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ARTICLE INFO ABSTRACT

Keywords: Grasshoppers pose a significant threat to agriculture and animal husbandry by causing grassland degradation and
Grasshopper desertification, which further increase the frequency and severity of grasshopper outbreaks. Therefore, imple-
Landscape

menting scientific control measures to maintain grasshopper populations within reasonable ecological thresholds
is essential for the sustainable development of grassland ecosystems. Understanding the mechanisms underlying
the interactions between grasshoppers, host plants, and environmental factors and monitoring suitable habitats is
critical for effective grasshopper prevention and control. However, the relative weights of these environmental
factors vary depending on the grasshopper species and regional environment. This study focused on the
occurrence of seven dominant grasshopper species in China’s grasslands. Based on the developmental mecha-
nisms of grasshoppers, representative monitoring indicators of habitats were identified using difference testing,
correlation analysis, and importance evaluation. Subsequently, the spatiotemporal patterns and hotspots of
grasshopper occurrence were analyzed using historical occurrence data from 2019 to 2023. Finally, considering
the landscape and spatial heterogeneity, we developed a large-scale habitat monitoring model with weight-
adaptive updating. These results indicated that meteorological conditions significantly influenced the occur-
rence of Oedaleus species. Terrain factors are crucial for determining the distribution of grasshoppers on the
Tibetan Plateau, particularly Chorthippus dubius and Locusta migratoria tibetensis. Soil factors have the greatest
influence on the distribution of Dasyhippus barbipes in Hulunbuir and Oxya chinensis in Heilongjiang. Further-
more, the occurrence of grasshoppers exhibited a significant spatial autocorrelation with hotspot areas primarily
located in eastern Inner Mongolia, Qinghai, and Xinjiang. The habitat monitoring results showed that models
incorporating both landscape and spatial heterogeneity outperformed models that considered only one of these
factors. The most suitable areas are primarily located in the western and northern regions of the Kerqin
Grassland, northern and eastern parts of Xilingol, the western region of Hulunbuir, the northern and western
parts of Xinjiang, the southwestern region of Gansu, and northwestern parts of Tibet. These findings provide
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crucial support for the scientific control of grasshoppers and contribute significantly to the sustainable devel-
opment of agriculture and animal husbandry.

1. Introduction

Grasslands are critical components of terrestrial ecosystems and play
vital roles in water conservation, soil preservation, and biodiversity
protection (Carlier et al., 2009; Bengtsson et al., 2019; Hu et al., 2024).
However, in recent years, grassland ecosystems have been damaged by
harmful pests, climate change, and overgrazing, leading to significant
ecological and environmental challenges, such as soil erosion and
pasture degradation (Neke and Du Plessis, 2004). In turn, pasture
degradation increases the prevalence of harmful organisms and results
in more frequent pest outbreaks. These threats include pests, rodents,
plant diseases, and toxic weeds (Kang et al., 2007), with insect pests,
such as grasshoppers, Gynaephora qinghaiensis, and leaf beetles, posing
the most severe constraints on animal husbandry. Grasshoppers are the
most destructive pests globally, occurring across all continents except
Antarctica and the outbreaks of grasshoppers affect an estimated 850
million people (Chen, 2008). Grasshoppers are widely distributed across
the grasslands of 13 provinces and autonomous regions in China,
including Inner Mongolia, Xinjiang, Qinghai, and Tibet. (Fan et al.,
2015). Each year, grasshoppers affect approximately 40 million hectares
of grasslands, causing significant economic losses and ecological dam-
age to grassland ecosystems. Current grasshopper monitoring methods
rely predominantly on manual surveys conducted at specific “points.”
Although these surveys can achieve high accuracy in localized areas,
they are inadequate for large-scale prevention and control. The total
area of grasslands in China reaches 13.2 billion mu, accounting for 22 %
of the country’s total land area. Conventional ground survey methods
not only require substantial temporal and human resources but are
fundamentally insufficient to support precision monitoring across such
extensive spatial grassland areas. Satellite remote sensing technology
can provide large-scale information, which enables systematic habitat
monitoring at ecologically meaningful scales. Moreover, variation in the
dominant grasshopper species and the relative importance of influ-
encing factors across different regions (Guo et al., 2006) add complexity
to the management and control of these pests. With the development of
remote-sensing technology, the integration of multisource data has
enabled the acquisition of continuous spatiotemporal information.
Therefore, the researchers can calculate the relative importance of
influencing factors across different regions (Tappan et al., 1991;
Latchininsky and Sivanpillai, 2010; Waldner et al., 2015; Piou et al.,
2023). Furthermore, the habitats of grasshoppers change over time and
space. Multi-source satellite net can achieve a global revisit cycle of 1-2
days, allowing for dynamic monitoring using high temporal and spatial
resolution satellites, which can effectively capture the changing pro-
cesses of habitats and provide strong support for the precise prevention
and control of grasshoppers.

Grasshopper occurrence is closely linked to environmental condi-
tions; therefore, understanding the interaction between grasshoppers,
host plants, and their environments is essential for the precise man-
agement of grasshopper populations. Several studies have explored the
relationship between specific grasshopper species and habitat factors.
For example, precipitation and land use have been identified as key
drivers of grasshopper outbreaks in eastern Australia (Veran et al.,
2015). Similarly, precipitation, temperature, vegetation coverage, and
soil moisture are critical habitat factors influencing desert locusts (Wang
etal., 2021). While previous studies have significantly contributed to the
understanding of the relationship between grasshopper outbreaks and
environmental factors, the relative weights of these factors vary
depending on the grasshopper species and environment. Therefore, it is
critical to analyze the mechanisms between dominant grasshopper
species and habitat factors, identify appropriate monitoring indicators,
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and establish a comprehensive large-scale monitoring system.

Recently, several researchers have constructed grasshopper moni-
toring and early warning systems based on the relationship between
grasshopper populations and habitat factors in localized grassland areas.
For example, Geng et al. (2022) constructed a habitat monitoring model
for Locusta migratoria manilensis at the landscape scale, achieving a
monitoring accuracy of 88 %. Similarly, Kistner-Thomas et al. (2021)
developed a regression model to predict grasshopper density by incor-
porating 72 environmental factors, while accounting for region-specific
conditions and landscape heterogeneity, demonstrating high predictive
accuracy. Du et al. (2022) used MaxEnt to build a habitat monitoring
model for grasshoppers in the Hulunbuir grasslands by coupling multi-
ple factors. The model demonstrated good performance, with accuracies
ranging from 89.7 % to 97.3 % over several years. Although these
studies achieved high accuracy in localized regions, the weight of the
influencing factors for grasshopper populations varies. Models with
fixed weights, although effective in specific areas, may not be suitable
for large-scale applications because of the variability in habitat factors
across broader regions. Therefore, under complex environmental con-
ditions, it is essential to develop a habitat monitoring model that
dynamically adjusts the habitat factor weights. This will facilitate more
accurate monitoring, enabling a more effective response to the evolving
environmental conditions that influence grasshopper occurrence.

