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A B S T R A C T   

Grasshoppers, as pernicious pests, pose a formidable threat to the advancement of agriculture and animal hus
bandry. Their presence can elicit a cascade of environmental challenges, underscoring the pressing need for 
effective control measures. However, grasshopper development is an intricate process influenced by diverse 
environmental factors with varying weights across regions, making it difficult to prevent and control. Therefore, 
this study focused on the prevalent infestation region, Xilingol, and selected Dasyhippus barbipes as the research 
subject because of its highest density and largest damaged area. Initially, according to the development mech
anisms of D. barbipes, 31 habitat factors from five categories (meteorology, vegetation, soil, topography, and 
ecology) were selected; then, difference tests, correlation analysis, importance tests, and principal component 
analysis were applied to construct representative indicators for monitoring the habitat of D. barbipes (HDB). 
Subsequently, employing the occurrence data of D. barbipes from 2018 to 2023, a spatial pattern analysis was 
conducted to explore the hotspot aggregation area (HAA) and spatiotemporal characteristics of D. barbipes. 
Finally, considering landscape and spatial heterogeneity, the Landscape-based Geographically Weighted Logistic 
Regression (L-GWLR) model for HDB was constructed to achieve adaptive changes in factor weights across re
gions. The indicators included minimum temperature during the egg stage, precipitation, and soil temperature 
during the spawning stage, slope, fractional vegetation coverage in the nymph stage, soil moisture in the 1st to 
3rd nymph instar, patch area, and gyration radius. The spatial pattern analysis revealed a significant spatial 
autocorrelation in the distribution of D. barbipes at a 90 % confidence interval (z > 1.65 and p < 0.1), and HAAs 
were concentrated in West Ujimqin, XilinHot, and ZhengLan. The habitat monitoring results demonstrated the 
superior performance of the L-GWLR model over models neglecting landscape or spatial heterogeneity. These 
findings provide essential support for the environmentally friendly scientific control of grasshoppers, contrib
uting significantly to the sustainable development of agriculture and animal husbandry.   

1. Introduction 

Grasslands are crucial components of terrestrial ecosystems and play 
vital roles in preserving water sources, protecting biodiversity, and 

safeguarding food production ( Petermann and Buzhdygan, 2021). 
Grasslands, which include open grasslands, grassy shrublands, and sa
vannas, account for about 40 % of the Earth’s surface and 69 % of its 
agricultural land area (O’ Mara, 2012). However, grassland ecosystems 

Abbreviations: D2, Percentage Deviance Explained; GYRATE, Radius of Gyration; HAA, Hotspot aggregation area; L-GWLR, Landscape based Geographically 
Weighted Logistic Regression; N1SM, Soil moisture of the 1th to 3th nymph instar; Nfvc, FVC in the nymph period; OLS, Ordinary Least Squares regression; OMinT, 
Minimum temperature in the egg stage; SP, Total precipitation in the spawning period; SST, soil temperature in the spawning period. 
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encounter massive threats from insect pests, leading to considerable 
damage such as grassland degradation and land desertification. Conse
quently, grassland degradation and land desertification can exacerbate 
insect pest proliferation, thereby initiating a destructive cycle. Among 
the various pests, one of the most formidable threats is grasshoppers, 
which are widely distributed in grassland regions, affecting a population 
of up to 850 million people and causing significant impacts (Chen, 
2008). 

China has suffered from locust plagues over its long history, tracing 
back to the oracle bone script period. Grasshoppers are prevalent in 13 
provinces and autonomous regions in China, including Inner Mongolia, 
Xinjiang, and Gansu. The annual average grasshopper infestation area in 
these regions was approximately 40 million hectares. At an average 
grass yield loss of 450 kg/ha and value of 0.3 yuan/kg (Tu et al., 2015), 
the direct economic losses caused by grasshoppers in China reach nearly 
5 billion yuan annually. One of the most severely affected regions is 
Xilingol, which has various grasshopper species owing to its rich di
versity of grassland types, favorable climatic conditions, and expansive 
grassland areas. The most damaging grasshoppers in recent years is 
Dasyhippus barbipes (Fischer-Walheim), with densities reaching 167 in
dividuals/m2. Notably, economic and ecological losses occur when the 
density exceeds 22.7 individuals/m2 (Qiu et al., 2004). Therefore, 
monitoring measures and early warning systems must be developed to 
minimize losses. 

The current monitoring methods for grasshoppers primarily include 
field surveys and remote sensing. Field surveys can achieve a high ac
curacy in localized areas. However, China, which has the largest global 
grassland area, faces challenges in meeting the demand for precise large- 
scale pest control only using field surveys. Moreover, the ongoing effects 
of climate change and human activities have led to dynamic shifts in 
their suitable habitats (Sivakumar et al., 2013; Zhang et al., 2019; 
Meynard et al., 2020), further complicating grasshopper prevention and 
control efforts. With the advancement of remote sensing technology, 
satellites with high spatiotemporal resolution have formed into moni
toring networks. Coupled with fundamental geographic, land use/land 
cover, long-term meteorological reanalysis, and ground-based survey 
data, a wealth of spatiotemporally continuous and diverse data re
sources has been provided for the dynamic monitoring of pests. This has 
enabled large-scale continuous monitoring wherever possible (Waldner 
et al., 2015; Löw et al., 2016). 

