in Yemen over time and 
space, we conducted an emerging hot spot analysis (ArcGIS Pro n.d.-b; Montero and Vilar 2014). This 
method performs a cross-analysis of data from the spatial and temporal dimensions in the space–time 
cube, calculating the Getis – Ord (Gi*) statistic for each pixel in the dataset (Ahmadi et al. 2022). It 
allows us to obtain the distribution and trends of emerging hot spots, with categories that include new, 
persistent, intensifying, consecutive, diminishing, sporadic, oscillating, and historical hot or cold spots 
(ArcGIS Pro n.d.-a) (Table 2). Through emerging hot spot analysis, we can capture hot spot areas 
within a region where the suitability of desert locusts in Yemen changes.

In addition, we conducted a time series clustering analysis to further explore the spatiotemporal 
patterns of desert locust suitability in Yemen. The time clustering tool in ArcGIS Pro offers three 
clustering methods: similar values over a period, the same change trends, and similar repetition pat
terns. In the current study, we cluster based on similar values over a period. On the basis of the 
values from the clustering, we classified this feature class into levels, obtaining classifications for 
the suitability of desert locust habitats in Yemen.

3. Results

3.1. Importance of environmental variables

To explore which environmental variables contribute the most to the MaxEnt model, we deter
mined the importance of environmental variables for each annual model (Figure 4). The greatest 

Table 1. Classification of evaluation indicator levels.

Evaluation Indicators Poor Fair Good Great Excellent

Kappa < 0.40 0.40–0.55 0.55–0.70 0.70–0.85 > 0.85
TSS < 0.40 0.40–0.55 0.55–0.70 0.70–0.85 > 0.85
AUC < 0.60 0.60–0.70 0.70–0.80 0.80–0.90 > 0.90

8 L. HUANG ET AL.



contributor to the model over several years was PR, followed by ET_daily, while SSC made the 
least contribution. The two factors that contributed the most to the model in 2014 and 2016 
were ET_daily and NDVI_max, while for 2019, the factors were PR and NDVI_max. 
Apart from these years, the two greatest contributing factors across all remaining years are PR 
and ET_daily. This result suggests that among the five key factors (i.e. temperature, vegetation, 
precipitation, soil moisture content, and soil sand content), precipitation and temperature are the 
two most critical factors that determine whether a region is suitable for desert locusts.

3.2. Suitability distribution analysis

The kappa coefficients, TSS, and AUC values for the models of each year are not entirely consistent. The 
kappa coefficient ranges from 0.465 to 0.792, TSS from 0.435 to 0.848, and AUC from 0.757 to 0.961 
(Table 3). Referring to the rating levels in Table 1, the models that exhibited great performance 
based on the kappa coefficient and TSS were those from 2010, 2014, 2015, and 2017. Those that demon
strated good performance were from 2013, 2016, 2020, and 2021. Meanwhile, the models from 2018 and 
2019 only presented fair performance. For the AUC metric, the models from 2010, 2014, and 2015 were 
rated excellent, while the models from all the other years were rated as good. Considering the overall 

Figure 3. Creating a space–time cube based on multidimensional raster layers.

Table 2. Emerging spatiotemporal hot spot analysis patterns (ArcGIS Pro n.d.-a).

Pattern name Definition

New Hot/Cold Spot The location is identified as a statistically significant hot/cold spot at the latest time step, and it has 
never previously been identified as a statistically significant hot/cold spot.

Consecutive Hot/Cold 
Spot

The location maintains an uninterrupted sequence with two statistically significant hot/cold spot bins 
in the last time step interval. It has never been identified as a statistically significant hot/cold spot 
before the latest hot/cold spot sequence, and at most, 90% of the bins in all the intervals are 
identified as statistically significant hot/cold spots.

Intensifying Hot/Cold 
Spot

The location has been a statistically significant hot/cold spot for 90% of the time step intervals, 
including the latest time step. Furthermore, the magnitude of clustering intensity in each time step 
has generally increased, and the increase is statistically significant.

Persistent Hot/Cold 
Spot

The location has been a statistically significant hot/cold spot for 90% of the time step intervals, and no 
discernible trend has been observed to indicate that clustering intensity is changing over time.

Diminishing Hot/Cold 
Spot

The location has been a statistically significant hot/cold spot for 90% of the time step intervals, 
including the latest time step. Furthermore, clustering intensity in each time step has generally 
decreased, and the decrease is statistically significant.

