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Highlights 

What are the main findings? 

• The Random Forest model outperformed other machine learning algorithms, provid-
ing the most accurate and robust prediction of grasshopper habitat suitability in the 
Xilingol grasslands. 

• Grasshopper distributions showed consistently clustered patterns, with high-suita-
bility habitats concentrated in East Ujumqin, West Ujumqin, and Xilinhot, and driven 
universally by soil and vegetation types. 

What are the implications of the main findings? 

• The integrated framework offers a scalable, early-warning tool for proactive pest 
management, enabling resource allocation to persistent, high-risk outbreak zones. 

• The identification of region-specific drivers (e.g., precipitation, humidity) under-
scores the need for locally tailored control strategies within a broader monitoring 
system. 

Abstract 

China’s extensive grasslands are ecologically and economically vital but are increasingly 
degraded by grasshopper outbreaks. Traditional monitoring approaches are too limited 
for large-scale management. This study developed an advanced monitoring framework 
for the Xilingol League by integrating multi-source remote sensing, a degree-day model, 
and machine learning (ML). Field survey data from 2018 to 2023 were combined with 29 
environmental variables aligned to grasshopper life stages. Four ML algorithms—Ran-
dom Forest (RF), XGBoost, Multilayer Perceptron (MLP), and Logistic Regression (LR)—
were evaluated for predictive performance. RF consistently outperformed other models, 
achieving the highest accuracy and robustness. Spatial autocorrelation analysis (Global 
Moran’s I) confirmed that grasshopper distributions were persistently clustered across all 
years, highlighting non-random outbreak patterns. Suitability mapping showed highly 
suitable habitats concentrated in East Ujumqin, West Ujumqin, and Xilinhot, with 
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pronounced interannual variability, including a peak in 2022. Variable importance analy-
sis identified soil type and vegetation type as dominant universal drivers, while precipi-
tation, soil texture, and humidity exerted region-specific effects. These findings demon-
strate that coupling biologically informed indicators with integrated learning provides 
ecologically interpretable and scalable predictions of outbreak risk. The framework offers 
a robust basis for early warning and targeted management, advancing sustainable pest 
control and grassland conservation. 

Keywords: grasshopper; machine learning; grassland ecosystems; remote sensing;  
habitat suitability modeling; degree-day model; spatial autocorrelation 
 

1. Introduction 
China’s grasslands cover approximately 40% of the country’s land area and are cru-

cial for carbon sequestration, food production, biodiversity conservation, and supporting 
the livelihoods of around 84 million people [1,2]. However, these ecosystems face signifi-
cant threats from insect pests, particularly grasshoppers, which cause grassland degrada-
tion and, in severe cases, desertification [3]. In regions like Inner Mongolia, Xinjiang, and 
Gansu, grasshopper infestations annually affect approximately 40 million hectares, with 
the Xilingol region being particularly vulnerable due to its rich biodiversity and favorable 
climatic conditions. Outbreaks pose a serious ecological challenge, with population den-
sities reaching up to 167 individuals per square meter in peak years [4]. 

While China has made strides in controlling grasshopper infestations [5], factors such 
as diverse grassland types, vast geographic extent [6], climate change [7], and the pro-
longed viability of grasshopper eggs [8] continue to complicate these efforts. Conse-
quently, these complexities underscore the urgent need for accurate, efficient, and scalable 
monitoring approaches. 

Conventional techniques for observing grasshopper habitats predominantly rely on 
ground surveys [9]. However, these methods are resource-intensive and struggle to esti-
mate damage across China’s vast grasslands [10,11]. Remote sensing has therefore become 
an essential tool in monitoring and predicting pest habitats, including those of grassland 
insects [12,13]. It offers clear advantages: large-scale coverage, high spatiotemporal reso-
lution, and near real-time monitoring [14,15]. In recent years, locust and grasshopper hab-
itat suitability studies have increasingly combined remote sensing products with meteor-
ological and soil datasets to delineate breeding areas and high-risk zones, for example, in 
desert locust monitoring [16] and other ecological systems [17]. 

Machine learning (ML) techniques have increasingly been incorporated into grass-
hopper habitat detection, enabling the integration of multi-source ecological variables and 
improving predictive accuracy [16–18]. Early studies employed simple classifiers such as 
decision trees and CART-type models [19], whereas more recent research has adopted 
advanced algorithms—including Random Forest (RF), Support Vector Machine (SVM), 
Artificial Neural Networks (ANN/MLP), gradient boosting models, and Logistic Regres-
sion (LR)—to capture complex nonlinear relationships among climate, vegetation, and 
soil variables [20–22]. For instance, RF and SVM have been widely applied to evaluate 
habitat suitability and identify dominant environmental drivers in ecological systems, 
demonstrating improved robustness and generalization compared with traditional statis-
tical models [17,22]. Gradient boosting algorithms (e.g., XGBoost) have also shown strong 
performance in ecological prediction tasks due to their ability to handle heterogeneous 
predictors and mitigate overfitting [20]. Despite these advances, comparative assessments 
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of multiple ML models specifically for grasshopper habitat suitability in the Xilingol 
grasslands remain limited. 

From the perspective of monitoring index system design, existing studies generally 
construct habitat suitability indices using combinations of climatic variables (e.g., temper-
ature and precipitation), vegetation indicators derived from remote sensing, topographic 
factors, and soil properties [7,23]. However, several issues require careful attention when 
establishing an index system for grassland locust habitats. First, the selected indicators 
should explicitly reflect key stages of the locust life cycle, such as egg development, nym-
phal growth, and adult activity, which are strongly constrained by accumulated temper-
ature and moisture conditions [24,25]. Second, redundancy and multicollinearity among 
environmental variables (e.g., highly correlated vegetation indices or climatic metrics) can 
adversely affect model stability and interpretation, necessitating the use of appropriate 
screening and dimensionality reduction methods. Third, temporal matching between pre-
dictor variables and biological observations is crucial for capturing the intra- and interan-
nual dynamics of grasshopper populations. Therefore, addressing these issues is particu-
larly important for constructing a robust, remotely sensed monitoring index system tai-
lored to grassland locust habitats. 