However, owing to the small size of grasshoppers, which are 
approximately a few centimeters in length, existing optical remote 
sensing technologies struggle to achieve such a fine spatial resolution, 
making it challenging to directly monitor and identify them from sat
ellite imagery. Consequently, current remote sensing-based locust 
monitoring studies often focus on acquiring habitat factors closely 
associated with the developmental stages of locusts, such as vegetation, 
meteorological conditions, soil characteristics, and topography, and 
identifying their impact mechanisms on locust growth, development, 
and reproduction (Latchininsky, 2008; Gómez et al., 2019; Ahmad et al., 
2022; Klein et al., 2023). Certain studies have monitored and analyzed 
the evolution of locust habitat using expert models, machine learning, 
deep learning, and ecological niche models and have yielded significant 
positive outcomes (Tappan et al., 1991; Piou et al., 2013; Zhao et al., 
2020). 

In summary, extensive research has been conducted on the mecha
nisms of locust occurrence and the influence of habitat factors, as well as 
on monitoring the habitat of locusts. However, several problems remain 
unresolved. The grasshoppers exhibit diverse types, and the occurrence 
and development of each species are influenced by multiple habitat 
factors. Consequently, the interaction mechanisms between different 
species of grasshoppers and habitat factors vary. Moreover, the regional 
characteristics and dominant factors differ among the various regions. 
Therefore, this study aimed to accomplish the following objectives: 1) 
establish representative monitoring indicators for D. barbipes based on 
its developmental mechanisms; 2) identify the hotspot aggregation area 

(HAA) and spatiotemporal characteristics of D. barbipes; 3) develop a 
continuous and dynamic monitoring model for the habitat of D. barbipes 
(HDB), considering landscape and spatial heterogeneity, and analyze the 
driving factors that influence its spatiotemporal evolution. The results 
can be developed as methodological support to guide related grass
hoppers’ precautions and control and are beneficial for ensuring 
ecological environment security and promoting sustainable husbandry 
development. 

2. Materials and methods 

To begin, we applied the degree day model to ascertain the devel
opmental stages of D.barbipes based on its development mechanism. 
Subsequently, we identified environmental factors influencing the 
growth of D.barbipes, including vegetation, meteorology, soil, topog
raphy, and landscape. Difference tests, correlation analysis, importance 
testing, and principal component analysis were utilized to construct the 
most representative monitoring index. Moreover, we employed global 
and local spatial autocorrelation analysis methods alongside kernel 
density analysis to unveil the spatial characteristics of D.barbipes. 
Leveraging these findings and considering both the spatial characteris
tics of D.barbipes and the landscape, we constructed the L-GWLR model 
to monitor habitat dynamic changes. Finally, we analyzed the driving 
factors behind these habitat dynamic changes (Fig.1). 

2.1. Study area 

The study area is located in Xilingol, Inner Mongolia Autonomous 
Region, China (Fig. 2) (41.57◦–46.77◦N, 111.14◦–119.98◦E), and covers 
two county-level cities, one county, nine banners, and one administra
tive district spanning a total area of 203,000 km2 (Lian and Leng, 2007). 
The grassland area within the region is approximately 191,400 km2 (Liu, 
2020), and encompasses various types, such as typical temperate, 
temperate meadows, and temperate desert grasslands (Huang et al., 
2009; Dong et al., 2022). The expansive grassland area and varied 
grassland types contribute to the diverse range of grasshopper species in 
the research area, totaling 59 species spanning the early, mid, and late 
stages (Guo, 2007). In Xilingol, the grasshopper infestation area reaches 
up to 16 million mu annually, with the primary damaging species being 
D. barbipes (Fischer-Walheim), Oedaleus decorus asiaticus (B.-Bienko), 
Paracyptera microptera (Ikonnikov), and Angaraciris barabensis (Pallas) 
(Shen et al., 2015). Among these, the most numerous and densely 
populated species (up to 176/m2) in recent years is the early-stage 
species D. barbipes, which causes severe damage to multiple banners 
and counties, including West Ujumqin, East Ujumqin, XilinHot, Zheng 
Lan, Xiang Huang, Zheng Xiang Bai, and Duo Lun. Therefore, this study 
focuses on the research of D. barbipes as the target species. 

We divided the study area into four sub-regions. Area 1 encompasses 
five counties, including Zheng Lan, Xiang Huang, Zheng Xiang Bai, 
TaiPuSi, and Duo Lun. These counties share similar habitat conditions 
for grasshoppers. Area 2 includes XilinHot, West Ujumqin, Abaga, Sunit 
Right, and Sunit Left. Among them XilinHot and West Ujumqin are more 
susceptible to grasshopper infestations, resulting in the highest level of 
damage each year. Area 3 primarily consists of East Ujumqin (excluding 
WuLaGai), while Area 4 refers specifically to WuLaGai within East 
Ujumqin. Although WuLaGai is geographically part of East Ujumqin, it 
shares a border with Mongolia and experiences colder weather 
compared to other farmlands in East Ujumqin. Additionally, the grass
land type in WuLaGai differs from that of the surrounding areas. Hence, 
we delineated it as a separate area within our study. 

2.2. Data acquisition and processing 

2.2.1. Satellite data 
The MOD11A1 and MOD13A2 products of MODIS, spanning the 

period from 2017 to 2023, were employed to acquire the land surface 
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Fig. 1. Flowchart of the paper.  

Fig. 2. Location map of the study area.  
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temperature and normalized difference vegetation index. The land sur
face temperature data consisted of both mean and minimum tempera
ture with a temporal resolution of 1 day and a spatial resolution of 1 km. 
Normalized difference vegetation index data were used to compute the 
Fractional Vegetation Cover (FVC) with a temporal resolution of 16 days 
and a spatial resolution of 1 km. 

