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Highlights

What are the main findings?

e  This study reveals the spatiotemporal patterns and driving mechanisms of wildfires
in China from 2001 to 2023, with northeastern and southern regions identified as the
main hotspots.

e  Wildfire drivers exhibit pronounced spatial heterogeneity, with elevation dominating
at the national scale and a spatial pattern of topography-dominated and climate-
dominated regimes emerging across different climatic regions.

What are the implications of the main findings?

e Incorporating spatial heterogeneity can improve the accuracy and regional applicabil-
ity of management strategies. The identified nonlinear and threshold responses pro-
vide critical information for region-specific wildfire risk assessment and early warning.

e  The results support a multi-scale collaborative strategy, in which the national model
serves as large-scale monitoring and early warning, while regional models provide
the basis for developing fine-tuned fire prevention and control measures tailored to
local conditions.

Abstract

Wildfires are a major natural hazard causing extensive ecological damage and endangering
human survival. Previous studies on wildfires in China have mostly focused on specific
regions or individual drivers, with limited systematic assessments at the long-term and
national scales. The spatiotemporal patterns of wildfires and their multiple driving mecha-
nisms under China’s diverse climatic regimes remain insufficiently understood. To bridge
this gap, we combined MCD64A1 burned area data (2001-2023) with multi-source natural
(meteorological, vegetation, and topographic) and anthropogenic factors, using random
forest models at both the national and regional scales to examine the spatiotemporal pat-
terns, dominant drivers, and response mechanisms of wildfires in China. The results
revealed that: (1) Spatially, wildfires were concentrated in northeastern and southern China,
which accounted for 86.20% of the total burned area. Temporally, northern wildfires were
primarily a spring-dominated fire regime, with peak activity in March and April, whereas
southern wildfires were winter-dominated, peaking in February. (2) At the national scale,
elevation was the key topographic factor influencing wildfire occurrence (relative impor-
tance = 0.49), with low-elevation and gentle-slope areas being more fire-prone. At the
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regional scale, the driving factors exhibit spatial differentiation, forming a spatial pattern
of topography-dominated and climate-dominated. (3) Partial dependence plot analysis
revealed nonlinear and threshold responses. Fire probability increases rapidly when the soil
moisture is below 20 mm, while extremely high land surface temperatures in arid regions
suppress fire occurrence due to fuel limitations. This study enhances the understanding
of spatially heterogeneous wildfire drivers in China and provides a scientific basis for
region-specific wildfire prevention and management strategies.

Keywords: wildfire; spatiotemporal pattern; driving factors; random forest; partial
dependence plot

1. Introduction

Wildfire is a major hazard to natural ecosystems, possessing significant destructive
potential on humanity, society, and the economy [1]. In recent years, extreme and large-scale
wildfires have occurred with increasing frequency across the globe [2,3]. Record-breaking
events—such as the 2019-2020 fires in southeastern Australia [4], the 2023 wildfire season
in Canada [5-7], and the 2025 California fires in the United States [8]—exemplified the
emerging global trend toward wildfire extremization [9,10]. These events underscore the
importance of wildfire research in ecology and environmental science.

China, as one of the countries with abundant forest resources and frequent wildfire
occurrences, is also facing significant wildfire threats. For instance, in 2020, several large
forest fires erupted across Sichuan Province, resulting in extensive burned areas and human
casualties [11]. In 2023, an unprecedented heatwave and drought affected Chongqing,
triggering severe wildfires across multiple districts and counties that posed major chal-
lenges to local forest ecosystems and community safety [12]. Beyond their immediate
impacts, wildfires can trigger long-term ecological degradation, including declines in soil
biodiversity [13], accelerated land degradation, and desertification [14], thereby posing per-
sistent threats to ecosystem stability and human sustainable development. These cascading
effects further highlight the necessity of systematically investigating the spatiotemporal
dynamics of wildfires and their driving mechanisms, which is essential for providing a
scientific basis for more effective wildfire prevention and management policies. However,
wildfire research in China has primarily been conducted at the regional or provincial scales,
with a focus on fire-prone areas [12,15]. Studies providing comprehensive long-term and
large-scale assessments of wildfire patterns remain relatively limited, which indicates that
further in-depth investigations are still needed.