In this study, we integrated the growth and development mecha-
nisms of grasshoppers, focusing on seven dominant grasshopper species
in occurrence regions across China. The objectives of this study were as
follows: 1) Construction of habitat indicator system. Based on the multi-
source data—including MODIS products (MOD11A1 land surface tem-
perature; MOD13A2 vegetation indices), ERA5-Land reanalysis data
(hourly 2 m air temperature, soil temperature at 0-7 cm depth, and
precipitation), and SMAP L4 surface soil moisture, gain the environ-
mental factors across four categories (meteorological, vegetation, soil,
and topographic) that influence grasshopper growth and development.
Then, leveraging these remote sensing products and combined with
landscape habitat variables, construct representative monitoring in-
dicators for dominant grasshopper species in each subregion by using
differentiation tests, correlation analysis, and importance tests. 2)
Analysis of the spatial pattern of grasshoppers. Evaluating the global and
local spatial autocorrelation patterns of grasshopper occurrence and
identifying hotspot area of grasshopper (HAG) occurrence from 2019 to
2023 using historical data. 3) Construction of a large-scale monitoring
model. Based on the monitoring indicators derived from multi-source
remote sensing data, we aim to develop a large-scale monitoring
model for grasshopper habitats. The findings of this study provide sci-
entific and methodological support for the environmentally sustainable
and precise control of grasshoppers, with significant implications for the
restoration and sustainable development of grassland ecosystems.

2. Materials and methods
2.1. Study area

Based on historical grasshopper occurrence data provided by the
National Forestry and Grassland Administration, the research was con-
ducted across nine ecological regions: GSNI (Gansu Province, Shaanxi
Province, Ningxia Hui Autonomous Region, and the central-western
regions of Inner Mongolia Autonomous Region), HJLK (Hebei Prov-
ince, Jilin Province, Liaoning Province, and the Kerqin Grassland,
including Chifeng City, Tongliao City, and Hinggan League), HL
(Hulunbuir City in Inner Mongolia Autonomous Region), QH (Qinghai
Province), SX (Shanxi Province), XC (Tibet Autonomous Region and
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Sichuan Province), XJ (Xinjiang Uygur Autonomous Region), and XW
(Xilingol League and Ulanqab City in Inner Mongolia Autonomous Re-
gion). The dominant grasshopper species in each region were investi-
gated based on historical occurrence data, focusing on seven of the most
harmful species: Oedaleus decorus asiaticus, Dasyhippus barbipes, Cal-
liptamus italicus, Chorthippus dubius, Locusta migratoria tibetensis, Oedaleus
infernalis, and Oxya chinensis. The distribution of these ecological re-
gions and their associated dominant grasshopper species are illustrated
in Fig. 1.

2.2. Data acquisition and processing

2.2.1. Satellite data

The MODIS products MOD11A1 and MOD13A2 covering the period
from 2018 to 2023 were used to obtain land surface temperature (LST)
and normalized difference vegetation indices. The LST data included the
mean and minimum LST with a temporal resolution of 1 day. Normal-
ized difference vegetation index data were used to calculate the frac-
tional vegetation cover (FVC) with a temporal resolution of 16 days.

2.2.2. Meteorological data

The meteorological data used in this study, spanning the period of
2018 to 2023, included the ERA5_LAND dataset, which provides hourly
air temperature (band: temperature_2m), soil temperature (band: soil -
temperature_level 1), and precipitation data (band: total -
precipitation_sum). The soil temperature and precipitation data had a
temporal resolution of 1 day and a spatial resolution of 9 km. Addi-
tionally, soil moisture active passive (SMAP) data (band: sm_surface)
were sourced from the National Aeronautics and Space Administration,
offering a spatial resolution of 9 km and including both mean and
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minimum soil temperatures.

2.2.3. Soil and topography data

Soil nitrogen, soil pH, soil clay, and topography (elevation, aspect,
and slope) data showed little change over the study period. Conse-
quently, we hypothesized that these conditions would remain relatively
stable. Soil nitrogen (5-15 cm), pH (5-15 cm), and clay (5-15 cm) data
were acquired from 250 m soil grids.

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

2.2.4. Landscape data

Vegetation type was used as a baseline to analyze the landscape
characteristics and their influence on grasshopper populations. The
vegetation data were sourced from the Editorial Committee of China
Vegetation Map, Chinese Academy of Sciences which was updated in
2019, with a resolution of 1:1,000,000. (Vegetation Map of the People’s
Republic of China (1:1000000), Plant Data Center of Chinese Academy
of Sciences, https://doi.org/10.12282/plantdata.0155, CSTR:34735.11.
PLANTDATA.0155). The study area encompassed three mega vegetation
groups: grasslands, shrublands, and meadows, along with 10 vegetation
subcategories, totaling 223 distinct vegetation types, which served as
the basis for analysis. Based on recent investigations, the vegetation type
in the study areas has remained relatively stable over the past few years;
therefore, vegetation type was treated as a static factor in this study.
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Fig. 1. Distribution of grasshopper distribution areas and dominant species across China. The base map is from the National Standard Vector Map (GS (2023)2767).

86


https://doi.org/10.12282/plantdata.0155

J. Guo et al.
2.3. Field survey

Grasshopper occurrence data from 2019 to 2021 (excluding the XW
region) were obtained from the Center for Biological Disaster Prevention
and Control of the National Forestry and Grassland Administration. This
dataset, derived from annual field surveys, was provided as areal data at
the farmland level and encompassed all grasshopper-affected areas in
China, including both frequently and sporadically occurrence regions.
Random sampling points were generated within each pasture according
to the reported area of grasshopper occurrence. National grasshopper
data for 2022-2023 and data for the XW region for 2019-2023 were
collected through a census conducted across each farmland in China and
field surveys in XW, respectively. A regional survey methodology
adhering to the agricultural industry standards of the People’s Republic
of China (NY/T 1578-2007: Rules for Investigating Locality and Grass-
hopper in Grassland), was employed to investigate the occurrence of
grasshoppers. A multipoint survey was designed to cover all natural
geomorphic units at the farmland level, including areas with regular
occurrence, occasional occurrence, and non-occurrence. Sampling plots
were set at an average interval of at least 10 km, with each plot
measuring 1 km x 1 km to ensure consistency with the spatial resolution
of the habitat factor data. Within each plot, a five-point sampling
method was employed using subplots measuring 1 m x 1 m to collect
detailed data, including geographical coordinates, grasshopper popu-
lation density, and species composition. Following this methodology,
field surveys were conducted annually from May to August during the
nymph stage of grasshoppers.

Non-occurrence points in China from 2019 to 2021 (excluding the
XW region) were generated using a pseudo-random number generator in
regions where no grasshopper occurrences had been recorded by the
Center for Biological Disaster Prevention and Control over the past three
years (Orchard et al., 1980; Impagliazzo et al., 1989; Bhattacharjee and
Das, 2022). In the XW region, absence data from 2019 to 2021 were
acquired through standardized farmland field surveys, while 2022-2023
national non-occurrence records were compiled from the National
Grassland Pest Census. All surveys strictly adhered to the NY/T 1578-
2007 technical protocols. Absence locations were operationally
defined as sampling plots with no grasshopper populations during the
survey period.

In total, 4,060 grasshopper occurrence points and 3,533 non-
occurrence points were collected and used in the subsequent analyses.