Recent investigations have primarily focused on two key aspects: (1) assessing habi-
tat suitability for grasshoppers and (2) identifying the environmental drivers of their dis-
tribution [7,26]. Grasshopper presence is closely linked to habitat conditions, such as cli-
mate [27,28], vegetation [23,29], topography [30,31], and soil properties [32,33], all of 
which significantly influence their growth and maturation [34,35]. Temperature and pre-
cipitation are particularly critical, as higher temperatures accelerate egg hatching [24], 
while rainfall regulates soil moisture and developmental progress [25,36]. Thus, a wide 
range of ecological variables jointly determine the dynamics of grasshopper populations. 
Despite these insights, few studies have systematically integrated these multiple drivers 
into habitat suitability analyses. Notable exceptions include Adu-Acheampong [37], who 
examined the combined influence of elevation, climate, vegetation, rainfall, humidity, and 
soil type in South Africa’s Cape Floristic Region, and Miao [38], who investigated the roles 
of plant functional groups, vegetative litter, and soil type. These studies, together with 
work on desert locusts in arid and semi-arid environments [16], highlight that the relative 
importance of environmental drivers varies substantially across regions [7,37,38]. Com-
pared with these regions, the Xilingol grasslands are characterized by a temperate conti-
nental monsoon climate, a mosaic of typical, meadow, and desert steppe types, and inten-
sive grazing pressure, implying that both the dominant drivers and effective monitoring 
indices for grassland locust habitats may differ from those identified in other ecological 
and climatic settings. 

This study aimed to develop a comprehensive framework for monitoring grasshop-
pers by integrating field survey data, degree-day models, and multi-source remote sens-
ing variables. Specifically, we sought to (i) examine the spatial clustering of grasshopper 
populations across Xilingol (2018–2023), (ii) evaluate and compare the performance of ma-
chine learning algorithms in modeling habitat suitability, (iii) generate spatially explicit 
suitability maps to identify persistent centers of grasshopper activity, and (iv) determine 
the key environmental drivers shaping distribution patterns across the region. 

2. Materials and Methods 
2.1. Study Area 

The Xilingol region, situated in the central part of the Inner Mongolia Autonomous 
Region, China, spans geographical coordinates between 41.57° and 46.77°N and 111.14° 
and 119.98°E (Figure 1). Encompassing a land area of 257,000 km2, the region is home to 
approximately one million residents and is divided into 12 administrative counties [39]. 
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Xilingol lies within the temperate arid and semi-arid climate zones, with grasslands cov-
ering an area of 192,512 km2, accounting for 95.03% of the total area [40]. These grasslands 
are categorized into three distinct types—meadow, typical, and desert—distributed from 
east to west [41]. The region experiences an average annual temperature of 1–2 °C, with 
minimum temperatures dropping to −20 °C and maximum temperatures reaching 21 °C 
[42]. Relative humidity remains below 60% annually, while evaporation rates range from 
1500 to 2700 mm, increasing from east to west [40]. Precipitation averages 200–300 mm 
per year, primarily concentrated during the vegetation growth season, and decreases 
gradually from east to west, reflecting significant regional variations [42]. The diverse 
grasslands and climatic conditions in Xilingol support a variety of grasshopper species, 
including Dasyhippus barbipes, Oedaleus decorus asiaticus, Anapodisma parabe, and Euchor-
thippus micropterus [43]. Therefore, this study considers grasshopper communities as a 
whole in Xilingol, with emphasis on the dominant species that collectively drive grassland 
degradation and ecological imbalance. 

 

Figure 1. (A) Location map of the study area; (B) Vegetation type in the study area; (C) Grasshopper 
occurrence and non-occurrence points in the study area. 
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2.2. Data Acquisition and Processing 

2.2.1. Satellite Data 

Satellite data from 2017 to 2023, precisely aligned with the life cycle stages of grass-
hoppers, were collected and processed using the Google Earth Engine platform. The 
MOD09A1.061 product was used to derive the soil salinity index, which was examined 
for the egg, nymph, and adult phases. This dataset features a spatial resolution of 1 km 
and a temporal resolution of 8 days. The MOD11A1.061 product was also applied to 
gather minimum and mean land surface temperature (LST) data, focusing on the egg, 
nymph, and adult stages, with a spatial resolution of 1 km and a temporal resolution of 1 
day. Furthermore, the MOD13A2.061 product provided the Normalized Difference Veg-
etation Index (NDVI), which was processed to estimate above-ground biomass (AB) for 
the nymph stage. The NDVI dataset has a spatial resolution of 1 km and a temporal reso-
lution of 16 days. 

2.2.2. Meteorological Data 

Meteorological data from 2017 to 2023, corresponding to the developmental stages of 
grasshoppers, were collected and processed using the Google Earth Engine. Mean precip-
itation data, covering the egg, nymph, and adult stages, were sourced from the Global 
Precipitation Measurement (GPM) v6 dataset, with a spatial resolution of 11,132 m and a 
temporal resolution of monthly intervals. Additionally, mean specific humidity data for 
the egg and adult stages, as well as soil moisture data for all three developmental phases, 
were obtained from the Famine Early Warning Systems Network (FEWSNET) Land Data 
Assimilation System (FLDAS). The specific humidity dataset had a spatial resolution of 
11,132 m and a temporal resolution of 1 day. In comparison, the soil moisture data had a 
spatial resolution of 11,132 m and a monthly temporal resolution. 

2.2.3. Soil, Vegetation, and Topography Data 

Soil characteristics, such as sand content, organic carbon, bulk density, nitrogen (5–
15 cm depth), pH (5–15 cm depth), and clay content (5–15 cm depth), were acquired from 
the SoilGrids 250 m database (accessible at https://www.soilgrids.org (accessed on 6 
March 2025)). Vegetation and soil type information were derived from the 1:1,000,000 na-
tional database, which was last updated in 2019. Topographic data was obtained from the 
Geospatial Data Cloud platform of the Chinese Academy of Sciences. These datasets—
soil, vegetation, and topography—were considered static factors, as they typically do not 
change significantly within the study area. All satellite, meteorological, soil, and topo-
graphic data were collected and processed using the Google Earth Engine. Pre-processing 
steps, including mosaicking, masking, and reprojection, were performed, and all datasets 
were resampled to a consistent spatial resolution of 1 km. 

2.2.4. Landscape Data 

The landscape metrics used in this study were the patch area and the Contiguity In-
dex; both derived from the vegetation-type dataset described in Section 2.2.3. The vegeta-
tion-type map was first converted into a categorical raster, where each contiguous group 
of cells with the same vegetation type was treated as an individual patch. 

Patch-based landscape metrics were calculated using FRAGSTATS 4.3 (available at 
http://www.umass.edu/landeco/research/fragstats/fragstats.html). Patch area (AREA, m2) 
describes the size of each vegetation patch and reflects the extent of continuous habitat. 
The Contiguity Index (CONTIG) quantifies the spatial connectedness of cells within a 
patch based on cell adjacency, with higher values indicating more compact and less frag-
mented patches. Both metrics were computed at the patch level using an 8-neighbor 
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adjacency rule and then exported as raster layers with the exact spatial resolution as the 
vegetation-type dataset. 

The resulting landscape-metric rasters were then overlaid with the analysis grid, and 
the values of patch area and Contiguity Index corresponding to each sampling unit were 
extracted and used as landscape-structure predictor variables in the grasshopper habitat 
suitability models. 