Sporadic Hot/Cold Spot The location is a statistically significant hot/cold spot in the latest time step interval and has 
historically been a recurring hot/cold spot. Up to 90% of the time step intervals have been identified 
as statistically significant hot/cold spots, and none of the intervals have been identified as 
statistically significant hot/cold spots.

Oscillating Hot/Cold 
Spot

The location is a statistically significant hot/cold spot in the latest time step interval, with a history of 
being a statistically significant hot/cold spot in previous time steps. Up to 90% of the time step 
intervals have been identified as statistically significant hot/cold spots.

Historical Hot/Cold 
Spot

The location is not a hot/cold spot in the most recent time step interval but has been a statistically 
significant hot/cold spot for at least 90% of the time step intervals.

No Pattern Detected Does not fall into any of the hot or cold spot patterns defined above
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results of the three evaluation metrics, except for the models from 2018 and 2019, the models from all 
the other years achieved good performance. In 2018–2019, given the unusual climate conditions and the 
lack of effective monitoring, a significant proliferation of desert locusts was reported in Yemen, causing 
widespread damage (Salih et al. 2020; Showler and Lecoq 2021). This situation resulted in an extraordi
nary amount of anomalous distribution data (Figure 6), leading to poorer model performance com
pared with the other years. Although the models from 2018 and 2019 cannot be considered great, 
they achieved fair ratings for the kappa coefficient and TSS and a good rating for AUC.

The results of desert locust suitability distribution in Yemen (Figure 5) exhibit similarities and differ
ences among different years. In particular, the distribution of suitability in 2010, 2014, and 2015 is simi
lar, indicating that habitat suitability for desert locusts at the same location tends to be close in these 
years with a certain consistency. The suitability distributions of 2016, 2017, 2020, and 2021 also 
share some comparable characteristics. However, the patterns seen in 2013, 2018, and 2019 are clearly 
different from those in other years. This result corresponds to the geographical spread of locust infes
tations in those 3 years (Figures 6(b, g, and h)). In all the years, areas along the Red Sea coastline in wes
tern Yemen exhibit the highest suitability for desert locust survival, implying that this region has 
comparatively stable suitable conditions across various years. By contrast, the plateau and inland desert 
areas in western Yemen have relatively lower suitability, possibly because the environmental conditions 
in these regions are less favorable to desert locust sustenance.

Figure 4. Importance of environmental variables.

Table 3. Best models and their major parameters for analyzing the suitability of desert locusts in Yemen in 2010 and 2013–2021.

Year

MaxEnt major parameters

Kappa TSS AUCFC RM

2010 L 2.0 0.749 0.794 0.951
2013 LQ 2.0 0.571 0.565 0.807
2014 LQ 2.0 0.784 0.848 0.934
2015 L 1.0 0.792 0.844 0.961
2016 LQ 2.0 0.683 0.685 0.858
2017 L 2.0 0.711 0.737 0.884
2018 LQ 2.0 0.472 0.435 0.757
2019 LQ 2.0 0.465 0.439 0.766
2020 LQ 2.0 0.634 0.669 0.868
2021 LQ 2.0 0.656 0.625 0.852
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3.3. Spatiotemporal dynamic analysis

Desert locust populations and their distribution fluctuate significantly (Figure 6) under the influ
ences of rainfall and high temperature (Cisse et al. 2013; Cressman and Stefanski 2016; Haque 
and Jaleel 1970; Latchininsky and Sivanpillai 2010; Roffey and Magor 2003). Among all the years 
mentioned, the distribution data were least abundant in 2010 and 2015 (Figures 6(a and d)) and 

Figure 5. Results of desert locust habitat suitability distribution in Yemen in 2010, 2013–2021.
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concentrated on the western plains of Yemen. Between 2018 and 2020 (Figures 6(g–i)), a large-scale 
outbreak of desert locusts occurred, and their distribution spanned nearly the entire country of 
Yemen. By 2021 (Figure 6(j)), desert locust population started to decline gradually, with distri
bution patterns resembling those of 2013 (Figure 6(b)), 2014 (Figure 6(c)), and 2016 (Figure 6
(e)). The differences in distribution between years indicate variability in habitat suitability for desert 
locusts in Yemen, as illustrated in Figure 5.