2.2.2. Meteorological data 
The meteorological data utilized in this study, spanning from 2017 to 

2023, consisted of several datasets, which includes the ERA5_LAND 
dataset (band: soil temperature level 1) (Geng et al., 2020), precipitation 
data sourced from the European Centre for Medium-Range Weather 
Forecasts and Global Precipitation Measurement (band: precip
itationCal), and Soil Moisture Active Passive data (band: sm_surface). 
The soil temperature data encompassed mean and minimum soil tem
peratures. These datasets maintain a spatial resolution of 9 km for soil 
temperature and moisture, while precipitation data is at a spatial reso
lution of 10 km. Additionally, the temporal resolution for soil temper
ature, soil moisture, and precipitation data is 1 h, 3 h, and 3 h, 
respectively. 

2.2.3. Soil and topography data 
In general, the soil type, nitrogen, pH, clay type, and topography 

(ground elevation, aspect, and slope) in the study area remained un
changed. Consequently, this study posits that these conditions remained 
relatively stable throughout the study period. Soil-type data were 
sourced from a national database updated in 2015. Soil nitrogen (5–15 
cm), pH (5–15 cm), and clay (5–15 cm) data were acquired from Soil
grids 250 m (https://www.soilgrids.org). 

All satellite, meteorological, soil, and topographic data were down
loaded and calculated using the Google Earth Engine. After pre
processing, which involved mosaicking, masking, and re-projection, all 
data were resampled to a spatial resolution of 1 km. 

2.2.4. Landscape data 
The landscape data used in this study were derived from a 

vegetation-type dataset provided by the Institute of Geographic Sciences 
and Natural Resources Research, Chinese Academy of Sciences (Du 
et al., 2022). The study area encompasses 105 vegetation types 
distributed across 1042 patches. 

2.3. Field campaign 

The data used in this study were collected through field surveys 
conducted between 2018 and 2023. Experiments were conducted in 
accordance with the standards of the agricultural industry of the Peo
ple’s Republic of China (NY/T 1578–2007, rules for investing locality 
and grasshopper in grassland). The investigation treated each pasture as 
a basic unit. The minimum average interval for setting up the sampling 
plots was 10 km. Each sampling plot measured 1 × 1 km to maintain 
consistency with the spatial resolution of the habitat indicator data. 
Within each sampling plot, 10 sub-plots with a size of 1 × 1 m were 
randomly selected to collect the geographical coordinates, grasshop
pers’ numbers, types, and densities within each plot. Field surveys were 
undertaken between 09:00–17:00 on sunny days and conducted annu
ally during the nymph and adult periods of D. barbipes (May to July) 
from 2018 to 2023 in the study area. A total of 501 occurrence points 
and 519 non-occurrence points for D. barbipes were obtained (Fig. 2b, 2c, 
2d). 

2.4. Monitoring indicators 

The grasshopper life cycle is divided into three stages: egg, nymph, 
and adult (Vennard et al., 1998). During each stage, the temperature is 
the primary factor influencing grasshopper growth and development 
(Ge et al., 2009). They must reach an initial temperature and accumulate 

a defined amount of heat to transition to the subsequent stage; other
wise, they enter a state of diapause. Previous studies did not divide the 
study area into subregions but rather assumed uniformity in the growth 
and development of grasshoppers within the Xilingol. Moreover, they 
employed empirical methods to define the developmental stages of 
grasshoppers. (Guo et al., 2023). However, owing to temperature vari
ations, the developmental time of D. barbipes within the research area 
exhibits some inconsistencies. In the southern and northern regions, the 
peak hatching period generally occurs in April and May, respectively. 
Thus, relying on experiential knowledge may introduce inaccuracies in 
identifying the precise developmental period of D. barbipes, which is a 
crucial prerequisite for habitat factor selection. To more accurately 
obtain the developmental period of D. barbipes, this study, based on the 
historical occurrence patterns of D. barbipes and environmental condi
tions, divided the research area into four sub-regions. By combining the 
growth and development mechanisms of D. barbipes (Bai, 2012) with the 
degree day model, we calculated their growth and development in each 
sub-region. The effective accumulation temperature for D. barbipes was 
obtained from Chen et al. (2008). 

Various factors impact the occurrence and development of grass
hoppers, including meteorology, soil, vegetation, topography, and 
ecology (Pegel et al., 2019; Geng et al., 2022; Bernard et al., 2023). The 
meteorological factors that play a pivotal role include soil temperature, 
surface temperature, and precipitation. Soil type, pH, and sand content 
influence their distribution (Edwards and Epp, 1965), and soil moisture 
is closely related to the hatching rate (Gómez et al., 2020). Vegetation, 
which is the main habitat and food source for grasshoppers, is important 
for oviposition, hatching, and growth. Vegetation type influences their 
feeding preferences, with O. decorus asiaticus preferring Leymus chinensis 
(Li et al., 2021), while Asian migratory locusts preferring reeds (Guo 
et al., 2022). Topographical factors also play a crucial role in grass
hopper distribution. Research indicates that grasshoppers are primarily 
located in regions with elevations of 1400–1500 m (Wachter et al., 
1998). Slope determines the distribution and feeding patterns of grass
hoppers (Coxwell and Bock, 1995). 