The occurrence of wildfires is driven by a combination of natural and anthropogenic
factors [4,16]. Among natural factors, meteorological conditions—including high tempera-
tures, drought, and strong winds—directly influence wildfire frequency and intensity by
increasing vegetation flammability and fire spread potential [17,18], whereas topographic
complexity exerts an indirect effect by modulating fire propagation rates [19]. In terms
of anthropogenic factors, human activities—including cultural practices and agricultural
burning—often serve as ignition sources and are considered a major driver of the recent
increase in wildfire frequency [20,21]. Although numerous studies have examined these
factors in different regions of China [22-24], they have typically focused on a limited
subset of drivers, lacking systematic assessments of the synergistic effects of multiple
natural and anthropogenic factors, thereby restricting a comprehensive understanding of
wildfire mechanisms.
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Wildfire occurrence and distribution exhibit significant spatial heterogeneity, and
the importance of different driving factors varies considerably from one region to
another [19,21]. Previous studies have demonstrated that wildfire frequency, intensity,
and dominant driving factors differ markedly across regions [6,25,26]. For instance, across
climatic zones, wildfires in subtropical regions are generally smaller and less intense than
those in cold-temperate regions [27]. In tropical savanna ecosystems, rainfall is the pri-
mary determinant of fire occurrence due to sparse vegetation and limited biomass [28]. In
Canada, wildfire severity is predominantly controlled by vegetation dryness in most re-
gions, whereas northern regions are more strongly influenced by climate change [6]. These
findings indicate that the relative importance of wildfire driving factors varies substantially
across regions, and the mechanisms influencing wildfire occurrence and distribution have
shifted with changes in spatial environmental conditions. China covers a vast geographical
range and encompasses a wide range of climatic zones, which has resulted in significant
regional differences in climate, topography, vegetation, and the intensity of human activ-
ities [29-31]. These differences give rise to substantial spatial heterogeneity in wildfire
frequency, driving mechanisms, and responses across the country. Existing studies have
analyzed the major driving factors of wildfires in China at the national scale; however, these
analyses are generally conducted at the overall national level, with limited attention given
to the spatial heterogeneity of driving factors among different regions [32]. Consequently,
examining regional variations in wildfire driving factors and developing targeted models
based on these differences are of considerable scientific importance [33,34].

Earlier studies on wildfires predominantly relied on statistical methods—such as fre-
quency ratio [35,36], weight-of-evidence [37], and multi-criteria decision analysis [38]—to
quantify the relationships between wildfire occurrence and its driving factors. Although
these methods revealed the mechanisms of variables by integrating historical wildfire
data and expert knowledge, their reliance on assumptions of independence and linearity
limited the ability of statistical models to capture complex nonlinear interactions among
variables [39,40]. Machine learning methods can learn complex relationships among vari-
ables from high-dimensional, nonlinear, and multi-source heterogeneous data [41]. Com-
pared to traditional approaches, machine learning offers superior capabilities for modeling
nonlinear relationships, efficiently handles large-scale datasets, and improves predictive
accuracy [42,43]. Among these methods, random forest (RF) has been widely applied in
ecological and hazard research due to its robust nonlinear modeling performance and
strong resilience to data noise [44—47]. To investigate the driving mechanisms of wildfires,
this study used the partial dependence plot (PDP) for model interpretation and analysis of
driving factors. PDPs can reflect the marginal effects of individual variables on wildfire
response, intuitively illustrate their nonlinear relationships, and further enhance model
interpretability [48,49]. Accordingly, RF models combined with feature importance analysis
and PDPs were applied in this study to conduct modeling at both the national and regional
scales, which provided an in-depth assessment of the mechanisms and spatial variations in
the influence of different driving factors.

This study integrated multiple driving factors, including meteorological, topographic,
vegetation, and anthropogenic, based on Chinese wildfire data from 2001 to 2023 and
constructed an interpretable dual-scale (national and regional scales) analytical framework
using RF models, aiming to reveal the spatiotemporal distribution patterns and driving
mechanisms of wildfires in China. The main objectives of this study were: (1) to reveal
the spatiotemporal distribution patterns of wildfires in China; (2) to quantify the relative
importance of different types of driving factors and identify key drivers of wildfires at
both the national and regional scales, as well as their regional variations; and (3) to un-
cover the responses of wildfires to major factors at the national and regional scales using
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interpretable machine learning approaches and clarify the heterogeneous mechanisms
underlying wildfire occurrence in diverse climatic regions. This study provides a new
perspective for understanding the spatial heterogeneity and formation mechanisms of wild-
fires in China, emphasizes the importance of advancing wildfire research under diverse
climatic backgrounds, and informs the development of region-specific, targeted wildfire
management strategies.