To explore these spatiotemporal distribution differences, we conducted a spatiotemporal inte
grated analysis by using a space–time cube. We obtained the results shown in Figure 7 through 

Figure 6. Desert locust distribution density (Two-dimensional kernel density estimation; the brighter the color, the greater the 
density).
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an emerging hot spot analysis. This analysis shows that new hot spots are predominantly situated in 
the western San’ā Province, eastern Raimah, and western Al-Mahwit. The findings indicate an elev
ated habitat suitability in these provinces in recent years. Continuous, persistent, and intensifying 
hot spots are primarily observed along the Red Sea coast within the provinces of Hajjah, Al-Huday
dah, and Ta’izz, suggesting that these areas have historically exhibited high habitat suitability. In 
addition, the oscillating hot spots in Ma’rib, Al-Jawf, and the eastern part of the Red Sea coastal 
provinces indicate certain fluctuations in the habitat suitability of desert locusts in these regions. 
By contrast, northern Al-Jawf, eastern Hadramawt, northern Shabwah, and highland provinces, 
such as Ibb, are identified as key areas for consecutive and persistent cold spots, indicating that 
these locales consistently manifest low desert locust habitat suitability. We also noted that the 
southern areas of Hadramawt province and its neighboring provinces are key regions of diminish
ing cold spots, indicating a decreasing trend in habitat suitability for desert locusts in these locales. 
In the past decade, a significant increase in locust habitat suitability has been noted in the western 
and central regions of Yemen, particularly in Al-Hudaydah and Hajjah (Figure 8).

Figure 7. Emerging hot spot analysis.

INTERNATIONAL JOURNAL OF DIGITAL EARTH 13



By conducting a time-series clustering analysis on the space–time cube, we obtained the final 
classification of desert locust suitability levels in Yemen (Figure 9). On the basis of cluster averages 
(Figure 9(b)), we dissected suitability into five distinct levels.

Very high suitability, regions that are exceedingly conducive to the survival and multiplication of 
generations of desert locusts.

High suitability, areas that are conducive to the survival and reproduction of generations of 
desert locusts.

Moderate suitability, zones where potential adequacy exists catering to the survival and repro
duction of desert locust populations.

Low suitability, regions where the likelihood for an accommodative environment that supports 
desert locust generation is comparably low.

Unsuitable, locales that rae particularly inhospitable for the life cycle and propagation of any 
form of desert locust colonies.

The results reveal that the coastal regions of Yemen are primarily conducive to desert 
locusts. In particular, the Red Sea coasts of Hajjah, Al-Hudaydah, and Ta’izz Provinces, 
and the areas along the Gulf of Aden are identified as areas of very high or high suitability. 
The provinces of Ma’rib, Al-Jawf, and Hadramawt primarily constitute areas with moderate 
suitability. Low suitability regions are predominantly found in the eastern and northern 
parts of Al-Jawf, northern Hadramawt, and northern Shabwah. Unsuitable regions include 
the Western plateau, Southern plateau, inland desert zones, and a major part of Yemen’s east 
and southern Hadramawt, collectively accounting for the largest area among all the 
classifications.

Figure 8. Trend of habitat suitability changes.
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4. Discussion

Traditionally, the analysis of locust populations and their habitats is largely based on technical means, 
such as ground surveys based on expert experience and biological models that integrate expert knowl
edge. These methods typically require high professional background and suffer from the problems of 
high cost and poor representativeness (Cressman 2013; Latchininsky and Sivanpillai 2010; Sword, 
Lecoq, and Simpson 2010). Therefore, the relatively economical high-resolution latest suitability 
map can help improve monitoring efficiency and focus on key breeding areas (Cressman 2013; 
Klein et al. 2023). ENM, as a commonly used habitat suitability analysis tool, has been proven to 
be effective in the management of locusts (Kimathi et al. 2020; Klein et al. 2022). However, conducting 
large-scale and long-term studies on dynamic changes is beneficial for formulating effective pest con
trol and management strategies (Veran et al. 2015). Therefore, this study builds on the ENM model, 
incorporating spatiotemporal integrated analysis. Compared with conventional ENM model 
research, this method offers several advantages and innovations. We focus on the spatiotemporal 
analysis of suitability, employing emerging hot spot analysis and time-series clustering analysis to 
reveal the spatial distribution patterns and temporal trends of desert locust habitat suitability. By 
identifying persistent hot spot areas, monitoring and control resources can be deployed preferen
tially, while identifying cold spot areas helps exclude regions of relatively low risk. Time-series clus
tering analysis avoids the use of empirical numerical divisions to habitat suitability levels and 
considers long-term changes in habitat suitability, making the results more scientifically rigorous. 
Furthermore, the trends in habitat suitability revealed by this research are significant for predicting 
future habitat changes and formulating long-term management strategies.