2.2.5. Field Survey Data 

Data for this research were collected through on-site assessments conducted between 
2018 and 2023. The study complied with the agricultural norms set by the People’s Re-
public of China (NY/T 1578–2007, rules for investing locusts and grasshoppers in grass-
land). Each grassland area was regarded as a primary unit of study. Survey plots were 
established at intervals of at least 10 km, with each plot measuring 1 km by 1 km to align 
with the spatial scale of the environmental data. Within each plot, 10 sub-plots of 1 m by 
1 m were randomly selected to document location details, grasshopper abundance, spe-
cies identification, and population density. Observations were conducted during the 
nymph and adult phases from May to July, between 9:00 AM and 5:00 PM on clear days. 
In total, grasshopper presence was recorded at 649 locations and absence at 709 locations, 
as depicted in Figure 1C. 

2.3. Analysis Process 

The methodological framework adopted in this study, illustrated in Figure 2, inte-
grates field survey data, environmental variables, and machine learning models to evalu-
ate grasshopper habitat suitability in the Xilingol region. Grasshopper developmental 
stages were aligned with ecological conditions using a degree-day (DD) framework, 
which provided the temporal basis for selecting habitat variables. A total of 29 factors 
representing meteorological, vegetation, topographic, soil, and landscape characteristics 
were assembled to describe habitat conditions. To minimize redundancy, multicollinear-
ity among variables was tested using correlation analysis, tolerance (TOL), and variance 
inflation factor (VIF). Spatial patterns of grasshopper occurrence, based on field data col-
lected between 2018 and 2023, were analyzed using the global Moran’s I index to evaluate 
distribution clustering. Habitat suitability was then modeled through four machine learn-
ing algorithms—Random Forest (RF), Logistic Regression (LR), Extreme Gradient Boost-
ing (XGBoost), and Multi-Layer Perceptron (MLP)—with predictive performance meas-
ured by AUC-ROC, F1-score, recall, and overall accuracy. The most accurate model was 
used to produce suitability maps and delineate potential distribution areas. At the same 
time, variable importance analysis quantified the relative contribution of each environ-
mental factor, thereby identifying the dominant drivers influencing grasshopper habitats 
in the Xilingol region. 
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Figure 2. Analysis Process for Integrating Remote Sensing, Degree-Day Models, and Machine 
Learning for Predicting Grasshopper Habitat Suitability in Temperate Grasslands. The red border 
shows the combination of field survey data, grasshopper life cycle dynamics with degree-day mod-
els, and environmental factors. The green border represents the modeling process and accuracy 
evaluation. The blue border shows the final results, while the gray arrows indicate the workflow of 
the analysis. 

2.3.1. Development of a Grasshopper Monitoring Indicator System 

To construct a reliable monitoring framework for grasshopper habitats, we system-
atically identified environmental variables known to influence their distribution and pop-
ulation dynamics. Grasshopper occurrence is shaped by the interaction of meteorological 
conditions, vegetation structure, soil properties, topographic heterogeneity, and ecologi-
cal context [4,44]. Temperature strongly determines development rates and life cycle pro-
gression [24], while vegetation regulates feeding behavior and oviposition [23]. Soil mois-
ture governs egg survival [32], and altitude indirectly constrains distributions by altering 
microclimates [45]. These factors act synergistically, with their relative importance vary-
ing across regions, underscoring the need for a comprehensive, multi-factorial indicator 
system. We therefore compiled habitat variables in five categories—meteorology, vegeta-
tion, soil, topography, and ecology—and selected 29 representative indicators based on 
ecological relevance, measurability using remote sensing or environmental datasets, and 
spatial applicability across the diverse landscapes of the Xilingol League. These indicators 
were then integrated into a standardized monitoring framework to assess habitat suita-
bility and forecast outbreak risk. 

Since temperature-driven development is central to grasshopper population dynam-
ics, we incorporated a degree-day (DD) model to quantify thermal requirements for 
growth [46]. The grasshopper life cycle consists of three stages—egg, nymph, and adult 
[47]—all of which are highly temperature-dependent [48]. Development requires both a 
lower threshold temperature and the accumulation of sufficient heat units; otherwise, 
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growth halts, and diapause is induced [49]. In this study, the DD model utilized daily 
temperature data, as described in Section 2.2.1, as input. For each grid cell and day, we 
identified whether the daily mean temperature exceeded a lower developmental thresh-
old obtained from previous experimental and field studies on grasshopper thermal biol-
ogy [50,51]. When this threshold was exceeded, the surplus temperature above the thresh-
old was considered effective heat accumulation for that day. These daily values were then 
summed over time to obtain cumulative thermal conditions for each location and year. 
Using stage-specific cumulative heat requirements reported in the literature [51,52], we 
then approximated the timing of key life stages, including egg hatching, nymphal devel-
opment, and adult activity, across the Xilingol League. In this way, the DD model pro-
vided spatially explicit information on the thermal environment and estimated phenolog-
ical windows for grasshopper development. Seasonally varying environmental indicators 
were subsequently averaged or accumulated within these DD-defined windows, ensuring 
that the predictor variables in the habitat suitability models reflected the conditions expe-
rienced by grasshoppers during their main development and activity periods rather than 
simple calendar-based averages [53]. 

Intercorrelations among environmental factors within the same category could com-
promise the accuracy of the model’s predictions [54]. To reduce redundancy among pre-
dictors, we tested for multicollinearity using the Variance Inflation Factor (VIF), Tolerance 
(TOL), and Spearman correlation coefficients (SCC). A TOL < 0.1, VIF > 5, or SCC ≥ 0.7 
indicated potentially problematic relationships between variables [55], and such variables 
were excluded from the final indicator set. 

2.3.2. Assessment of Global Spatial Autocorrelation in Grasshopper Occurrence 

To examine spatial dependence in grasshopper occurrence, we employed Global Mo-
ran’s I statistic, a widely used measure of spatial autocorrelation that evaluates whether 
spatial patterns are clustered, dispersed, or random. Moran’s I ranges from −1 (perfect 
dispersion) to +1 (ideal clustering), with values near zero indicating random distributions. 

The analysis was conducted annually from 2018 to 2023 using grasshopper occur-
rence data aggregated at the county level. Statistical significance of the Moran’s I values 
was assessed using associated z-scores and p-values, derived from randomization tests. 
Following conventional thresholds, a z-score greater than 1.96 (p < 0.05) was considered 
evidence of significant clustering, while a z-score less than −1.96 (p < 0.05) indicated sig-
nificant dispersion [56]. 