2. Materials and Methods
2.1. Study Area

The study area covers the whole of China (3°5'N-53°33'N; 73°29’E-135°04'E), with a
total land area of approximately 9.63 million km?. Characterized by a vast geographical
extent, complex and diverse topography [50], and rich climatic types, China exhibits a
strong spatial heterogeneity in wildfire occurrence. Following previous studies [31,51,52],
the whole study area was divided into seven sub-regions: Sub-region 1 (SR1), the tem-
perate and warm-temperate desert of northwest China; Sub-region 2 (SR2), the temperate
grassland of Inner Mongolia; Sub-region 3 (SR3), the temperate humid and sub-humid
northeast China; Sub-region 4 (SR4), the warm-temperate humid and sub-humid north
China; Sub-region 5 (SR5), the subtropical humid central and south China; Sub-region 6
(SR6), the Qinghai-Tibetan Plateau; and Sub-region 7 (SR7), the tropic humid south China
(details in Table 1 and Figure 1).

Table 1. Study areas, climate types, topography types, and vegetation types across different climatic
sub-regions of China.

Study Areas Regional Name Climate Types Tol:,’lf;g; :Sphy Vegetation Types
The temperate and . . .
SR1 warm-temperate desert Mid-temperate arid High-altitude plains Low-density desert
. zone shrub plants
of northwest China
SR2 The temperate grass.land Mld'—ten'lperate High-altitude plains Meadow and desert
of Inner Mongolia semi-arid zone grassland
Coniferous forests,
The temperate humid . . . mixed coniferous and
SR3 and sub-humid Mlq-temperate Low-altitude Rlams broad-leaved forests,
. semi-humid zone and mountains
northeast China grasslands, and
food crops
The warm-temperate Warm-temperate Low-altitude plains  Deciduous broad-leaved
SR4 humid and sub-humid . .
- semi-humid zone and Loess Plateau forests and food crops
north China
Low latitude High-density evergreen
The subtropical humid  Northern subtropical mountains, 5 Y 5
SR5 . . . . broad-leaved forest and
central and south China humid zone hills, basins, and
. food crops
plains
High mountain shrubs,
The Qinghai-Tibetan Plateau temperate High-altitude alpine meadows, alpine
SR6 . .
Plateau semi-arid zone Mountains grasslands, and
alpine deserts
SR7 The tropic humid Marginal tropical Lol‘gmllag?jrigiﬁ;ns’ High-density evergreen
south China humid zone ! broad-leaved forest

and hills
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Figure 1. Map of elevation and climatic sub-regions in China.

2.2. Data
2.2.1. Wildfire Data

MODIS burned area product MCD64A1 Collection 6.1 (C6.1) was used in this
study [53]. Derived from surface reflectance data acquired by the Terra and Aqua of
MODIS, this product constructs a burn-sensitive vegetation index (VI) to create dynamic
thresholds that are applied to the composite data. The VI is derived from MODIS shortwave
infrared atmospherically corrected surface reflectance bands 5 and 7 with a measure of
temporal texture [53]. Collection 6 represents an improvement over the previous MCD64A1
(5.1 and MCD45A1 versions by enhancing sensitivity for detecting small fires and reduc-
ing uncertainties in burn date estimation [54]. C6.1 was built on these improvements by
incorporating updated input data sources [55]. In recent years, MCD64A1 has been widely
adopted in numerous wildfire studies due to its comprehensive spatiotemporal coverage
and free accessibility [56]. Its spatial and temporal accuracy has been thoroughly evaluated,
and it has been validated as a reliable data source for wildfire research [57,58].

2.2.2. Meteorological Factors

Meteorological conditions are critical external environmental drivers that influence
wildfire occurrence, spread and intensity [59]. Seven meteorological variables were selected
for this study, including temperature (TEM), precipitation (PRE), relative humidity (RH),
wind speed (WS), vapor pressure deficit (VPD), land surface temperature (LST), and Palmer
drought severity index (PDSI). TEM and PRE data were obtained from the National Tibetan
Plateau Data Center (TPDC), RH data from the ERA5-Land reanalysis of the European
Centre for Medium-Range Weather Forecasts (ECMWEF), land surface temperature data
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from the MODIS products, and other meteorological data from the TerraClimate dataset.