Furthermore, landscape play a pivotal role in grasshopper occur
rences. Due to the significant influence of vegetation types on grass
hopper feeding and habitat suitability, this study regarded vegetation 
type as a vital factor in examining the impact of landscape characteris
tics on the distribution of D. barbipes. At the patch scale, this study 
selected eight indicators reflecting landscape area, edge, and shape 
characteristics (Table S1) and calculated the corresponding landscape 
indicators using Fragstats 4.2 software (http://www.umass.edu/lande 
co/research/fragstats/fragstats.html). In summary, this study selected 
14 static and 17 dynamic factors (Table S1), covering meteorology, soil, 
vegetation, topography, and landscape categories across the three life 
stages of grasshoppers. 

To construct the most representative monitoring indicators for HDB, 
1020 points over six years were employed for subsequent analysis. First, 
normal distribution tests were applied to assess the distribution char
acteristics of each factor, and appropriate differential test methods were 
selected based on the distribution characteristics. Specifically, t-tests 
were used for normally distributed factors, Wilcoxon rank-sum tests for 
non-normally distributed factors, and chi-square tests for categorical 
variables. Factors with no significant differences in the 95 % confidence 
interval (p-value > 0.05) were eliminated. To avoid strong correlations 
between variables, we conducted a Spearman correlation analysis on 
factors with significant differences. During the variable selection pro
cess, the random forest method was employed to assess the importance 
of the indicators. The factors that displayed correlations exceeding 0.8 
and gained lower importance were removed (Xu et al., 2018). 

Landscape variables differ from local habitat variables. Therefore, 
testing methods for local variables may not be applicable. This study 
adopted correlation analysis and Principal Component Analysis (PCA) to 
optimize landscape variables. First, a correlation analysis was conducted 
on landscape factors to explore significant correlations between 
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variables. In instances where the correlation between two variables 
exceeded 0.8, the PCA method was used to optimize the variables. 
Finally, the landscape indicators with the greatest impact on the 
D. barbipes were retained. 

2.5. Spatial pattern analysis for D. barbipes 

The distribution of grasshoppers in the prairie is not random (Gauffre 
et al., 2015); instead, it exhibits certain spatial characteristics. Conse
quently, this study aimed to explore the HAAs and spatiotemporal fea
tures of D. barbipes to elucidate its spatiotemporal distribution pattern. 
Based on historical occurrence data from 2018 to 2023, the Global 
Moran’s I index was applied to assess the overall spatial autocorrelation 
of D. barbipes. Within the 90 % confidence interval, a z-score > 1.65 with 
a p-value < 0.1 indicated significant positive spatial autocorrelation, 
while a z-score < –1.65 with a p-value < 0.1 showed significant negative 
spatial autocorrelation. 

After analyzing the overall spatial characteristics of D. barbipes, a 
local significance hotspot analysis was conducted using the Getis-Ord 
General Gi* statistic (Getis and Ord, 1992). This statistic identifies sta
tistically significant hotspots by calculating the value of each geographic 
element and determining whether the units belong to a particular hot
spot. Assuming normal distribution testing at a 5 % confidence interval, 
hotspots were identified among units with a z-score > 1.96 and a sig
nificant p-value < 0.1. 

To further explore the HAA and spatiotemporal distribution patterns 
of D. barbipes, the Kernel Density Estimation method was employed by 
analyzing the significant hotspots. Finally, the Standard Deviation El
lipse (SDE) was employed to reveal the overall spatial distribution and 
spatiotemporal variation characteristics of D. barbipes. 

2.6. HDB monitoring model with landscape and spatial heterogeneity 

Grasshoppers are influenced not only by local habitat factors but also 
by landscape factors. Landscape type and number of patches can affect 
species distribution (Steck et al., 2006). Many studies on grasshoppers 
focus solely on local factors, this limitation weakens the accuracy of the 
model (Shi et al., 2018; Geng et al., 2020; Zhao et al., 2020). The 
landscape factors have contributed to the occurrence of grasshoppers. 
Furthermore, the impact of multi-source habitat factors on grasshopper 
occurrence is not constant. The weights of these factors vary across 
different regions, leading to spatial autocorrelation and heterogeneity in 
grasshopper occurrence (Humphreys et al., 2022). Hence, models 
overlooking landscape and spatial variabilities are incomplete. 

Building on the aforementioned analysis and the monitoring in
dicators established in Section 2.4, this study constructed an L-GWLR 
model for HDB combined with the advantages of Logistic Regression 
(LR) and Geographically Weighted Logistic Regression (GWR), which 
considers multi-source factors, landscape, and spatial heterogeneity. 
The model’s expression is shown in Equation (2)–(2): The probability of 
grasshopper occurrence at the location is denoted as P, and the proba
bility of no grasshopper occurrence at the same location is (1 − P). 
Therefore, the probability of grasshoppers occurring at the location can 
be represented as follows: 

P(Y = 1) =
exp(α0(ui ,vi) + α1(ui ,vi)xi1 + α2(ui ,vi)xi2 + ...+ αn(ui ,vi)xin)

1 + exp(α0(ui ,vi) + α1(ui ,vi)xi1 + α2(ui ,vi)xi2 + ...+ αn(ui ,vi)xin)
=

1
1 + α0(ui ,vi) + α1(ui ,vi)xi1 + α2(ui ,vi)xi2 + ...+ αn(ui ,vi)xin

(2-2)  

After applying the Logit transformation, we have 

Logit(P) = ln
P

1 − P
= α0(ui ,vi) + α1(ui ,vi)xi1 + α2(ui ,vi)xi2 + ...+ αn(ui ,vi)xin

(2-3)  

Finally, the parameters of the local regression model for location can be 
obtained using the weighted least squares method: 

α̂(ui ,vi) =
(
XT W(ui, vi)X

)− 1XT W(ui, vi)logit(P) (2-4)  

where (ui, vi) are the geographical coordinates of i, 
α0(ui ,vi) +α1(ui ,vi)xi1 +α2(ui ,vi)xi2 +...+αn(ui ,vi)xin is the estimated value, 
W(ui, vi) is the matrix weight, and X represents the matrix of explanatory 
variables. 