To aid interpretation, the significance results were visualized using probability dis-
tributions of the test statistics. Spatial patterns were classified into three categories: dis-
persed, random, or clustered. This procedure ensured that the spatial structure of grass-
hopper occurrence could be rigorously evaluated across multiple years. 

2.3.3. Machine Learning Models to Extract Habitat Suitability 

1. Random Forest (RF) 

Random Forest is an advanced ensemble learning method that combines the outputs 
of numerous decision trees to improve the model’s reliability and precision [57]. In the 
training process, individual decision trees are built using a randomly selected portion of 
the training dataset, known as bootstrapping, and a random subset of features, a tech-
nique called feature bagging [58]. This strategy introduces diversity among the trees, re-
ducing the risk of overfitting and enhancing the model’s ability to generalize to new data. 
Random Forest is highly effective for managing high-dimensional data and can accurately 
model complex interactions between variables, making it an ideal choice for challenging 
prediction problems. 
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In our study, the model was optimized via a 5-fold cross-validated grid search. Key 
hyperparameters tuned included the number of trees (n_estimators: 100, 300, 500), the 
maximum depth of trees (max_depth: 10, 20, None), and the minimum number of samples 
required to split a node (min_samples_split: 2, 5). We configured the final Random Forest 
model with 500 trees and employed balanced class weights to address potential class im-
balance in the dataset [59,60]. The choice of 500 trees was guided by previous studies re-
porting stable performance gains beyond 300–500 trees [61], the grid search results, which 
indicated optimal performance at this value, and our preliminary analyses indicated that 
model accuracy plateaued after this point. This configuration allowed the model to remain 
sensitive to minority classes while maintaining strong predictive performance. The hy-
perparameter tuning process used log loss as the performance metric to be minimized. 
The final prediction of the Random Forest is obtained by aggregating the outputs of all 
decision trees, where each tree contributes equally to the ensemble result. This aggrega-
tion can be expressed as: 

1

1ˆ ( )
T

t
t

y h x
T =

=   (1)

where ŷ  is the predicted probability, T  is the number of trees, and th ( )x  is the pre-
diction of the t-th tree. 

2. Multilayer Perceptron (MLP) 

A Multi-Layer Perceptron (MLP) is a feedforward neural network composed of mul-
tiple fully connected layers of nodes, enabling the modeling of complex nonlinear rela-
tionships between inputs and outputs [62,63]. This architecture makes MLPs powerful 
tools for classification and regression tasks when sufficient data are available. The activa-
tion of each neuron can be expressed as: 

1

1

m
l l l
i k k

k
h g w h −

=

 =  
 
  (2)

In this equation, g  represents the activation function, 
l
kw  is the weight of the k -

th neuron in layer l , 
1l

kh
−

 is the activation of the k -th neuron in the preceding layer 
1l − , l  indicates the layer index, i  is the neuron index, and m  is the count of neu-

rons in the layer l  [64]. In this study, we conducted a 5-fold cross-validated grid search 
to tune the network architecture and learning parameters. The search space included the 
number of hidden layers (1, 2, 3), the number of neurons per layer (64, 128, 256), the learn-
ing rate for the Adam optimizer (learning_rate_init: 0.001, 0.01), and the L2 regularization 
penalty (alpha: 0.0001, 0.001). The best-performing configuration consisted of three hid-
den layers with 256, 128, and 64 neurons, which effectively balanced predictive accuracy 
and the risk of overfitting. The use of progressively fewer neurons across layers followed 
common design principles of hierarchical feature extraction [65]. We applied the Rectified 
Linear Unit (ReLU) activation function to introduce nonlinearity and accelerate conver-
gence [66], while optimization was performed using the Adam algorithm [67,68]. To fur-
ther improve generalization, early stopping was employed with a validation set and a 
patience of 10 epochs. 

3. Extreme Gradient Boosting (XGBoost) 

Extreme Gradient Boosting (XGBoost) is an advanced and efficient implementation 
of gradient boosting that builds decision trees sequentially, with each tree correcting the 
residual errors of the previous ones [69]. This iterative design, combined with 
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regularization, makes XGBoost highly effective for modeling complex, nonlinear relation-
ships in large and high-dimensional datasets [70]. A further advantage of XGBoost is its 
ability to handle missing values and noisy inputs, which is particularly relevant for eco-
logical data derived from multiple sources. 

The general loss function in XGBoost is expressed as: 

ˆ( ) ( , ) ( )i i k
i k

L l y y fφ = + Ω   (3)

In this equation, the first component represents the loss function, with iy  and ˆiy  
denoting the actual and forecasted values, respectively. To mitigate overfitting and ad-
dress complexity issues, the following equation is applied: 

21( )
2

f T wγ λΩ = + ‖ ‖  (4)

Here, T  corresponds to the number of leaves in the tree, and w  signifies the score 
attributed to each leaf. 

In this study, the XGBoost model was configured following a 5-fold cross-validated 
grid search. We tuned several key parameters, including the number of boosting rounds 
(n_estimators: 100, 300, 500), the maximum tree depth (max_depth: 3, 6, 9), the learning 
rate (learning_rate: 0.01, 0.1), and the subsample ratio of columns (colsample_bytree: 0.8, 
1.0). The final model used 500 boosting rounds (n_estimators = 500) and a fixed random 
seed (random_state = 123) to ensure reproducibility. To address class imbalance, the pa-
rameter scale_pos_weight was set to 2, which increased the weight of minority (presence) 
cases and improved predictive sensitivity. This configuration provided stable perfor-
mance while effectively capturing the relationships between grasshopper occurrence and 
environmental predictors. 

4. Logistic Regression (LR) 

Logistic Regression (LR) is a widely used statistical method for binary classification 
that models the probability of occurrence using a logistic function. It is valued for its in-
terpretability and computational simplicity, and it often serves as a benchmark against 
which more complex machine learning models are compared. The probability of occur-
rence is estimated as [71]: 

0 1 1 2 2( )
1

1 n nx x xP
e β β β β− + + + +=

+   (5)

Here, P is the probability of grasshopper presence. β0 is the model’s intercept, β1, 
β2,…, βn are the coefficients and x1, x2,…, xn are the input features. In this study, we 
applied LR with balanced class weights to account for class imbalance in the dataset. To 
optimize the model, we performed a 5-fold cross-validated grid search over the inverse 
regularization strength parameter C (values: 0.1, 1, 10) and the penalty norm (l1, l2). The 
L2 penalty with C = 1 was selected based on this process. This adjustment increased the 
influence of minority (presence) cases, improving sensitivity and yielding more reliable 
predictions of grasshopper distribution. 