The details of these datasets are shown in Table 2.

Table 2. Datasets of wildfire driving factors.

Data Type Dataset Name Abbreviation Spatla‘l Data Source
Resolution
Temperature TEM 1000 m https://data.tpdc.ac.cn/
Precipitation PRE 1000 m https://data.tpdc.ac.cn/
Relative humidity RH 0.1° ERA5-LAND (https:/ /cds.climate.copernicus.eu/)
Meteorological Wind speed WS 4638.3 m TerraClimate (https:/ /www.climatologylab.org)
Vapor pressure deficit VPD 4638.3 m TerraClimate (https:/ /www.climatologylab.org)
Land surface temperature LST 1000 m https://code.earthengine.google.com/
Palmer drought severity index PDSI 4638.3 m TerraClimate (https://www.climatologylab.org)
Normalized dgf(eizexnce vegetation NDVI 250 m https:/ /data.tpdc.ac.cn/
Vegetation Fractional vegetation cover FvC 0.05° https://data.tpdc.ac.cn/
Soil moisture SM 4638.3 m TerraClimate (https:/ /www.climatologylab.org)
Actual evapotranspiration AET 4638.3 m TerraClimate(https:/ /www.climatologylab.org)
Elevation ELE 30m SRTM (https:/ /code.earthengine.google.com/)
Slope Slope 30m SRTM (https:/ /code.earthengine.google.com/)
Topography Aspect Aspect 30m SRTM (https:/ /code.earthengine.google.com/)
Topographic wetness index TWI 30m SRTM (https:/ /code.earthengine.google.com/)
Topographic position index TPI 30m SRTM (https:/ /code.earthengine.google.com/)
Population density POP 1000 m LandScan Global (https:/ /landscan.ornl.gov/)
Anthropogenic Distance to the nearest road Road 1000 m https:/ /www.openstreetmap.org/
Distance to the nearest water Water 1000 m https:/ /www.openstreetmap.org/
Distance to the nearest facility Facility 1000 m https:/ /www.openstreetmap.org/

2.2.3. Vegetation Factors

Vegetation factors determine the spatial distribution and combustion potential of fuel
loads [60]. The normalized difference vegetation index (NDVI) is an effective indicator for
assessing vegetation growth status and potential fuel accumulation. Fractional vegetation
cover (FVC) reflects the level and spatial continuity of surface vegetation coverage. To
comprehensively evaluate vegetation combustibility, this study also integrated soil moisture
(SM) and actual evapotranspiration (AET) into this category for analysis. SM directly affects
vegetation water content and fuel drying rate, thereby regulating fuel flammability. AET
serves as a key indicator for quantifying vegetation water consumption and drought stress.
NDVI and FVC data were both obtained from the TPDC, while SM and AET data were
derived from the TerraClimate dataset. The details of these datasets are shown in Table 2.

2.2.4. Topographic Factors

Topographic factors exert a significant influence on wildfire distribution and behavior
by regulating local climate, vegetation distribution, and fuel continuity [61]. The topo-
graphic wetness index (TWI) reflects the capacity of terrain to accumulate moisture and
retain humidity [62]. The topographic position index (TPI) is used to quantify topographic
relief and geomorphological patterns, facilitating the exploration of potential impacts of
slope position differences on fire risk [63]. Elevation, slope, aspect, TPI, and TWI were
all derived from the SRTM Digital Elevation Model (DEM) dataset and computed and
downloaded via the Google Earth Engine (GEE) platform [64]. The details of these datasets
are shown in Table 2.

2.2.5. Anthropogenic Factors

In addition to the natural factors, human activities are also a crucial factor influencing
wildfire occurrence [65]. The anthropogenic factors include population density and the
distances from fire ignition points to water bodies, buildings, and roads. Population
density data were derived from the LandScan dataset, and the distances were calculated by
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Euclidean distances based on OpenStreetMap (OSM) data. The details of these datasets are
shown in Table 2.

To evaluate the driving factors derived from multi-source datasets encompassing
meteorological, vegetation, topographic, and anthropogenic factors, all variables were
resampled and spatially aligned to the 500 m resolution, consistent with the MCD64A1
burned area dataset. This resolution was adopted to maintain consistency with the fire data
while balancing the representation of spatial detail and computational efficiency in large-
scale modeling [66]. A total of 20 wildfire driving factors were ultimately incorporated into
this study, with detailed information (including names, data sources, spatial resolutions,
and acquisition platforms) shown in Table 2.