2.4. Methodology for weight-adaptive mapping of grasshopper habitats

This study focused on seven dominant grasshopper species in
grasshopper-affected provinces across China. Based on the growth,
development, and epidemiological mechanisms of grasshoppers, the
degree day (DD) model (Naves and de Sousa, 2009) was employed to
estimate the growth and development periods of dominant species
across different regions, providing a temporal framework for selecting
relevant habitat factors. A comprehensive set of 30 habitat monitoring
indicators, including meteorological, vegetation, topographic, soil, and
ecological factors, were considered for their influence on grasshopper
growth and development. Representative habitat indicator systems were
identified using differentiation tests, correlation analyses, and impor-
tance tests. Subsequently, the global Moran’s I index was employed to
examine the global spatial autocorrelation of grasshopper occurrence
using historical occurrence data from 2019 to 2023. Hotspot analysis
and kernel density estimation were then applied to identify localized
HAGs. Finally, a large-scale Landscape Geographically Weighted Lo-
gistic Regression model in China (CL-GWLR) for grasshopper habitat
monitoring that accounted for landscape and spatial heterogeneity was
developed using a geographically weighted logistic regression model
(GWLR). The performance of the model was compared with that of
traditional ordinary least squares (OLS) regression and GWLR, which did
not consider landscape factors. The technical framework of this study is
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illustrated in Fig. 2.

2.4.1. Construction of a grasshopper monitoring indicator system

The distribution of grasshoppers is influenced by the combined ef-
fects of meteorological conditions, vegetation, soil, topography, and the
ecological environment (Guo et al., 2024), with each factor exerting
mutual influence and interdependence on other factors. For instance,
temperature plays a critical role in grasshopper development (Hao and
Kang, 2004), whereas vegetation affects grasshopper feeding behavior
and egg-laying patterns (Mulkern, 1967; Li et al., 2024). Soil moisture
affects the survival rate of grasshopper eggs (Mukerji and Gage, 1978),
and altitude can influence their distribution by modulating temperature
conditions (Leksono et al., 2020). However, the impact of these factors
on grasshoppers varies geographically (Karpakakunjaram et al., 2002),
and responses to habitat factors differ among species (Bidau et al.,
2012). As a result, monitoring indicator systems for the dominant
grasshopper species vary. A comprehensive understanding of the
mechanisms underlying the interactions between grasshoppers and their
environments is essential for explaining and predicting outbreak pro-
cesses. Therefore, in this study, we selected representative remote
sensing monitoring indicators for grasshoppers from 30 habitat factors
(Table S1) spanning five categories: meteorology, vegetation, soil,
topography, and ecology. These indicators were used to establish a
habitat monitoring system for seven grasshopper species across nine
regions.

The grasshopper life cycle is divided into three stages: egg, nymph,
and adult (Vennard et al., 1998). During each stage, temperature is the
primary factor influencing grasshopper growth and development (Yu
et al., 2009). Grasshoppers must reach an initial temperature and
accumulate a defined amount of heat to transition to the next stage;
otherwise, they enter a state of diapause. To accurately define the
temporal scope of habitat factors, we integrated the growth mechanisms
of grasshoppers with the DD model to determine the developmental
periods across different regions (Jin and Wu,1978; Liu et al., 1997; Ji
et al., 1991; Qiu et al., 2004; WumaErbieke, 2007; Hui, 2013; Ren et al.,
2016; Ji and Ma,2015). Not all of the 24 environmental factors
considered had a significant effect on grasshopper occurrence. To
identify factors with significant effects, we conducted a difference test
on 24 environmental factors and excluded those that did not show a
significant influence (p > 0.05) (Kennedy-Shaffer, 2019). Statistical
methods were selected based on the distribution characteristics of the
factors: t-tests for normally distributed variables (Garcia-Pérez, 2006:),
Wilcoxon-Mann-Whitney non-parametric tests for non-normally
distributed variables (Kiihnast and Neuhauser, 2008), and chi-square
tests for categorical variables (Vierra et al., 2023). To avoid strong
correlations between the variables, Spearman’s correlation analysis was
conducted on factors with significant differences. During the variable
selection process, the random forest method was employed to assess the
importance of the indicators, and factors with correlations exceeding 0.8
and lower importance scores were excluded (Xu et al., 2019).

Given the significant role of vegetation type in grasshopper feeding
and habitat preference, vegetation type was used as a baseline to
examine how landscape characteristics influence grasshopper occur-
rence. The landscape area, edge metrics, and shape indices effectively
represent the habitat characteristics and complexity of regional land-
scapes. Consequently, three landscape areas and edge metrics along with
four shape indices were selected to construct the monitoring indicator
system. These factors were calculated using Fragstats 4.2 software (htt
p://www.umass.edu/landeco/research/fragstats/fragstats.html). Mul-
tiple occurrence and non-occurrence points may exist within a single
patch. Therefore, testing methods for local variables may not be appli-
cable. We employed correlation analysis and importance tests to opti-
mize landscape variables. First, correlation analysis was performed
using the seven landscape factors to explore significant correlations
between these variables. Importance tests were used to identify the
important factors. Factors that exhibited high correlations (R > 0.8) and
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Fig. 2. Flowchart of the study.

had lower importance were excluded.

2.4.2. Spatial and temporal pattern analysis for dominant grasshopper
species

The distribution of grasshoppers in the prairie exhibits distinct
spatial patterns (Badenhausser et al., 2012; Gauffre et al., 2015). Thus,
we investigated the spatiotemporal distribution patterns of HAGs. To
quantify spatial autocorrelation, Moran’s index (Moran’s I), was
employed. A Moran’s I value greater than zero indicates a positive
spatial correlation, with higher values reflecting stronger spatial clus-
tering. Conversely, Moran’s I less than 0 indicates a negative spatial
correlation, with smaller values indicating greater spatial heterogeneity.
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A Moran’s I of zero suggests a random spatial pattern with no significant
correlation (Assuncao and Reis, 1999). To explore the spatial charac-
teristics of grasshopper distributions, the global spatial autocorrelation
of grasshopper occurrence was assessed using the Global Moran’s Index.
Based on historical grasshopper occurrence points, local spatial auto-
correlation was analyzed using Getis-Ord Gi* hotspot analysis. Signifi-
cant hotspots (z > 1.65 and p < 0.05) were identified using z-scores and
p-values, providing a foundation for subsequent modeling (Ghodousi
et al., 2020).

Kernel density estimation (KDE) was employed to calculate the
density of the points surrounding each output raster cell (Mohaymany
et al., 2013). This method provides a clear and intuitive visualization of
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HAGs based on historical occurrence data. By applying KDE to signifi-
cant hotspots, deeper insights into the spatial characteristics of grass-
hopper occurrence were obtained. KDE is one of the most widely used
nonparametric estimation methods in spatial analysis. This method is
typically defined as follows: Let S1, ..., and Sn be a set of independent
samples drawn from a population with a density function f. The esti-
mation of the f value at point s is denoted by f(s) and is calculated using
the following estimation formula:
> (7)
ar2 \'r

i=1

fls) = (2-1)

where n is the sample size, d;; is the distance between points i and
location s, k is the ratio of dj;, and r is the bandwidth determined by the
adaptive bandwidth method.

To further analyze the overall spatial distribution and spatiotem-
poral variation characteristics of grasshoppers, the Standard Deviation
Ellipse (SDE) method was employed (Huang et al., 2022). This approach
reveals the spatiotemporal migration patterns of grasshoppers by
examining changes in the centroid of the SDE over time. These analyses
provided valuable insights into the spatiotemporal dynamics of grass-
hopper populations.