To compare the applicability and accuracy of these models, this 
study employed L-GWLR, GWR, LR, and classical Ordinary Least Squares 
(OLS) regression model models to explore the optimal monitoring 
method. Model performance was evaluated using two accuracy metrics: 
the percentage deviance explained (D2) and the Akaike Information 
Criterion (AIC). Higher D2 values indicate better explanatory effects of 
the independent variables on the dependent variables, reflecting stron
ger model interpretability. Lower AIC values indicate better model 
fitting. 

On this basis, regarding the study of monitoring grasshopper habitat 
in Xilingol (Guo et al., 2023), the monitoring results of D. barbipes were 
classified into three levels based on the probability of occurrence: less 
suitable (0 < P ≤ 0.5), moderately suitable (0.5 < P ≤ 0.7), and most 
suitable (0.7 < P ≤ 1). Subsequently, this study analyzed the spatio
temporal evolution changes of HDB and revealed the driving factors 
behind their spatiotemporal changes. 

3. Results 

3.1. Construction of monitoring indicators 

This study employed the degree day model, coupled with the growth 
and development mechanisms of D. barbipes, to calculate developmental 
periods in four sub-regions. The results (Fig. 3a) showed that the egg 
stage was the longest during generational development, spanning from 
September of the current year to April of the subsequent year. The 
nymph stage persisted for approximately 2–3 months, with Area 4 being 
the longest (94 days), and Area 3 being the shortest (71 days). The 
significant difference was primarily due to Area 4 reaching the initial 
developmental temperature in mid-April. During this period, most 
night-time temperatures in Area 4 were below the initial developmental 
temperature; therefore, only daytime conditions were met for temper
ature accumulation. In contrast, Area 3 started egg incubation with an 
average temperature of 10–12 ◦C, enabling it to accumulate more heat. 
Consequently, less time was required to complete the incubation in Area 
3. 

Based on the calculated results of the D. barbipes developmental 
period, the habitat factors of the corresponding period were obtained. 
Among the 31 factors, soil pH, the temperature of the 1st to 3rd nymph 
instar, soil temperature of the egg stage, and aspect (Fig. S1) did not 
have a significant effect on the occurrence of D. barbipes (p > 0.05) and 
were therefore removed. Fig. 3b shows some important factors that 
significantly affected D. barbipes (p-value < 0.05). The minimum tem
perature in the egg period (OMinT) in the no-grasshopper occurrence 
areas was significantly higher than in grasshopper occurrence areas, 
with an average temperature difference of 7.2 ◦C. Furthermore, the 
findings indicated that total precipitation during the spawning period 
(SP) also significantly influenced the occurrence of grasshoppers. In 
areas without grasshoppers, the total precipitation was 199.79 mm, 
whereas in areas with grasshoppers, it was 917.32 mm. Insufficient 
precipitation during the spawning period hinders vegetation growth, 
restricting the availability of food sources essential for grasshopper 
survival. This study also identified FVC in the nymph stage (Nfvc) as a 
pivotal factor in determining the occurrence of grasshoppers. The 
average FVC in D. barbipes was 0.26, in contrast, the average FVC in non- 
occurrence areas was only 0.14, indicating an insufficient food supply 
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for grasshoppers to sustain their normal life activities under these con
ditions. The results also underscored slope as a critical factor influencing 
grasshopper distribution, with grasshopper occurrence areas exhibiting 
higher slopes than non-occurrence areas. 

After eliminating the factors that showed no significant differences, a 
correlation analysis was conducted (Fig. 3c). Subsequently, to ensure 
robust variable selection, the study utilized the random forest algorithm 
to assess the variable importance, as depicted in Fig. 3c. Factors with 
correlations > 0.8 and lower importance scores were excluded. SP, 
OMinT, Nfvc, soil temperature in the spawning period (SST), and soil 
moisture of the 1st to 3rd nymph instar (N1SM) exhibited high impor
tance scores, and their correlations with other factors were < 0.8; thus, 
they were retained. However, despite scoring high in the importance 
test, variables such as soil sand and nitrogen were removed because of 
their lack of significant correlation with numerous other factors. 

Additionally, we conducted a correlation analysis of landscape in
dicators (Fig. 3d) and employed PCA to select landscape factors. Prin
cipal components with a cumulative contribution > 80 % were selected 
for the analysis (Fig. 3e) (Ghosh-Dastidar et al., 2008). The PCA results 
revealed that at the patch scale, GYRATE contributed the most to the 
first principal component, whereas AREA contributed the most to the 
second. Therefore, these two variables were selected as variables. The 

GYRATE and AREA are the area and edge index, which means the Radius 
of Gyration and the area of each patch, respectively. In summary, the 
monitoring system included eight variables: SP, OMinT, Nfvc, SST, 
N1SM, Slope, AREA, and GYRATE. 

3.2. Spatial pattern characteristics of D. barbipes 

The spatial autocorrelation results for D. barbipes from 2018 to 2023 
(Fig. S2) showed that the z-scores fluctuated between 1.74 and 14.28 at 
a 90 % confidence interval, which were all > 1.65 and had a p-value of 
< 0.10, suggesting that instead of being random, D. barbipes occurrence 
has a spatial autocorrelation. 