2.3. Methods
2.3.1. Sample Point Construction

Fire samples in this study were generated from the MCD64A1 dataset. Monthly
composite data from 2001 to 2023 were downloaded and clipped to the extent of the study
area. For the selection of fire samples, only fire points in grassland and forest regions were
retained, while those in non-vegetated areas were excluded. By overlaying the fire point
locations with the annual MODIS (MCD12Q1.061) land cover product data, those occurring
within wetlands, urban and built-up land, agricultural land, and other non-vegetated
categories were removed. Both the MCD64AL1 fire dataset and the MCD12Q1 land cover
dataset were processed and downloaded via the GEE platform.

A binary classification machine learning model was used in this study, where the
dependent variable was categorized into two types: 0 (non-fire samples) and 1 (fire samples).
The analysis of wildfire driving factors requires a certain proportion of non-fire samples for
modeling [67]. Following previous studies [68-70], non-fire samples were created at a 1:1.5
ratio relative to fire samples [71]. The selection of non-fire samples followed three criteria:
(1) located in vegetated areas; (2) randomly distributed in time and space; (3) excluded
from the 1 km buffer zone around each fire point to minimize spatial autocorrelation.

2.3.2. Random Forest Method

Random forest is an ensemble learning algorithm that constructs a multitude of
decision trees and aggregates their outputs to generate predictions [72]. During model
training, the bootstrap sampling is employed to draw multiple subsets from the original
samples, with each subset used to build an individual decision tree. At each node-splitting
step, a random subset of features is selected as candidate variables for optimal partitioning,
thereby reducing the correlations among trees. The final prediction result is obtained by
aggregating the outputs of all trees [73]. RF has been widely applied in predictive modeling
and exhibits excellent performance in variable importance evaluation [74]. In this study,
we employed the random forest approach to evaluate the relative importance of wildfire
driving factors. The model was implemented in the Python 3.8 environment using the
“RandomPForestClassifier” module from the Scikit-learn library.

To mitigate model errors, hyperparameter optimization is effective in enhancing model
performance and robustness for achieving optimal outputs [75]. Therefore, Grid Search
was used for parameter tuning in this study. Specifically, the following parameters were
adjusted: the number of decision trees (n_estimators), maximum tree depth (max_depth),
minimum number of samples required to split an internal node (min_samples_split), mini-
mum number of samples required at a leaf node (min_samples_leaf), and whether to use
bootstrap sampling (bootstrap). The “GridSearchCV” module in Python 3.8 was used to
perform five-fold cross-validation on the training dataset, aiming to identify the hyperpa-
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rameter combination that maximizes model performance. The optimal hyperparameters
are presented in Table 3.

Table 3. Optimal hyperparameters of the random forest model.

Study Areas Bootstrap Max_Depth Min_Samples_Leaf Min_Samples_Split = N_Estimators
National True None 4 10 300
SR1 False None 1 5 200
SR2 False 10 1 5 300
SR3 False 10 1 2 200
SR4 True None 4 2 300
SR5 True 10 2 2 100
SR6 True 30 4 10 300
SR7 True None 4 10 300

2.3.3. Driving Factor Importance Analysis

In this study, the permutation importance (PI) method was used to identify the primary
driving factors of wildfire occurrence [76]. This approach assesses feature importance by
randomly permuting a specific feature in the trained model and comparing changes in
model performance (e.g., out-of-bag error or AUC) before and after the permutation [77].
A significant decline in model accuracy following the permutation of a feature indicates
that the feature is critical to the model’s prediction. Based on changes in performance,
this method evaluates the overall contribution of each variable, enabling a more intuitive
measurement of the influence exerted by each wildfire driving factor.

2.3.4. Partial Dependence Plots

This study further analyzed the PDPs to reveal the marginal effects of individual
variables on the model prediction results. For machine learning models, PDPs assess
the direction and magnitude of a single target feature’s impact on prediction results by
altering that feature while keeping all other features constant (typically set at their mean
values) [78]. This method effectively explains the functional relationship between variables
and prediction outcomes and is recognized as one of the commonly used model inter-
pretability tools. Compared with other interpretability methods, PDPs offer the advantage
of intuitively illustrating the model’s nonlinear responses and threshold effects, providing
crucial insights for understanding the mechanisms underlying wildfire occurrence [79].
The corresponding formula is as follows:

fs(xs) = Exc F(Xs/ XC)] = /f(Xs,XC)dP(XC) 1)

where f is the RF model, xg represents the target feature variable, xc denotes the remaining
features, f(xs,xc) is the prediction model, E,c|[-] is the expectation over the marginal
distribution of xc, and dP(xc) is the marginal distribution of the feature xc.