This study found that the reliability of the MaxEnt model is more related to the distribution of desert 
locust data rather than quantity. Years with relatively concentrated data, such as 2010 and 2015, usually 
have higher reliability, while years with dispersed data distribution, such as 2018 and 2019, typically 
exhibit weaker reliability. However, the favorable validation indices of the multiyear MaxEnt model 
(kappa > 0.46, TSS > 0.43, AUC > 0.75) demonstrate that the constructed MaxEnt model possesses 
strong discriminative ability. The variable importance of the model indicates that the spatiotemporal 
variation in the suitability distribution of desert locust habitats is attributed to changes in climate, par
ticularly variations in precipitation and temperature. This finding is consistent with the conclusions of 
existing research (Meynard et al. 2017; Salih et al. 2020). Climate warming may lead to a geographical 
shift in the temperature range preferred by desert locusts, while changes in precipitation patterns 
directly affect the moisture conditions of their breeding grounds (Cressman and Stefanski 2016; 
Haque and Jaleel 1970; Hunter-Jones 1970; Roffey and Magor 2003). Through emerging hot spot 

Figure 9. (a) Time-series clustering results. (b) Average values of analytical variables at each time step for each cluster.
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analysis, we obtained some interesting information that traditional ENM analysis methods do not pro
vide. For example, suitability in Al-Hudaydah province has significantly increased over the past decade, 
indicating that it is becoming increasingly favorable for the survival of desert locusts. This finding may 
be related to the rise in temperature in Al-Hudaydah Province (Iraqi and Abdallah 2022). The results of 
the time-series clustering analysis indicate that our study can distinctly differentiate between suitable 
and unsuitable areas for desert locusts. Regions of medium to high suitability are primarily distributed 
along the coasts of the Red Sea, the Gulf of Aden, and the Arabian Sea, and inland areas, such as Al-Jawf, 
Marib, Shabwah, Hadramaut, and Al-Mahrah, which are the typical breeding areas in Yemen (Alha
wamdeh 2021; Symmons and Cressman 2001). The above results suggest that our proposed research 
method can provide references for desert locust management under the background of global climate 
change, and thus, it has profound implications for protecting the food supply chain, maintaining eco
logical balance, and promoting sustainable development.

Although this study offers some unique insights, it also has certain limitations. The effectiveness 
of clustering results from the space–time cube is contingent upon the output from the MaxEnt 
model. Moreover, establishing a space–time cube necessitates at least 10 time steps, and thus, the 
methodology proposed in this work can only be applied to studies with sufficiently abundant 
time-series data. In addition, while building our annual habitat suitability models, we leaned exclu
sively on the MaxEnt model. Utilizing a single model may have some limitations. Supplementing it 
with other ENMs, such as generalized linear models, may potentially yield more scientifically robust 
and accurate predictive results. Regarding environmental variable selection, we did not consider the 
effect of human activities on desert locust habitats. Soil information was only limited to soil sand 
content and moisture, i.e. factors that influencing the seasonal migration of desert locusts, such 
as wind direction, were not considered. In our future research, we plan to use a combination of mul
tiple ENMs and incorporate more variables, such as human activities, into our considerations.

5. Conclusion

Desert locusts are short-lived insects that exist in enormous numbers and pose severe threats to agri
culture and the economy. To explore the potential habitat distribution of desert locusts in Yemen, we 
employed an ENM, namely, MaxEnt, and a space–time cube method to analyze their suitable areas 
and distribution changes. When using the MaxEnt model to predict suitable areas for desert locusts, 
we incorporated several environmental variables, such as vegetation, climate, and soil, along with the 
daily effective accumulated temperature calculated based on the degree day model for our study. 
Thereafter, we constructed a space–time cube of the suitability of desert locusts in Yemen. Through 
emerging hot spot analysis and time-series clustering, we analyzed changes in habitat suitability for 
desert locusts across temporal and spatial dimensions. Through these analyses, we produced a distri
bution map of Yemen desert locust suitability that fully considers spatiotemporal changes. The results 
suggest that the regions along the Red Sea coast represent the most conducive environments for the 
sustenance of desert locust populations in Yemen. These research findings can offer significant refer
ences for formulating management and control strategies for desert locusts.
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