Exploring the spatiotemporal dynamics of D. barbipes distribution in 
Xilingol from 2018 to 2023 revealed the following patterns: 1) HAAs 
were predominantly concentrated in Zheng Lan, XilinHot, West Ujum
qin, and East Ujumqin. Notably, XilinHot and West Ujumqin consistently 
displayed significant aggregation characteristics each year (Fig. 4); 2) 
the results of aggregation direction and trends (Fig. 5) indicated that the 
aggregation directions had slight variations each year, but had a 
consistent trend of aggregation from southwest to northeast in all years; 
and 3) the centroids of D. barbipes were mainly situated in XilinHot and 
West Ujumqin (Fig. 5). From 2018 to 2021, the centroid continuously 

Fig. 3. Results of HDB monitoring indicators construction; (a) Calculation results of the developmental stages of D. barbipes; (b) Test results of factors with significant 
differences; (c) Analysis of local habitat factor correlations and importance test results; (d) Analysis of landscape variable correlations; (e) PCA results of land
scape factors. 
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moved in a northeast direction, shifting northwest in 2021–2022 and 
southward in 2022–2023. 

The spatial distribution patterns for each year were as follows: in 
2018, three main HAAs for D. barbipes were identified, mainly located in 
Zheng Lan, Zheng Xiang Bai, XilinHot, and West Ujumqin. The centroid 
of the occurrences was situated in XilinHot. In 2019, the monitoring 
results also revealed three HAAs, with longer short axes of the SDE, 
indicating an east–west expansion of the HAA. The centroid of 
D. barbipes occurrences moved northward (Fig. 5). The HAA in XilinHot 
expanded further compared with 2018, with the centroid moving 
northeast and the overall trend changing from southwest to northeast. In 
2020, the centroid of the HAA continued its northward movement, 
reaching West Ujumqin; however, the extent of the HAA was further 
reduced. Notably, the HAA in XilinHot and West Ujumqin tended to 
spread northeastward. In 2021, the HAA in XilinHot contracting and the 
centroid moving southward. Meanwhile, the HAA in west Ujumqin 
continued to expand and extend toward East Ujumqin. In 2022, the HAA 
in west Ujumqin contracted, and East Ujumqin showed two HAAs, 
indicating a suitable environment for grasshopper survival. In 2023, 
HAAs exhibited an overall northeastern trend and were primarily in 
ZhengLan, DuoLun, XilinHot, and West Ujumqin. Several HAAs showed 
increasing trends, highlighting the need for attention. 

3.3. Monitoring results of HDB 

The monitoring results for the validation of the L-GWLR model 
(Table 1) indicated that the AIC of the L-GWLR model for each year was 
consistently lower than that of the other three models. Based on the 
analysis of D2, the D2 of the L-GWLR model was higher than those of the 
other three models. These results imply that the L-GWLR model, which 
incorporates landscape and spatial heterogeneity, outperformed the 
GWLR model, which solely considers spatial heterogeneity, as well as 
the traditional LR and OLS models, which overlook spatial 

heterogeneity. Therefore, this model proved to be well-suited for 
monitoring HDB. 

By analyzing the monitoring results of the best-performing model (L- 
GWLR) and the statistical areas of the three suitability levels in the main 
counties (Fig. 6), we discovered that the most suitable habitats for 
D. barbipes ranged from 27,357 to 51,736 km2, occupying 13.48 % to 
25.49 % of the total study area. These areas were predominantly 
concentrated in XilinHot, East Ujumqin, West Ujumqin, Zheng Lan, 
Xiang Huang, and Duo Lun. Notably, XilinHot, West Ujumqin, East 
Ujumqin, and Zheng Lan consistently possessed the most suitable hab
itats throughout the year. Conversely, in Sunit Right, Sunit Left, and 
Abaga, less suitable habitats predominated in over 95 % of the regions, 
with a grasshopper occurrence probability < 0.5. 

The annual monitoring results indicated that in 2018, East Ujumqin 
had the largest most suitable habitat area, reaching 14,019 km2, fol
lowed by West Ujumqin, which covered 5,148 km2. XilinHot and Zheng 
Lan have areas of 3,632 km2 and 1,824 km2, respectively. In 2019, the 
most suitable habitats for both West and East Ujumqin expanded, 
reaching 9,467 km2 and 14,932 km2, respectively. The spatial distri
bution showed that the augmented areas were primarily situated in the 
central and northern of East Ujumqin and the western and eastern parts 
of West Ujumqin. Furthermore, the most suitable habitats in Xiang 
Huang and Duo Lun experienced increases of 1,554 km2 and 883 km2, 
respectively, and were concentrated in the central part of Xiang Huang 
and the northern part of Duo Lun. By 2020, the northern and eastern 
parts of West Ujumqin mostly transitioned to the most suitable habitats, 
leading to an increase of 5,403 km2. The most suitable habitat for 
XilinHot exceeds 10,000 km2. Currently, a large portion of the habitats 
in West Ujumqin and XilinHot are conducive to the survival and 
reproduction of grasshoppers. Furthermore, the most suitable habitat in 
East Ujumqin increased by 1,713 km2, concentrated in the eastern re
gion. Conversely, the occurrence probability of grasshoppers in Xiang 
Huang, Zheng Xiang Bai, and Duo Lun decreased compared with 2019. 