Grasshopper monitoring outcomes were categorized into three suitability classes ac-
cording to their occurrence probabilities: low suitability (0 < P ≤ 0.5), moderate suitability 
(0.5 < P ≤ 0.7), and high suitability (0.7 < P ≤ 1) [72]. To identify the key environmental 
factors shaping habitat suitability, we employed Shapley Additive Explanations (SHAP), 
which quantifies the contribution of each predictor to model outputs and provides a con-
sistent, interpretable measure of feature importance across the study area [73]. 
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3. Results 
3.1. Grasshopper Monitoring Indicator System 

Drawing on the developmental mechanisms of grasshoppers, we applied a degree-
day (DD) model to estimate the duration of developmental periods for grasshoppers 
across each county. The duration of grasshopper life stages varied substantially across 
regions (Figure 3). The egg period was consistently the longest stage, ranging from 213 
days in East Ujumqin to 254 days in Xilinhot, with most regions exhibiting egg periods 
exceeding 235 days. This pattern underscores the importance of overwintering in the 
grasshopper life cycle. The nymph period displayed greater regional variation, lasting 97 
days in East Ujumqin but only 61 days in Duolun. Thermal accumulation patterns can 
explain these differences: in East Ujumqin, the initial developmental temperature was 
reached in mid-April, but nighttime conditions often fell below the threshold, restricting 
degree-day accumulation to daytime and prolonging development. In contrast, Duolun 
entered the incubation period with average temperatures of 10–12 °C, which enabled 
faster accumulation of effective heat units and thus shortened the nymphal stage. The 
adult period was generally shorter than the nymph stage but still varied across regions. 
The longest adult phases occurred in Duolun (66 days) and West Ujumqin (60 days), while 
the shortest was observed in Xilinhot (36 days). In Duolun, the extended adult stage likely 
reflects favorable summer thermal conditions that prolonged reproductive activity. In 
contrast, in Xilinhot, higher early-summer temperatures may have accelerated matura-
tion, leading to a shorter lifespan. Overall, these results indicate that the egg stage pre-
dominates in the grasshopper life cycle across all regions, while the nymph and adult 
stages are more sensitive to local thermal regimes. Extended nymphal development in 
East Ujumqin and prolonged adult longevity in Duolun underscore the significant impact 
of regional climate and heat accumulation on grasshopper phenology. 

 

Figure 3. Duration of life stages of the grasshopper by region. 
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Building on these developmental results, we identified habitat factors associated 
with each stage and tested them for multicollinearity (Figures 4 and 5) to ensure the ro-
bustness of our indicator selection. TOL values ranged from 0.201 to 0.848, with the lowest 
observed for AMean_SH and the highest for Aspect (Figure 4). Similarly, VIF values 
ranged from 1.178 for Aspect to 4.922 for AMean_SH (Figure 4). Since all TOL values re-
mained above 0.1 and all VIF values below 5, none of the predictors exhibited problematic 
collinearity. Spearman’s correlation coefficients provided additional confirmation, with 
all values falling below the exclusion threshold of |r| ≥ 0.70 (Figure 5). The strongest pos-
itive correlation was found between AMean_SH and ASMoist (r = 0.69), while the strong-
est negative correlation occurred between AMeanT and ASMoist (r = −0.59). These results 
confirm that the selected predictors were sufficiently independent and could be retained 
for subsequent modeling. The final set of factors chosen for our study, as detailed in Table 
1, includes: AMinT, AMeanT, NMinT, AMeanP, ASMoist, AMean_SH, SOC, PA, CI, 
NMeanP, SCC, NSMoist, NAB, SN, VT, EMeanPre, ESMoist, EMinLST, EMeanSH, Eleva-
tion, ST, Slope, SSAND, Aspect, SpH, ASI, ESI, NSI, and SBD. 

 

Figure 4. Variance Inflation Factor (VIF) and Tolerance (TOL) Values for Habitat Variables. 
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Figure 5. Spearman Correlation Coefficients (SCC) Matrix of Habitat Variables. 

Table 1. Environmental factors. Altogether, there are 29 factors. 

Category Factors 
Factors in Grasshop-

per Development 
Period 

Abbreviation Data Source Spatial Resolu-
tion 

Temporal Resolu-
tion 

Soil 
Soil Moisture 

Egg period ESMoist FLDAS 11,132 m Monthly 
 Nymph period NSMoist FLDAS 11,132 m Monthly 
 Adult period ASMoist FLDAS 11,132 m Monthly 

 Soil Salinity 
index 

Egg period ESI MOD09A1.0
61 

1 km 8 days 

  Nymph period NSI 
MOD09A1.0

61 1 km 8 days 

  Adult period ASI 
MOD09A1.0

61 1 km 8 days 

 Soil Sand static factor SSAND Soil Grids 250 m  

 Soil Organic 
Carbon 

static factor SOC Soil Grids 250 m  

 Soil Ph static factor SpH Soil Grids 250 m  

 
Soil Bulk Den-

sity static factor SBD Soil Grids 250 m  
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 Soil Nitrogen static factor SN Soil Grids 250 m  

 
Soil Clay Con-

tent static factor SCC Soil Grids 250 m  

 Soil Type static factor ST 
Chinese 

Academy of 
Sciences 

250 m  

Topography Elevation static factor Elevation 
Chinese 

Academy of 
Sciences 

90 m  

 Slope static factor Slope 
Chinese 

Academy of 
Sciences 

90 m  

 Aspect static factor Aspect 
Chinese 

Academy of 
Sciences 

90 m  

Landscape Patch Area static factor PA 
Chinese 

Academy of 
Sciences 

1 km  

 Contiguity In-
dex 

static factor CI 
Chinese 

Academy of 
Sciences 

1 km  

Meteorology 
Minimum 

land surface 
temperature 

Egg period EMinT 
MOD11A1.0

61 1 km 1 day 

 Nymph period NMinT MOD11A1.0
61 

1 km 1 day 

 Adult period AminT MOD11A1.0
61 

1 km 1 day 

 
Mean land 

surface tem-
perature 

Adult period AMeanT MOD11A1.0
61 

1 km 1 day 

 Mean specific 
humidity 

Egg period EMean_SH FLDAS 11,132 m 1 day 

  Adult period AMean_SH FLDAS 11,132 m 1 day 
       

 
Mean Precipi-

tation Egg period EMeanP GPM 11,132 m Monthly 

  Nymph period NMeanP GPM 11,132 m Monthly 
  Adult period AMeanP GPM 11,132 m Monthly 

Vegetation 
Aboveground 

biomass Nymph period NAB MOD13A2 1 km 16 days 

 
Vegetation 

type Static factor VT 
Chinese 

Academy of 
Sciences 

1 km  

3.2. Global Spatial Autocorrelation of Grasshopper Occurrence (2018–2023) 

Global spatial autocorrelation, assessed annually using Moran’s I, consistently re-
vealed a clustered distribution of grasshopper densities between 2018 and 2023 (Figure 
S1). In 2018, Moran’s I was 0.93 (z = 15.62, p < 0.001), followed in 2019 by a slightly lower 
but still pronounced value of 0.54 (z = 15.29, p < 0.001). Clustering then intensified in 2020 
and 2021, when Moran’s I reached 0.95 in both years, accompanied by the highest z-scores 
of the series (z = 19.22, p < 0.001). In 2022, the degree of spatial autocorrelation declined 
modestly (Moran’s I = 0.74, z = 2.74, p < 0.001), yet the pattern remained highly significant. 
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A marginal rebound was observed in 2023, when Moran’s I rose to 1.00 (z = 2.04, p = 0.040), 
confirming persistence of clustering at the 5% significance level. 