2.4.3. Habitat monitoring model with landscape and spatial heterogeneity

Habitat factors influencing grasshopper development exhibit signif-
icant regional variation, and the weight of these factors varies across
regions (Ni et al., 2003; Humphreys et al., 2022). Additionally, grass-
hoppers are influenced not only by local habitat factors but also by
surrounding ecological characteristics. Landscape factors, such as
landscape type and the number of patches within the same landscape
type, can substantially influence species distribution (Steck et al., 2007;
Geng et al., 2022). Despite this, many studies on grasshoppers have
neglected the effects of surrounding landscape features, limiting the
accuracy of habitat mapping models. Models that fail to account for
landscape and spatial heterogeneity do not comprehensively represent
grasshopper habitat dynamics.

Building on the monitoring indicators system established in Section
2.4.1, we developed a model that integrates Logistic Regression (LR) and
Geographically Weighted Regression (GWR). LR is a generalized linear
regression approach that estimates the probability of an event based on a
given set of independent variables and is particularly effective for binary
variables (Pourghasemi et al., 2013). This method addresses the limi-
tations of traditional linear regression, which is constrained to contin-
uous variables. In contrast, in the GWR model, local regression
equations are established at each point within a spatial extent, exploring
spatial variations at a specific scale. This method allows for dynamic
updates of habitat factor weights across different regions. However,
GWR is limited to continuous variables. We leveraged the strengths of
both the GWR and LR models, considering landscape and spatial het-
erogeneity to establish a large-scale grasshopper habitat suitability
monitoring model in China (CL-GWLR). The calculation method is
outlined as follows:

—1)= exXP(Uo(uy) + My X + Oy Xiz + - + Any)Xin)
1 + exp(Qoww) + A1) Xt + A2 Xiz + - + Anguv) Xin)
1
1 + Qoquv) + O Xin + Aoagv)Xiz + - + Qv Xin

P(Y

(2-2)

The probability of grasshopper occurrence at the location is denoted
as P, and the probability of no grasshopper occurrence at the same
location is denoted as (1 — P).

After applying the Logit transformation, we have

p
1-P

Logit(P) = In = Qo) T A1 ()Xt T Q2 Xi2 T -+ A Xin

(2-3)
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Finally, the parameters of the local regression model for the location
are obtained using the weighted least-squares method.

o = (XTW(u, v)X ) " XTW(w, v;)logit(P), (2-4)
where (ui, vi) are the geographical coordinates of
§,00 (g vy) T (ug.v) Xil F 02w Xi2 - HanpXin is the estimated value;
W(u;,v;) is the matrix weight; and X represents the matrix of explanatory
variables.

To compare the accuracy of these models, we used the CL-GWLR,
GWLR, and OLS models to determine the optimal method for moni-
toring grasshopper habitats. The model performance was evaluated
using the Akaike Information Criterion (AIC) and R2. Lower AIC values
signified better model fitting, whereas higher R? values indicated a
better explanation of the independent variables based on the dependent
variables, reflecting stronger model interpretability.

The monitoring results of grasshoppers 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)
(Guo et al., 2023). The spatiotemporal evolution of suitable grasshopper
habitats was then analyzed to reveal the driving factors behind their
spatiotemporal changes.

3. Results
3.1. Construction of a grasshopper habitat monitoring indicator system

Based on the grasshopper developmental and growth mechanism,
combined with spatio-temporal continuous multisource data, the
grasshopper habitat monitoring indicator system (Fig. 3) was con-
structed by using difference tests, correlation analysis, and importance
tests. Based on the developmental mechanisms of grasshoppers, we used
the DD model to estimate the developmental periods of dominant
grasshopper species across various regions. The findings (Fig. 3A)
revealed notable similarities in the developmental progress of the same
grasshopper species across different regions, whereas significant dif-
ferences were observed among species. The monitoring results for the
nymph stage indicated that O. chinensis in the HLJ region had the longest
duration, spanning 73 days, followed by C. italicus in the XJ region, with
a duration of 69 days. To understand the extended nymph stages of
O. chinensis and C. italicus, hourly temperature data were analyzed. The
results showed that regions with significant diurnal temperature varia-
tions accumulated effective thermal energy primarily during the day-
time, necessitating a longer period to meet the energy requirements for
nymph development. For Oedaleus, minimal differences in develop-
mental progress were observed between O. decorus asiaticus in the GSNI
and HJLK regions. However, in the SX region, O. infernalis exhibited
nymph and adult stages that were approximately 15 and 10 days longer
than those of O. decorus asiaticus in the GSNI and HJLK regions, sug-
gesting notable interspecific developmental differences. Among all
species, C. dubius in the QH region had the shortest nymph period,
lasting 32 days. This is likely because C. dubius has only four instars,
compared to the five or six instars observed in other grasshopper species.

The results of the variance analysis on the monitoring indicators
(Fig. 3B) indicated that the minimum temperatures during the egg stage
(EMiInT) in the non-occurrence areas of O. decorus asiaticus and
O. infernalis were higher than those in the occurrence areas. Specifically,
the EMInT for O. decorus asiaticus ranged from —32 °C to —20 °C, while
those for O. infernalis ranged from —22 °C to —16 °C. These findings
suggest that excessively high overwintering temperatures are not
conducive to the growth and development of Oedaleus species, which
thrive under relatively low-temperature conditions. Additionally, the
EMiInT of O. infernalis was higher than that of O. decorus asiaticus,
indicating a relatively stronger cold tolerance of O. decorus asiaticus.
Analysis of habitat factors for D. barbipes in the HL and XW regions
revealed a preference for areas with slopes ranging from 1° to 2° because
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Fig. 3. Results of the seven dominant grasshopper habitat monitoring indicator systems for China; (a) Calculation results of the developmental stages of seven
dominant grasshoppers in nine niche subregions; (b) Test results of factors with significant differences; ‘0’ indicates the non-occurrence of grasshoppers and ‘1’
represents their occurrence. (c) Analysis of local habitat factor correlations and importance test results. The correlation relationship among main variables is shown
upper and the importance test results are lower with the bar chart; (d) Results of landscape variables correlation analysis. The scatter plots represent the distribution
of each variable and the correlation relationship is presented as R and p-value; (e) Importance test results of landscape factors. The x-axis represents the name of each

region, while the y-axis stands for the importance test score.