Fig. 4. Spatial distribution characteristics of D. barbipes. The red dots represent the centroid of the overall HAA, while the green dots represent the centroids of 
individual aggregation areas. The black ellipses signify the SDE for each HAA, and the gray ellipses represent the SDE for individual HAAs. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.) 
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In 2021, the most suitable habitat for XilinHot remained large, at 
10,399 km2. Additionally, the habitat conditions in Zheng Lan, Duo Lun, 
and TaiPuSi were also suitable, leading to an increase of 3,605 km2 in 
the most suitable habitat, especially in the southern part of Zheng Lan, 
most parts of Duo Lun, and the northeastern part of TaiPuSi. However, 
the probability of grasshopper occurrence significantly decreased in the 
eastern and western Ujumqin. Most of East Ujumqin, previously iden
tified as the most suitable habitat, transitioned to a moderately suitable 
habitat, and the most suitable habitat in the eastern and northern parts 
of West Ujumqin has shifted to a moderately suitable habitat. In 2022, 
the most suitable habitat reached its highest level in all years. West 
Ujumqin has the largest habitat, reaching 20,597 km2, surpassing all 
other counties. Only a few areas in the east were unsuitable. In 2022, the 
eastern of East Ujumqin once more transitioned into the most suitable 
habitat, resulting in an expansion of 11,969 km2 in the most suitable 
habitat. The most suitable habitat in the southern remained concen
trated in the southern part of Duo Lun and Zheng Lan. In 2023, the most 
suitable habitat in the northern and eastern parts of West Ujumqin 
decreased by 2,801 km2 because of the transition from the most suitable 
habitat to a moderately suitable habitat. In contrast, unsuitable habitats 
in the eastern and northern parts of western Ujumqin shifted to 
moderately suitable habitats. Compared with that in 2022, the most 
suitable habitats in the central and northern parts of XilinHot decreased 

by 5,155 km2. The most and moderately suitable habitats for Duo Lun 
and TaiPuSi also decreased. 

3.4. Driving indicators for HDB changes 

By analyzing the monitoring results of the L-GWLR model, distinctive 
variations in specific regions from 2018 to 2023 were identified, 
particularly in East Ujumqin and XilinHot. The changes in HDB were 
driven by habitat indicators. To investigate the reasons behind these 
changes, this study adopted pastures as fundamental units and analyzed 
the indicators driving the changes in major pastures (Fig. 7). The spatial 
distribution of major pastures is shown in Fig. 2. 

In the years 2019–2020 and 2021–2022, a noteworthy transition 
occurred in the eastern part of East Ujumqin, particularly in the ALa
TanHeLi and EjiNaoEr pastures, where most areas became the most 
suitable habitats. An analysis of the driving indicators for these pastures 
revealed that in 2020 and 2022, the OMinT in these two pastures ranged 
from –33 ◦C to –29 ◦C, which was higher than in other years. Winter 
temperatures between − 35 ◦C and − 28 ◦C are favorable for the survival 
of grasshoppers, as excessively low temperatures can lead to the death of 
grasshopper eggs (Branson, 2020). Additionally, the Nfvc in these pas
tures ranged from 0.2 to 0.25, signifying ample vegetation to meet the 
food source requirements and adequate sunlight for normal life 

Fig. 5. Migration and changes in centroids and HAAs of D. barbipes from 2018 to 2023.  
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activities. The combined effects of Nfvc and OMinT led to the expansion 
of suitable habitats for D. barbipes in the ALaTanHeLi and EjiNaoEr 
pastures. In 2019, EjiNaoEr experienced an OMinT of –31.54 ◦C, similar 
to the range of –33 ◦C to –29 ◦C, but its Nfvc was only 0.16. During the 
nymph stage, when grasshopper feeding peaks, the insufficient vegeta
tion did not meet the basic food requirements of D. barbipes. 

From 2020 to 2022, certain pastures in XilinHot, specifically Chao
KeWuLa, BaYanBaoLaGe, and BaoLiGen, consistently had the most 
suitable habitats, whereas their suitability was comparatively lower in 
2018, 2019, and 2023. An examination of the driving indicators for 
these pastures revealed that during the period from 2020 to 2022, the 
ChaoKeWuLa pasture had an SP between 800 and 900 mm, Nfvc be
tween 0.2 and 0.26, and SST of 22.8–23.8 ◦C. Similarly, the BaYan
BaoLaGe pasture had an SP between 743 and 911 mm, Nfvc between 0.2 
and 0.25, and SST between 22.76 and 24.11 ◦C. Furthermore, the Bao
LiGen pasture had an SP between 724 and 975 mm, Nfvc between 0.2 
and 0.22, and SST between 22.36 and 23.50 ◦C. These findings indicate 
that during the nymph stage, the suitable FVC, an adequate amount of 
SP, and suitable SST contributed to the increase of the most suitable 
habitats in these pastures, making them more suitable for the survival of 
D. barbipes. In 2023, BaoLiGen had an Nfvc ranging from 0.2 to 0.25, but 
its SP was only 526 mm. Insufficient precipitation during the spawning 
period not only hinders vegetation growth but also leads to dehydration 
and mortality of grasshopper eggs. This further emphasizes that the 
occurrence of grasshoppers is influenced not by a single factor, but by 
the combined effects of multiple indicators. 

The above analysis revealed that the effect of the lowest temperature 
during the egg period on grasshoppers was primarily evident in East 
Ujumqin. Situated in a high-latitude region, East Ujumqin experiences 
cold winters, making the lowest temperatures an important factor. Nfvc 
has an important influence on both high- and low-latitude regions. In 
low-latitude regions, the total precipitation during the spawning period 
and soil temperature play crucial roles. 