Collectively, these findings demonstrate six consecutive years of statistically signifi-
cant positive spatial autocorrelation, highlighting the enduring and non-random spatial 
structure of grasshopper populations across the study area. 

3.3. Habitat Suitability of Grasshopper by Machine Learning 

The evaluation results for the four machine learning models (Figure 6; Table 2) indi-
cated that the RF model consistently achieved higher predictive performance than the 
other three models. Across all years, the AUC of RF was greater than that of MLP, XGB, 
and LR, and its RMSE remained the lowest. Similarly, recall and F1-scores of RF were 
higher than those of the other models, confirming its superior ability to capture grasshop-
per occurrence patterns. XGB ranked second, with values close to those of RF, particularly 
in 2020 and 2022. MLP achieved moderate performance, while LR consistently produced 
the lowest accuracy and the highest RMSE. These results imply that RF, by effectively 
handling nonlinear relationships and complex feature interactions, outperformed XGB, 
MLP, and LR, and therefore proved to be the most reliable model for predicting grasshop-
per occurrence across years. 

 

Figure 6. ROC curve and AUC value in Machine Learning Models. 

Table 2. Evaluation Results of the Four Machine Learning Models. 

Year Model RMSE AUC F1-Score Recall Accuracy 
 RF 0.110 0.912 0.860 0.894 0.881 

2018 MLP 0.150 0.835 0.780 0.810 0.800 
 XGB 0.125 0.887 0.830 0.850 0.840 
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 LR 0.160 0.798 0.740 0.770 0.760 
 RF 0.105 0.901 0.855 0.885 0.875 

2019 MLP 0.155 0.832 0.770 0.800 0.790 
 XGB 0.135 0.859 0.805 0.830 0.820 
 LR 0.155 0.802 0.740 0.765 0.765 
 RF 0.100 0.931 0.880 0.910 0.895 

2020 MLP 0.130 0.894 0.830 0.850 0.835 
 XGB 0.110 0.913 0.860 0.880 0.870 
 LR 0.170 0.789 0.710 0.735 0.742 
 RF 0.090 0.921 0.870 0.900 0.885 

2021 MLP 0.120 0.872 0.810 0.830 0.825 
 XGB 0.115 0.901 0.835 0.855 0.845 
 LR 0.140 0.812 0.755 0.780 0.771 
 RF 0.095 0.932 0.880 0.905 0.890 

2022 MLP 0.130 0.901 0.835 0.855 0.845 
 XGB 0.100 0.921 0.860 0.880 0.870 
 LR 0.135 0.834 0.765 0.790 0.781 
 RF 0.110 0.911 0.850 0.875 0.865 

2023 MLP 0.120 0.883 0.820 0.840 0.835 
 XGB 0.105 0.898 0.835 0.855 0.838 
 LR 0.138 0.821 0.745 0.770 0.753 

The RF model revealed pronounced spatial and temporal variation in grasshopper 
habitat suitability across the Xilingol League from 2018 to 2023, which was classified into 
three suitability levels (Figure 7). Across the study period, less suitable habitats consist-
ently dominated, covering more than half of the region each year, while moderately suit-
able and most suitable habitats fluctuated substantially. Highly suitable habitats were pri-
marily concentrated in East Ujumqin, West Ujumqin, and Xilinhot, with secondary centers 
in Duolun, Taipusi, Zhenglan, and Xianghuang. In contrast, Sunit Left, Sunit Right, and 
Abaga were persistently dominated by less suitable habitats. 

In 2018, 71% of the area was classified as less suitable, with 15% classified as moder-
ately suitable and 14% as most suitable, concentrated mainly in East and West Ujumqin 
and Xilinhot. In 2019, moderately suitable habitats expanded to 20%, while most suitable 
habitats remained at 14%, with increases in East and West Ujumqin. Suitability improved 
further in 2020, when most suitable habitats expanded to 22% and moderately suitable 
areas accounted for 20%, particularly in the northern and eastern parts of West Ujumqin, 
central Xilinhot, and northern Duolun. By 2021, however, the extent of most suitable hab-
itats declined sharply to 7%, as East and West Ujumqin lost much of their suitable area, 
although Zhenglan, Xiang Huang, and Taipusi exhibited local increases. The peak oc-
curred in 2022, when most suitable habitats reached 30% of the study area, the highest 
across all years. West Ujumqin held the largest share of highly suitable habitats (>20%), 
followed by notable expansions in East Ujumqin and southern Duolun. This sharp in-
crease in 2022 can be attributed to a combination of favorable climatic and environmental 
factors. First, egg-stage minimum temperatures (EMinT) in East and West Ujumqin 
ranged from −31 °C to −29 °C, within the optimal range for grasshopper egg survival, 
thereby reducing egg mortality and enhancing hatching success; winter temperatures be-
tween −35 °C and −28 °C are generally favorable for grasshopper survival, whereas more 
extreme cold can cause high egg mortality [74]. Second, mean precipitation during the 
nymph stage (NMeanP) in 2022 was favorable, as increased rainfall supported vegetation 
growth, providing ample food for the grasshopper nymphs. In particular, the NMeanP 
during the nymph stage contributed to the development of high-quality vegetation, which 
was essential for nymph survival. Third, above-ground biomass (NAB) during the nymph 
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stage was higher in 2022, with values peaking at 140 kg/hm3, providing abundant food for 
grasshopper nymphs, supporting their growth, and contributing to the expansion of suit-
able habitats. In 2023, however, the extent of most suitable habitats contracted again to 
12%, with marked declines in West Ujumqin, Xilinhot, Duolun, and Taipusi, although East 
Ujumqin retained a relatively large share of moderately suitable habitats. 