steeper slopes were less suitable for grass growth thereby it is not suit-
able for grasshopper survival. Precipitation during the egg period (EP)
was higher in grasshopper occurrence areas of the XJ and QH regions
(0.15-0.25 m and 0.2-0.32 m, respectively) compared to non-
occurrence areas. In the XC region, the EP in the occurrence areas of
L. migratoria tibetensis was slightly lower than in the non-occurrence
areas but was still primarily concentrated between 0.15 and 0.3 m.
Elevation analysis revealed that the mean elevation of grasshopper
occurrence areas in the GSNI, QH, SX, and XC regions is higher than that
of non-occurrence areas. Specifically, the occurrence areas of C. dubius
and L. migratoria tibetensis in QH and XC occurred at elevations between
4,000 and 5,000 m, whereas O. decorus asiaticus and O. infernalis were
mainly found at 1000-3000 m and 1000-2000 m, respectively. The
higher elevations of C. dubius and L. migratoria tibetensis habitats reflect
their adaptation to the extreme conditions of the Tibetan Plateau.
Correlation and importance analyses (Fig. 3C) revealed that, for the
same grasshopper species, the weights of the influencing factors varied
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across regions. For O. decorus asiaticus, the surface and soil temperatures
during the egg stage were the critical factors. However, in the GSNI
region, the mean soil temperature during the egg stage (EST) and min-
imum surface temperatures during the egg stage (EMinT) contributed
more significantly, whereas, in the HJLK region, EMinT and minimum
soil temperature in the egg stage (EMinST) played more crucial roles.
Elevation played a decisive role in the distribution of O. decorus asiaticus
in the GSNI region, whereas slope had a greater contribution to the
distribution of O. decorus asiaticus in the HJLK region. For O. chinensis in
the HLJ region, soil pH and nitrogen content were key factors due to the
prevalence of nutrient-rich black soil in the region (Xia et al., 2010).
Elevation also plays a significant role in the occurrence of C. dubius on
the Tibetan Plateau, with an average elevation of 4,058.40 m, which is
notably higher than that of other regions. Under such extreme envi-
ronmental conditions, elevation is the most critical factor influencing
the occurrence of grasshoppers.

Correlation (Fig. 3D) and importance analyses (Fig. 3E) of landscape



J. Guo et al.

factors revealed that FRAC and CIRCLE exhibited high importance but
low correlation (R < 0.8) in the GSNI, HL, SX, and XC regions. These two
metrics, which represent the patch shapes of vegetation types, are
effective in assessing the characteristics of patch shapes in these regions.
In the HLJ region, CONTIG and FRAC were incorporated into the
monitoring indicator system. The CONTIG represents landscape aggre-
gation, whereas the FRAC reflects patch-shape complexity. Together,
these indicators effectively capture the landscape habitat characteristics
of the HLJ region. In XJ, the landscape edge indicator GYRATE and the
shape indicator CIRCLE also showed low correlation and high impor-
tance. Combining these two metrics provides an accurate representation
of the patch features of the vegetation types in XJ. In the XW region, the
AREA and CIRCLE reflect the area and shape of the landscape, respec-
tively. These indicators are crucial to understanding the occurrence and
distribution of grasshoppers in a region. In the HJLK region, landscape
shape indicators GYRATE and FRAC were used for subsequent analyses.
FRAC is included in the final indicator system for regions with higher
grassland fragmentation. This metric effectively represents landscape
complexity and reflects the habitat characteristics of these areas. The
final monitoring indicators for each region are shown in Fig. S1.

3.2. Spatiotemporal patterns of the distribution of dominant grasshoppers

3.2.1. Spatial and temporal patterns of grasshopper occurrence across
China

Moran’s I was used to assess the global spatial autocorrelation of
grasshopper occurrence. The results (Fig. S2) show that, within a 99 %
confidence interval, the z-scores of grasshopper occurrences across years
range from 13.21 to 70.74, all exceeding 1.65 with p-values <0.01.
These findings confirm that grasshopper occurrence is non-random and
exhibits significant spatial autocorrelation. Building on this global
analysis, we further explored the local spatial characteristics and HAGs.
The results (Fig. 4) demonstrated a clear aggregation pattern of HAGs
from 2019 to 2023, with a progressive shift from southwestern to
northeastern China. The primary HAGs were located in the northwest
HJLK and XJ, western HL, eastern QH, northeastern XW, and south-
western XC. These regions offer the most favorable environments for
grasshopper breeding and reproduction, requiring close monitoring for
the occurrence of grasshoppers in these areas. A year-by-year analysis of
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HAGs revealed notable spatial dynamics. In 2019, the primary HAGs
were concentrated in the northwest HJLK and east XW, reflecting sig-
nificant aggregation patterns of O. decorus asiaticus and D. barbipes. By
2020, the spatial extent of HAGs expanded further along the east-west
direction, driven by a more pronounced clustering of hotspots in XJ
compared to previous years. In 2021, the contraction of HAGs in Sichuan
Province resulted in a north-south aggregation pattern, with key areas
located in the border regions of HILK and XW, western HL, and north-
eastern QH. By 2022, the HAGs in XC and XJ exhibited further con-
tractions, with the main hotspots shifting to HL, HJLK, and XW. In 2023,
the clustering of grasshopper occurrences became more pronounced in
HJLK, QH, XC, and XJ, resulting in the southwestward expansion of
HAGs. An analysis of the HAGs distributions and migration of occur-
rence centers across regions (Fig. 5) revealed that the central locations of
grasshopper occurrences predominantly occupied the GSNI and XW
regions. From 2019 to 2021, the center of occurrence was located in the
northeastern part of GSNI. In 2022, the center shifted northeastward to
the GSNI-XW border. By 2023, it migrated southwest and returned to the
GSNI region.

3.2.2. Spatial and temporal patterns of o. Decorus asiaticus and
D. Barbipes occurrence

The monitoring results for the two aggregation areas of O. decorus
asiaticus revealed significant trends in spatial distribution over multiple
years. In the HJLK region, the center of occurrence in 2019 was located
in the northwest, with a general aggregation pattern extending from the
southwest to the northeast. By 2020, the occurrence center had shifted
southward, accompanied by a north—south expansion of the HAG. In the
GSNI region, hotspots for O. decorus asiaticus were primarily concen-
trated in the southern part of the Gansu Province (Fig. 4). Notably, the
occurrence center exhibited a consistent eastward migration trend in
most years (except between 2020 and 2021), this suggests a sustained
eastward expansion of O. decorus asiaticus within the GSNI region. These
findings underscore the importance of monitoring its occurrence in both
northwestern HJLK and eastern GSNI.

In the HL region, the primary HAGs were located on the four western
banners of Hulunbuir City, with the most extensive distribution
observed in 2019. By 2020, the hotspot areas had contracted and shifted
westward, indicating a more concentrated distribution of D. barbipes
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Fig. 4. Spatial pattern of grasshopper occurrence in China from 2019 to 2023. The ellipse represents the standard deviation ellipse of grasshopper occurrence.
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Fig. 5. Temporal pattern of grasshopper occurrence in China from 2019 to 2023. Large and small points represent the mean center of grasshopper occurrence in
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references to colour in this figure legend, the reader is referred to the web version of this article.)

within the HL region. In 2022, D. barbipes showed the most pronounced
aggregation, highlighting the need to monitor population density to
prevent the formation of high-density spots. From 2022 to 2023, hotspot
areas gradually expanded northeastward, necessitating further investi-
gation into the occurrence of D. barbipes in northeastern HL. In the XW
region, hotspot areas of D. barbipes were primarily located in eastern
XW, including Xilinhot City and the West and East Ujimgin Banners, and
remained relatively stable between 2020 and 2022. However, from 2022
to 2023, the HAGs expanded southwest. Analysis of HAGs in both XW
and HL regions revealed an expansion trend in 2023 (Fig. 5), empha-
sizing the need for vigilant monitoring of outbreaks in northeastern HL
and southwestern XW.