4. Discussion 

The occurrence of grasshoppers is influenced by various factors, 
including meteorology, soil, vegetation, topography, and ecology. 
Therefore, identifying representative and irreplaceable monitoring in
dicators based on numerous habitat factors is crucial. In this study, 
based on the occurrence and development mechanism of D. barbipes, a 

degree day model was coupled to calculate the growth and development 
period of D. barbipes. Compared with previous studies that empirically 
divided the growth period of grasshoppers, this method improved the 
accuracy of growth period division (Du et al., 2022), making the time 
range of monitoring indicators more precise. Additionally, coupled with 
difference, correlation, importance, and PCA analyses, eight represen
tative monitoring indicators were selected. In contrast with most studies 
on grasshopper monitoring that rely on empirically selected monitoring 
indicators or only consider the correlation between factors, neglecting 
the importance and differences between factors (Zhang et al., 2023), this 
study significantly improved the representativeness and indispensability 
of monitoring indicators. 

From a modeling perspective, this study is based on the development 
mechanism of D. barbipes, combined with the landscape and spatial 
characteristics building the monitoring model. The performance of L- 
GLWR indicated that the method considering landscape and spatial 
characteristics outperformed those considering only spatial or landscape 
characteristics. These results suggest that the occurrence of D. barbipes is 
influenced by a combination of both landscape and spatial characteris
tics. The model established in this study is comprehensive and contrib
utes to improving the capabilities of monitoring and early warning for 
grasshoppers. 

The analysis of the monitoring results also showed that the HDB of 
the L-GWLR model result was larger than that of the HAAs result based 
on point analysis, especially in East Ujumqin, which highlights the 
limitations of point-based investigations. Continuous spatiotemporal 
data from multiple sources provides an intuitive understanding of the 
spatiotemporal distribution of HDB, compensating for the shortcomings 
of point-based monitoring methods. 

However, some shortcomings recognized, and future research should 
address the following aspects: 1) the study only covers the years 
2018–2023; hence, subsequent research should include the analysis of 
longer time series data to enhance the monitoring capabilities of the 
model; 2) the analysis in this study was based on the occurrence and 
non-occurrence points of D. barbipes. Future research should consider 
the severity of D. barbipes infections to better understand the extent of 
infestation; 3) This study mainly focused on Xilingol, a city in Inner 
Mongolia. While Xilingol was the primary area of interest due to its 
relevance to the grasshopper issue, it’s worth noting that many regions 
are affected by grasshoppers. Therefore, in future research, the methods 
of this study can extend to other regions as well; 4) This study focuses on 
analyzing D. barbipes, due to its most widespread, numerous, and 
densely populated. The research methodology utilized in this study is 
based on the occurrence of both grasshopper occurrence and non- 
occurrence points, without being confined by species specificity. Thus, 
in forthcoming studies, there exists the prospect to broaden this meth
odology to encompass the monitoring and analysis of suitable habitats 
for various other grasshopper species, as well as to extend its application 
to the surveillance of habitats conducive to other pest species. 

5. Conclusion 

This study established representative monitoring indicators for 
D. barbipes and conducted a spatiotemporal pattern analysis of 
D. barbipes occurrence from 2018 to 2023 to investigate their spatial 
characteristics and HAAs. Moreover, the L-GWLR was constructed by 
integrating meteorological, vegetation, soil, topographic, and ecological 
data from multiple sources while considering landscape and spatial 
heterogeneity. Subsequently, the model was applied to monitor HDB 
from 2018 to 2023, accompanied by an analysis of the driving factors of 
its changes. The results indicated that the distribution of D. barbipes had 
significant spatial autocorrelation, and several HAAs were observed. 
Furthermore, the performance of the L-GWLR model surpassed that of 
the monitoring models that neglected landscape or spatial characteris
tics, demonstrating its applicability for monitoring the HDB of 
D. barbipes. The analysis of the monitoring results revealed that HDB was 

Table 1 
Evaluation of performance among the models.  

Year Method AIC D2  

2018 
L-GWLR  86.51  0.718 
GWLR  94.184  0.663 
LR  124.68  0.443 
OLS  98.623  0.410  

2019 
L-GWLR  74.831  0.790 
GWLR  78.769  0.684 
LR  104.308  0.576 
OLS  90.086  0.527  

2020 
L-GWLR  124.256  0.737 
GWLR  133.719  0.537 
LR  211.04  0.28 
OLS  190.091  0.258  

2021 
L-GWLR  60.8  0.785 
GWLR  99.785  0.356 
LR  149.065  0.231 
OLS  108.961  0.360  

2022 
L-GWLR  97.040  0.710 
GWLR  127.755  0.267 
LR  166.585  0.313 
OLS  137.112  0.294  

2023 
L-GWLR  169.556  0.427 
GWLR  202.252  0.256 
LR  311.823  0.125 
OLS  182.090  0.179  
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Fig. 6. Monitoring results of the L-GWLR model and the areas of each suitability level in the main counties.  
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primarily concentrated in XilinHot, West Ujumqin, East Ujumqin, and 
Zheng Lan. The spatial extent of the HDB monitoring results larger range 
of HAAs based on point analysis, indicating that the use of continuous 
spatiotemporal data compensated for the incompleteness of point-based 
monitoring. The findings presented herein provide a basis for the precise 
prevention and control of grasshoppers. Plant protection departments 
should pay more attention to the grasshopper population and density in 
the most suitable and moderate areas and take timely preventive and 
control measures. These findings can also guide the plant protection 
departments to develop the survey routes. 
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