 

Figure 7. Habitat Suitability of Grasshopper by RF model. 
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Regional distributions (Figure 8) provided further detail on these dynamics. East 
Ujumqin, West Ujumqin, and Xilinhot consistently contained the highest proportions of 
moderately and highly suitable habitats, reinforcing their roles as persistent centers of 
grasshopper suitability. In contrast, Abaga, Sunit Left, and Sunit Right were overwhelm-
ingly less suitable throughout the study period, with grasshopper suitability remaining 
consistently low. Temporal fluctuations were most pronounced in East and West Ujum-
qin, which experienced repeated expansions and contractions of highly suitable areas, 
particularly the sharp increase in 2022, followed by the decline in 2023. 

Overall, the results demonstrate that less suitable areas dominate grasshopper habi-
tats across the Xilingol League; however, East Ujumqin, West Ujumqin, and Xilinhot con-
sistently contain higher proportions of suitable habitats, providing favorable conditions 
for grasshopper occurrence. Substantial interannual variability, particularly the surge in 
suitability in 2022 and the contraction in 2023, underscores the sensitivity of grasshopper 
habitats to changing environmental conditions. 

 

Figure 8. Percentage of habitat suitability area by region. 

3.4. Habitat Factors Shaping Grasshopper Distribution Patterns 

The feature importance analysis demonstrated that grasshopper habitat suitability 
across the Xilingol League was primarily governed by soil and vegetation factors, with 
consistent yet regionally variable contributions from climate and soil texture. On average, 
soil type (ST) and vegetation type (VT) were the most influential predictors, contributing 
21.1% and 19.8%, respectively (Figure 9). Secondary influences included soil sand content 
(SSand, 12.6%) and egg-stage minimum temperature (EMinT, 11.3%), while adult-stage 
specific humidity (ASH, 10.9%) and soil bulk density (SBD, 10.8%) were moderately im-
portant. Precipitation-related variables (EMeanP, 8.7%; NMeanP, 8.8%) and nymph-stage 
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aboveground biomass (NAB, 8.1%) contributed less consistently, and elevation was the 
least influential factor (<6%). 

 

Figure 9. Contribution of Factors across all regions and years. 
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The dominance of soil and vegetation types can be explained by their direct links to 
key grasshopper life stages. Vegetation type (VT) mainly influences food quality and mi-
crohabitat conditions. Monocotyledonous grasses are often preferred host plants for many 
acridid species, providing optimal nutrition for nymph development and adult reproduc-
tive success [75], while dense or woody vegetation can hinder movement and oviposition. 
Similarly, soil type (ST) and its physical properties, such as texture and compaction, are 
essential for successful oviposition and egg overwintering, as female grasshoppers tend 
to lay their egg pods in well-drained soils with suitable textures [76]. Soil texture, indi-
cated by sand content (SSand), directly impacts egg survival. Sandy or loamy soils pro-
mote drainage, preventing egg pods from becoming waterlogged, while allowing deeper 
penetration for egg-laying and offering better insulation against extreme winter cold. Con-
versely, clay-rich soils are more prone to compaction and water retention, which can cause 
anoxia and fungal growth, increasing egg mortality [32]. Soil bulk density (SBD) is an es-
sential measure of soil compaction: low to moderate SBD indicates softer soils that are 
easier for females to excavate for oviposition, whereas highly compacted soils (high SBD) 
can physically block egg-laying and reduce habitat suitability [76]. 

Regional analyses revealed both consistent and contrasting drivers of suitability. In 
East Ujumqin, suitability was most strongly shaped by VT and ST in every year (up to 
27.8% and 19.7%, respectively), while precipitation variables occasionally ranked highly, 
such as NMeanP (12.9%) in 2023. The Egg-stage Minimum Temperature (EMinT) also 
showed pronounced effects, peaking at 23.8% in 2021, reflecting the sensitivity of embry-
onic development to thermal thresholds. In West Ujumqin, ST and VT alternated as lead-
ing factors (each contributing >25%), while NMeanP consistently exerted strong influence 
(21.7% in 2018–2019 and 19.7% in 2023), highlighting the importance of rainfall during the 
nymph stage in this semi-arid area. 

In Xilinhot, vegetation type consistently dominated (up to 29.8%), followed by ST, 
but other factors such as NAB (17.7% in 2019) and ASH (11.9–17.7% across years) repeat-
edly contributed, indicating that food supply and adult microclimatic humidity strongly 
modulated suitability in this central region. By contrast, Duolun was characterized not 
only by ST and VT but also by persistent contributions from soil-related factors: SBD 
(16.7%) and SSand (14.7–16.7%), alongside intermittent importance of precipitation 
(EMeanP up to 16.7%). These results suggest that both soil structure and rainfall strongly 
constrain suitability in this county. Taipusi followed a similar pattern, dominated by ST 
(27.8%) but with notable contributions from SSand and SBD (13–17%), while EMeanP was 
also influential in certain years (15.7%). 

In the western counties, soil-related variables were even more decisive. In Zheng 
Xiangbai, ST was consistently the top predictor (19.8–25.8%), followed by SBD (14.8–
17.8%) and VT (11.9–14.9%), with moderate contributions from SSand and precipitation. 
Similarly, Zhenglan displayed a distinctive dominance of ST (up to 29.8%) and SSand (up 
to 19.8%), often ahead of VT, underscoring the importance of soil texture and compaction. 
SBD ranked third in several years (10.9–16.8%), reinforcing the role of soil physical prop-
erties in determining oviposition suitability. In Xianghuang, VT was the leading predictor 
every year (23.8–29.8%), consistently followed by ST, while SBD and precipitation 
(NMeanP and EMeanP) played secondary roles. Finally, in Abaga, suitability was primar-
ily shaped by VT and ST (VT 21.2–28.2%, ST 13.8–16.8%), with more minor but steady 
effects of SSand, SBD, and precipitation. Notably, EMeanP rose sharply in 2023 (14.9%), 
reflecting the importance of rainfall events in this otherwise less suitable region. 

Taken together, these findings confirm that soil type and vegetation type are the 
dominant and universal drivers of habitat suitability, but the relative influence of other 
predictors varies geographically. East and West Ujumqin were additionally shaped by 
precipitation and egg-stage temperature; Xilinhot by vegetation, nymph-stage biomass, 
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and adult-stage humidity; Duolun and Taipusi by soil bulk density, sand content, and 
rainfall; Zheng Xiangbai and Zhenglan by soil-related properties; and Abaga by vegeta-
tion with episodic rainfall effects. This regional heterogeneity reflects the different ecolog-
ical constraints operating across the League. It demonstrates that the Random Forest 
model successfully captured both consistent drivers and local nuances of grasshopper 
habitat suitability. 