3.2.3. Spatial and temporal patterns of the occurrence of other dominant
grasshoppers

The hotspots for C. dubius were primarily located in the northeastern
QH, along the border with Gansu. Spatial analysis revealed that in 2021,
this species exhibited the most pronounced aggregation, despite having
the smallest aggregation area. By 2023, the aggregation area expanded,
with the center of occurrence shifting northwestward, emphasizing the
need for close monitoring of C. dubius in the northwestern QH region. In
the XC region, L. migratoria tibetensis is predominantly distributed in
southwestern Tibet and northwestern Sichuan Province. From 2019 to
2021, HAGs expanded from east to west, whereas between 2021 and
2022, the hotspot areas contracted, with a more distinct north-to-south
aggregation. From 2022 to 2023, increased aggregation in northern
Sichuan prompted further northeastward expansion of HAGs in XC. This

92

emphasizes the need for increased attention to the occurrence of
L. migratoria tibetensis in northern Sichuan. For C. italicus in the XJ re-
gion, hotspots were situated in the northern administrative divisions of
Xinjiang near the border of Kazakhstan. From 2019 to 2020, the ag-
gregation area became more concentrated, with the occurrence center
shifting eastward. Between 2021 and 2022, the center shifted south-
eastward, and from 2022 to 2023, it moved southwestward, accompa-
nied by further HAG expansion. This trend reflected the more dispersed
distribution of C. italicus in southwestern XJ. O. infernalis is primarily
concentrated in central and northern SX. The extent of the aggregated
areas remained relatively stable across most years, except between 2022
and 2023, when the occurrence center shifted southward, accompanied
by the southward expansion of HAGs. This shift underscores the need for
increased attention to the occurrence of O. infernalis in southern SX.
O. chinensis was mainly concentrated in southwestern HLJ, with the
largest HAGs observed in 2023. This indicated a shift in the aggregation
trend of O. chinensis in the HLJ region, with a marked northeastward
movement.

3.3. Monitoring results for grasshopper habitats

The CL-GWLR model considers both spatial heterogeneity and
landscape characteristics and dynamically adjusts the weights of habitat
factors in complex environments. Its performance was evaluated against
the OLS model, which neglects spatial heterogeneity, and the GWLR
model, which omits landscape factors. Model accuracy was assessed
using AIC and R2 The results (Table 1) showed that the model
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Table 1
Monitoring accuracy of suitable grasshopper habitats from 2019 to 2023.
2019
GSNI HJLK HL
OLS AIC 87.77 163.19 196.45
R? 0.37 0.22 0.32
GWLR AIC 85.45 148.47 134.96
R? 0.43 0.36 0.68
CL- GWLR AIC 81.57 139.21 127.52
R? 0.50 0.40 0.72
2020
GSNI HJLK HL
oLS AIC 70.74 60.04 340.20
R? 0.41 0.69 0.23
GWLR AIC 66.26 62.87 196.84
R? 0.49 0.72 0.67
CL- GWLR AIC 64.78 60.97 195.22
R? 0.52 0.73 0.68
2021
GSNI HJLK HL
OLS AIC 86.91 241.10 216.53
R? 0.41 0.32 0.32
GWLR AIC 63.83 218.86 120.43
R? 0.72 0.50 0.74
CL- GWLR AIC 59.75 212.12 119.46
R? 0.81 0.64 0.77
2022
GSNI HJLK HL
OLS AIC 99.86 145.25 316.16
R? 0.23 0.36 0.16
GWLR AIC 97.52 124.72 96.54
R? 0.35 0.60 0.83
CL- GWLR AIC 92.56 122.12 95.94
R? 0.40 0.63 0.84
2023
GSNI HJLK HL
OLS AIC 58.20 157.67 132.48
R? 0.38 0.32 0.44
GWLR AIC 66.70 133.97 74.28
R? 0.31 0.63 0.80
CL- GWLR AIC 53.61 131.88 62.15
R? 0.67 0.64 0.86

HLJ
20.91
0.88
17.75
0.88
17.08
0.88

HLJ
21.99
0.85
18.08
0.87
17.25
0.89

HLJ
17.91
0.89
18.13
0.86
17.04
0.91

HLJ
40.11
0.80
42.95
0.81
37.32
0.83

HLJ
17.76
0.90
36.41
0.80
17.53
0.90

QH SX XC XJ XW
162.15 71.08 147.25 48.25 126.24
0.20 0.59 0.228 0.81 0.33
83.96 67.71 107.40 44.77 113.97
0.71 0.62 0.65 0.83 0.47
89.20 54.68 102.37 42.13 107.03
0.72 0.72 0.68 0.84 0.48
QH SX XC XJ XW
464.21 43.70 114.31 97.04 63.93
0.23 0.68 0.22 0.51 0.73
223.64 40.26 94.31 99.52 60.56
0.69 0.75 0.55 0.52 0.73
208.32 37.85 68.05 95.98 46.85
0.73 0.78 0.75 0.57 0.77
QH SX XC XJ XW
295.53 120.82 136.44 81.73 98.52
0.35 0.46 0.27 0.65 0.35
156.27 111.37 116.44 83.67 96.02
0.72 0.64 0.59 0.70 0.41
156.04 112.85 114.80 66.40 86.11
0.74 0.75 0.61 0.77 0.49
QH SX XC XJ XW
348.15 49.24 146.51 80.05 139.78
0.20 0.73 0.39 0.65 0.44
147.61 45.28 101.03 79.37 157.89
0.76 0.77 0.68 0.50 0.45
157.80 42.05 99.59 54.78 143.32
0.78 0.80 0.72 0.71 0.52
QH SX XC XJ XW
299.45 37.82 164.13 71.28 209.64
0.25 0.84 0.17 0.56 0.19
222.87 47.23 77.24 59.60 233.14
0.55 0.83 0.73 0.62 0.22
168.30 44,52 81.69 50.90 203.87
0.67 0.86 0.74 0.68 0.24

accounting for spatial heterogeneity significantly outperformed the
traditional OLS model, highlighting the limitations of ignoring spatial
heterogeneity in monitoring grasshopper habitats. Among the two
spatially heterogeneous models, the CL-GWLR model consistently ach-
ieved lower AIC values and higher R? values for GSNI, HJLK, HL, HLJ,
SX, XJ, and XW over the past five years, indicating superior performance
compared to the GWLR model. In specific cases, such as the QH region in
2019 and 2022 and the XC region in 2023, the AIC values of the CL-
GWLR model were slightly higher than those of the GWLR model.
However, the CL-GWLR model consistently achieved higher R? values,
indicating a better overall fit. Based on a comprehensive evaluation of
accuracy across all regions over the past five years, the CL-GWLR model
outperformed both the OLS and GWLR models. Consequently, the CL-
GWLR model was used to monitor suitable grasshopper habitats.
Monitoring results of the CL-GWLR model, along with the area and
proportion of habitats at each suitability level for each year, are shown
in Fig. 6. The analysis reveals that the most suitable habitats for grass-
hoppers ranged from 1,467.25 million mu to 1,809.49 million mu, ac-
counting for 31-38 % of the total grassland area. These habitats were
primarily concentrated in northwestern HJLK, northern and eastern XW
bordering HIJLK, western HL, northern and western XJ, southwestern
GSNI and XC, and northeastern QH. In particular, the most suitable
habitats for C. italicus in XJ and L. migratoria tibetensis in XC were both
located near the border areas. Close attention should be paid to grass-
hopper outbreaks in these regions, highlighting the need for vigilant
monitoring to mitigate the risk of cross-border migration. Moderately
suitable areas vary from 450.81 to 747.52 million mu, accounting for
11-16 % of the total grassland area. These areas are primarily distrib-
uted in northwestern XC, central QH, and eastern GSNI. In 2022, the
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most suitable habitat area was the smallest, whereas the moderately
suitable area was the largest. This shift can be probability attributed to
the transition of the most suitable areas in northwestern XC into
moderately suitable areas, and the conversion of less suitable areas in
the eastern GSNI into moderately suitable areas. In 2023, the most
suitable habitat area was the largest, and the less suitable habitat was
the smallest. Statistical analysis of habitat areas across regions (Fig. 7)
demonstrated that the increase in the most suitable areas was driven
primarily by expansion in the GSNI, HJLK, and HL regions. The most
suitable habitats in these areas accounted for more than 50 % of the total
regional grassland area. These regions were predominantly inhabited by
O. decorus asiaticus and D. barbipes, which are frequently involved in
grasshopper outbreaks. Therefore, it is essential to closely monitor
grasshopper population dynamics in these regions to prevent large-scale
outbreaks.

The Fig. 6 shows that QH and XC had the largest grassland areas.
Because of their lower temperatures and limited precipitation, these
regions provide favorable conditions for the growth of herbaceous
plants, resulting in vast expanses of grasslands. However, the proportion
of the most suitable habitat area for grasshoppers is relatively low, with
50-60 % of the environment being unsuitable for grasshopper breeding.
Effective management practices have further suppressed grasshopper
population density, making them less prone to severe grasshopper out-
breaks. Conversely, the most severe grasshopper outbreaks have been
reported in the HJLK, HL, XJ, and XW regions, according to data from
the National Forestry and Grassland Administration. The lower altitudes
and proximity of these regions to international borders facilitate large-
scale annual grasshopper migration from neighboring countries. Com-
bined with favorable habitat conditions, these factors contribute to a
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Fig. 6. Monitoring results of grasshopper habitat in China considering spatial heterogeneity and landscape factors.

higher severity of outbreak.

The monitoring results further revealed that the most suitable hab-
itats for grasshoppers in HJLK were primarily concentrated in the
northwestern region, particularly in the Kerqin grassland area. This re-
gion, dominated by Stipa grandis and Leymus chinensis, provides optimal
conditions for the habitat and reproduction of O. decorus asiaticus. From
2019 to 2021, the most suitable habitats remained relatively stable and
were primarily located in the northeastern region. However, in 2022,
the proportion of most suitable habitats dropped to 36 % due to habitat
transitions in the central region. In 2023, recovery in central HJLK
increased the proportion of most suitable habitats by 32 %, reaching the
highest proportion on record. The most suitable habitats in HL were
predominantly in the western region. From 2019 to 2021, the proportion
of most suitable habitats gradually decreased from 58 % to 41 %.
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However, subsequent recovery from 2021 to 2023 indicated improved
conditions for D. barbipes. This trend underscores the need for close
monitoring of D. barbipes outbreaks in this region. XW and HL are
geographically close, and both regions provide favorable conditions for
the survival and reproduction of D. barbipes. Monitoring of suitable areas
in XW revealed that the most suitable habitats were in the eastern re-
gions. The grassland distribution map (Fig. 1) shows that western XW is
dominated by desert grassland, which has low vegetation cover and fails
to meet the normal feeding requirements of D. barbipes. Therefore, this
area is unsuitable for the growth and development of grasshoppers. In
contrast, central and eastern XW are dominated by typical and meadow
steppes, with vegetation coverage ranging from 20 % to 50 %. These
areas provide sufficient sunlight and adequate food sources, making
them suitable for grasshopper growth and reproduction. In 2019, the
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Fig. 7. Proportion of habitat suitability levels for grasshoppers in each region.

most suitable habitat area for XW was 15 %. However, by 2020, the
proportion increased by 26 %, primarily because of the transition of
moderately suitable areas in the northern and eastern regions into the
most suitable habitats. From 2021 to 2023, the proportion of most
suitable habitats remained stable at 28 %. In XJ, C. italicus was
concentrated in border areas, with habitat suitability fluctuating be-
tween 23 % and 28 %. While central and western XJ exhibited stable
suitability, northern Altai experienced a decline in habitat suitability
between 2022 and 2023, shifting from the most suitable to less suitable
areas. The proportion of most suitable habitats in the GSNI ranged from
36 % to 68 %. The smallest proportion occurred in 2019; however, by
2020, the northeastern GSNI transitioned to become a more suitable
habitat, leading to a 19 % increase in their proportion. In 2023, eastern
GSNI reached the largest suitable habitat areas. This highlights the
importance of monitoring O. decorus asiaticus in this region. In the HLJ
region, the most suitable habitat for O. chinensis remained relatively
stable and was primarily concentrated in the southeastern region. In SX,
O. infernalis habitats were primarily located in the central and northern
areas, with suitable habitats ranging from 12 % to 29 %. Monitoring
remains crucial for preventing population surges in these regions.
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4. Discussion
4.1. Effectivity of the dynamic model for grasshopper habitat monitoring

In this study, based on the multi-source remote sensing and ecology
data, we established a monitoring indicator system for seven dominant
grasshopper species based on their growth and developmental mecha-
nisms. Additionally, we explored the spatiotemporal distribution pat-
terns of grasshopper occurrence and developed a dynamic large-scale
monitoring model for suitable habitats, accounting for landscape char-
acteristics and spatial heterogeneity. The methodological contributions
of this study are as follows: First, it systematically integrated the
developmental mechanisms of dominant grasshopper species using a DD
model to examine their developmental cycles across different regions.
Compared to the research that relies solely on empirical estimations (Du
et al., 2022; Zhang et al., 2023), our approach provides a more precise
framework for selecting the temporal ranges of environmental factors
than traditional methods. Second, the interactions between grasshopper
occurrence, host plants, and environmental conditions were quantita-
tively analyzed. Compared to localized empirical methods (Tappan
et al.,, 1991; Sun et al., 2023), our approach demonstrated more sys-
tematic. Moreover, the differences in dominant indicators were evident
across species: temperature during the egg stage exhibited more
importance for Oedaleus species compared to others, with O. decorus
asiaticus demonstrating greater cold tolerance than O. infernalis. These
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findings are similar to Colvin (1997), who identified temperature during
the egg stage as a critical determinant for Oedaleus survival and devel-
opment. Elevation plays a vital role in C. dubius distribution, consistent
with documented critical elevational constraints in its habitat selection
(Loughman, 2010; Allison et al., 2022). Additionally, we delineated the
spatiotemporal patterns of HAG distribution across China. Our results
showed significant spatial autocorrelation within a 99 % confidence
interval of HAGs, providing a scientific basis for the sustainable man-
agement of grasshoppers in grassland ecosystems. The results are similar
to Badenhausser’s (2012) findings, which found spatial autocorrelation
at the 95 % confidence interval in grasshoppers in western France.
Furthermore, we integrated the landscape characteristics of 223 vege-
tation types and incorporated spatial heterogeneity to construct a dy-
namic large-scale habitat monitoring model with adaptive weight
updating for habitat factors. Compared with traditional models that do
not consider landscape features or spatial heterogeneity (Guo et al.,
2023; Geng et al., 2020), the proposed model significantly improves
monitoring accuracy and better delineates the potential distribution of
grasshoppers. These results provide valuable information for field in-
vestigations of grasshopper habitats.