4. Discussion 
Grasshopper occurrence in temperate grasslands is shaped by a suite of interacting 

environmental drivers, including meteorological conditions, vegetation structure, soil 
characteristics, topography, and ecological context. For prediction and early-warning sys-
tems to be reliable, monitoring indicators must be carefully chosen to reflect these drivers 
in a way that captures both their biological relevance and regional variability. In this 
study, we linked a degree-day (DD) model with field survey data and the life cycle dy-
namics of grasshoppers to quantify developmental timing across the Xilingol League. By 
using thermal requirements to delimit egg, nymph, and adult stages, this approach pro-
vided a more biologically grounded framework than earlier methods that relied on em-
pirical or fixed life cycle divisions [26,77]. As a result, the temporal alignment of environ-
mental indicators with life-history processes improved, better capturing how climate and 
habitat factors regulate grasshopper occurrence. 

To build a robust indicator system, 29 variables representing meteorology, vegeta-
tion, soil, topography, and landscape attributes were assembled and screened for redun-
dancy using multicollinearity tests. This systematic selection ensured that the final indi-
cators were both ecologically meaningful and statistically independent. Compared with 
previous studies that often selected predictors based on empirical knowledge or single-
variable correlations [78,79], our framework incorporated multiple evaluation steps, in-
cluding tolerance (TOL), variance inflation factor (VIF), and correlation thresholds. This 
dual focus on ecological significance and statistical rigor enhanced the reliability of the 
selected predictors for modeling habitat conditions. 

Among the algorithms tested, Random Forest (RF) consistently outperformed MLP, 
XGBoost, and logistic regression (LR) in AUC, recall, and F1-scores. Its strength lies in 
capturing nonlinear relationships, integrating high-dimensional data, and maintaining ro-
bustness against noise and class imbalance. This performance underscores RF as the most 
effective approach for this ecological prediction task. The lower performance of the LR 
model compared to RF/MLP/XGBoost can be attributed to the linear assumptions of LR, 
which struggle to capture the complex, nonlinear interactions present in ecological data. 
Ensemble methods and neural networks, such as RF and XGBoost, perform better due to 
their ability to model these nonlinear relationships, providing more accurate predictions. 

Building on these robust modeling results, we examined the spatiotemporal distri-
bution of habitat suitability. Intense and persistent spatial clustering of grasshopper oc-
currence was evident from 2018 to 2023, as confirmed by Moran’s I. The RF-derived suit-
ability maps revealed key ecological insights: less suitable habitats consistently dominated 
the League, but East Ujumqin, West Ujumqin, and Xilinhot repeatedly emerged as persis-
tent centers of grasshopper activity. These regions combine favorable vegetation and soil 
with supportive climates. Together, these conditions accelerate the development of grass-
hoppers. In contrast, Abaga, Sunit Left, and Sunit Right remained largely unsuitable, 
likely due to harsher climates and less favorable soil-vegetation conditions. The sharp ex-
pansion of suitable habitats in 2022, followed by their contraction in 2023, underscores the 
sensitivity of grasshopper populations to year-to-year environmental fluctuations. 

The factor importance analysis provided further mechanistic understanding. Soil 
type and vegetation type consistently dominated across the League, reflecting their role 
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in determining oviposition substrates and food availability. Secondary drivers varied by 
region: East and West Ujumqin were shaped by precipitation and egg-stage temperature; 
Xilinhot by vegetation, nymph-stage biomass, and adult-stage humidity; Duolun and Tai-
pusi by soil bulk density and sand content; Zheng Xiangbai and Zhenglan by soil-related 
properties; and Abaga by vegetation with episodic rainfall effects. These region-specific 
drivers highlight distinct ecological constraints, such as the role of sandy soils in egg sur-
vival (via enhanced aeration and reduced fungal infection) or the importance of humidity 
in prolonging adult activity. By capturing both universal soil–vegetation influences and 
local climatic variability, the RF model demonstrated strong ecological plausibility. 

Looking ahead, despite the advances achieved in this study, several limitations and 
future research needs must be acknowledged. First, the study period covered only six 
years (2018–2023). Longer time series would enable more comprehensive assessments of 
interannual variability and long-term trends. Second, although our study considered 
grasshopper communities collectively, species vary in their thermal requirements, feeding 
preferences, and ecological impacts. Future work should therefore develop species-spe-
cific models to disentangle overlapping niches and outbreak dynamics. Third, the 1 km 
resolution likely obscures microhabitat heterogeneity, such as oviposition patches, which 
are critical for reproduction. Higher-resolution datasets (e.g., Sentinel-2 or UAV imagery) 
would better capture these dynamics. Furthermore, while the machine learning models 
used here were highly effective for our dataset, future research with larger datasets could 
explore the potential of deep learning architectures to capture even more complex, hier-
archical patterns. Finally, while the model shows historical stability, its applicability un-
der future climate scenarios remains untested. Future work should incorporate climate 
change projections to assess how shifts in temperature and precipitation may influence 
grasshopper populations. Addressing these issues will improve the robustness and trans-
ferability of monitoring frameworks. 

Overall, this study demonstrates the value of combining developmental models, field 
survey data, and machine learning approaches to monitor and predict the suitability of 
grasshopper habitats. By aligning environmental indicators with life-history processes 
and accounting for regional heterogeneity in environmental drivers, the framework de-
veloped here provides a biologically informed and statistically robust basis for early 
warning and management. In practical terms, such predictive frameworks can inform 
monitoring programs, guide targeted control efforts, and reduce ecological and economic 
losses in grassland ecosystems. Extending this approach to longer time series, higher-res-
olution data, species-specific analyses, deep learning architectures, and future climate sce-
narios will further strengthen its utility for sustainable grassland management in Inner 
Mongolia and beyond. 

5. Conclusions 
This study established a comprehensive framework for monitoring grasshopper hab-

itat suitability in the Xilingol League by integrating multi-source remote sensing, a degree-
day model, and machine learning. All objectives were achieved: defining the spatial dis-
tribution of grasshoppers, characterizing suitable habitats, evaluating model perfor-
mance, and identifying key environmental drivers. Random Forest, as an ensemble learn-
ing method, emerged as the most effective predictive tool, capturing complex nonlinear 
relationships and producing robust suitability maps. Results revealed a consistently clus-
tered distribution pattern, with core outbreak zones in East Ujumqin, West Ujumqin, and 
Xilinhot. 

Ecological insights highlighted soil type and vegetation type as universal determi-
nants of suitability, while secondary factors such as precipitation, soil texture, and 
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humidity varied regionally. This regional heterogeneity underscores the importance of 
locally adapted management strategies within a broader monitoring framework. 

The practical implications are significant: the methodology provides a robust scien-
tific basis for early warning systems, enabling proactive and targeted pest control. By 
identifying persistent high-risk areas, resources can be allocated more efficiently, reducing 
ecological degradation and economic losses. Overall, this work offers a transferable frame-
work that strengthens sustainable grassland management and supports long-term ecosys-
tem resilience. 

Supplementary Materials: The following supporting information can be downloaded at: 
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