4.2. Driving factors for hotspot areas and suitable habitat changes

From 2019 to 2020, the HAG in northeastern XW became more
concentrated as the region transitioned from a less suitable to a most
suitable habitat. Analysis of the driving factors behind these changes
indicated that changes in this region were primarily influenced by
meteorological conditions. The synergistic effects of EP and N4T play a
key role in shaping suitable habitats. In 2019, N4T reached 42.25 °C
(Fig. 8A), while EP was only 0.027 m. Insufficient precipitation during
the egg period caused desiccation of grasshopper eggs, while the
exceptionally high temperatures during the fourth- and fifth-instar
nymph stages disrupted normal physiological activities. The combined
effects of these two factors led to the contraction of suitable habitat
areas. Between 2021 and 2022, the HAG in northwestern HJLK experi-
enced a reduction. Suitable habitat areas transitioned from the most
suitable to less suitable for O. decorus asiaticus, resulting in fewer
favorable environments and contraction of the HAG range. Further
analysis indicated that the EMinT in northeastern HJLK in 2022 was
only —23.93 °C, while the SP reached 0.11 m (Fig. 8B). The combination
of relatively high temperatures during the oviposition period and
excessive precipitation during the egg stage likely caused water over-
saturation in eggs, which adversely affected their survival. This envi-
ronmental shift contributed to the contraction of the HAG and a decline
in habitat suitability. In 2023, the distribution of HAGs reached its
widest extent, with the highest recorded proportion of the most suitable
areas. In particular, conditions suitable for grasshopper habitation and
reproduction in 2023 underscore the need for close monitoring of pop-
ulation dynamics. In the eastern GSNI, habitat suitability transitioned
from less suitable to moderately suitable, and finally to most suitable.

45 0.06 21
& 40 18 B
N4T - .05 22
35 o
30 0.04
o -24
< 0.03 & 25
15 0.02 K 26
10 27
0.01
5 -28
0 0.00

2019 2020

ISPRS Journal of Photogrammetry and Remote Sensing 227 (2025) 84-98

The combination of favorable EP (0.05-0.07 m), EST (2.09-2.4 °C), and
fractional vegetation cover during the nymph period (Nfvc: 0.2-0.3)
created increasingly suitable environmental conditions for grasshopper
habitation and reproduction. Consequently, HAG reached its maximum
extent and showed significant improvements in habitat suitability.

4.3. Uncertainties and improvements of multi-source remote sensing data
in grasshopper habitat monitoring

This paper integrates multi-source remote sensing data to establish a
comprehensive monitoring indicator system, utilizing MODIS, ERA5 -
Land, SoilGrids, and DEM data. Based on these indicators, a habitat
monitoring model for grasshoppers was developed, achieving high ac-
curacy. However, several uncertainties still require further clarification.
First, the habitat parameters derived from multi-source data can intro-
duce uncertainties (Zhang et al., 2020). The dynamics of the grass-
hopper life cycle are influenced by a variety of meteorological,
vegetative, soil, and topographic factors obtained from different sensors.
Methodological inconsistencies in data acquisition, especially differ-
ences between optical sensors (e.g., MODIS) and microwave sensors (e.
8., SMAP for soil moisture) can create systematic biases in the derived
parameters, ultimately affecting the model’s accuracy. Second, in-
consistencies in temporal resolution also present challenges (Nagendra
et al., 2013). Even among sensors operating within the same platform,
such as MODIS, there are disparities in temporal resolutions. The
MOD11A1 dataset provides daily land surface temperature data, while
MOD13A2 offers 16-day composites of vegetation indices. This differ-
ence in compositing duration may obscure critical rapid vegetation
green-up phases that coincide with nymphal emergence, thereby
affecting the model accuracy. Finally, there are limitations associated
with coarse spatial resolution (McPherson et al., 2006; Lecours et al.,
2015). Large-scale environmental data often fail to capture the spatial
heterogeneity of grasshopper microhabitats. In this study, the 1 km
resolution of remote sensing data may inadequately represent grass-
hopper activity ranges <1 km? particularly for microhabitat features
such as <10 m? vegetation patches that are suitable for oviposition.

Future research can be further improved in the following three as-
pects: (1) This study only focused on seven dominant grasshopper spe-
cies; there are over 400 species of grasshoppers across China’s
grasslands. Future studies should incorporate additional dominant spe-
cies for a more comprehensive analysis. (2) While the current study
employs a 1 km spatial resolution, future research should prioritize the
adoption of finer resolutions (e.g., 30 m) to better resolve microhabitat
heterogeneity. (3) The study period spanned from 2019 to 2023. In
future research, incorporating long-term historical data on grasshopper
occurrence would allow for a more representative monitoring system
and facilitate the analysis of spatiotemporal patterns in habitat
suitability.
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Fig. 8. Driving factors for hotspot areas and suitable habitat changes.
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5. Conclusion

We established a nationwide indicator system for monitoring suit-
able grasshopper habitats based on the developmental mechanisms of
seven dominant grasshopper species. The results identified surface and
soil temperatures during the egg stage as the most influential factor in
the occurrence of Oedaleus species. Elevation was identified as the most
significant factor for C. dubius and L. migratoria tibetensis, whereas soil
factors were crucial for the occurrence of O. chinensis. At the 99 %
confidence level, grasshopper occurrence exhibited a significant spatial
autocorrelation (p < 0.01) with the primary HAGs located in north-
western HJLK, western HL, and northeastern XW. Furthermore, a large-
scale grasshopper habitat monitoring model was developed by incor-
porating landscape and spatial heterogeneity with adaptive weight
updating. The CL-GWLR model, which integrates these factors, out-
performed the models that considered omitted landscapes or spatial
heterogeneity. Suitable grasshopper habitats accounted for 31-38 % of
the total grassland area, with key distributions in northwestern HJLK,
northern and eastern XW bordering HJLK, western HL, northern and
western XJ, southwestern GSNI and XC, and northeastern QH. A com-
parison of the HAG results derived from point-based data with the
habitat suitability monitoring results obtained from the CL-GWLR model
revealed that the monitoring range of the most suitable habitats was
larger than that of the HAGs. This discrepancy highlights the inherent
limitations of point-based surveys, which fail to capture the full spatial
extent of grasshopper habitats. Conversely, remote-sensing technology,
with its ability to provide continuous spatiotemporal aerial data, offers a
more comprehensive and detailed understanding of habitat suitability
across larger areas. In vast grassland regions, relying solely on manual
searches is inadequate for meeting the demands of precise large-scale
monitoring. This study highlights the advantages of remote sensing
over point-based surveys. Remote sensing provides continuous spatio-
temporal aerial information, enabling more comprehensive monitoring.
This methodological framework supports the eco-friendly management
of grasshopper populations, providing essential guidance for sustaining
grassland ecosystems and promoting the livestock industry.
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