2.3.5. Model Accuracy Assessment

To evaluate the model accuracy, four commonly used metrics were calculated, in-
cluding precision, recall, Overall Accuracy (OA), and F1 score. Furthermore, to assess
the model’s discriminative ability and fitting performance, the area under the receiver
operating characteristic curve (AUC) was introduced as a comprehensive indicator. The
AUC is a threshold-independent metric that reflects the probability of correctly distin-
guishing between randomly selected positive and negative samples [80]. An AUC value
of 0.5 indicates that the model performs no better than random guessing, while an AUC

https://doi.org/10.3390/rs18071007


https://doi.org/10.3390/rs18071007

Remote Sens. 2026, 18, 1007

9 of 24

approaching 1.0 indicates excellent model performance. In general, a model with an AUC
value exceeding 0.75 is considered statistically valid.

To analyze the driving mechanisms of wildfire occurrence and their spatial hetero-
geneity, RF models were adopted at both the national scale and multiple climatic regional
scales. To ensure that the model training process adhered to temporal causality and avoided
future information leakage, a time-based five-fold cross-validation strategy was adopted,
as presented in Table 4: the training dataset (2001-2019) was divided into five time pe-
riods by year, and only the time period earlier than the current validation set was used
as training data. This approach ensures that the model training process complies with
temporal causality and enhances the reliability of model for future predictions [81,82]. By
more authentically simulating the model’s predictive performance in future applications,
this method strengthens the robustness of the research conclusions [83]. The model was re-
trained on the entire training dataset (2001-2019), and the final performance was evaluated
on an independent test dataset (2020-2023).

Table 4. Time-series cross-validation split.

Fold Training Years Validation Years
1 2001-2004 20052007
2 2001-2007 2008-2010
3 2001-2010 2011-2013
4 2001-2013 2014-2016
5 2001-2016 2017-2019
3. Results

3.1. Spatiotemporal Patterns of Wildfires in China
3.1.1. Spatial Distribution Pattern

Figure 2 presents the spatial distribution characteristics of 2001-2023 wildfires in China.
Wildfires exhibited a spatial clustering characteristic of high occurrence in northeastern
and southern China. Among these regions, the wildfire activity was particularly frequent
in SR3, ranking as one of the most fire-intensive regions in the country and accounting for
about 43.08% of the national total. Over the 23-year period, wildfires occurred multiple
times in parts of SR3, with the frequency reaching up to 14 times, which is significantly
higher than in other regions. The southern humid regions (SR5 and SR7) followed, ranking
as the second most active wildfire regions. By contrast, SR1, SR4, and SR6 experienced
fewer wildfires. The latitudinal profile (Figure 2b) further revealed that wildfire in China
had distinct peaks in high-latitude areas (45°-55°N) and low-latitude areas (23°-27°N),
mainly distributed in the coniferous forests of the northeast mid-temperate semi-humid
region (SR3) and the hilly mountainous areas and evergreen broad-leaved forest zones of
the southern humid regions (SR5 and SR?7).

3.1.2. Temporal Distribution Characteristics

To gain a more comprehensive understanding of the wildfire occurrence patterns
in China, this study further analyzed their temporal distribution. In terms of temporal
distribution characteristics, the annual distribution of wildfires nationwide exhibited a
distinct unimodal pattern, with the high-incidence period concentrated in spring (Figure 3).
Among all months, March recorded the largest burned area, averaging 217.38 kha and
accounting for 30.22% of the annual total. February and April followed, contributing 16.97%
and 14.22%, respectively. By contrast, wildfire activity was extremely weak in summer
(June—August), with July accounting for only 0.61% of the annual total, the lowest of the
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year. Although winter (November—January) was not a peak period, it still contributed
approximately 28.38% of the total burned area.
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Figure 2. Spatial distribution characteristics of wildfires in China from 2001 to 2023. (a) Scatter plot of
wildfire occurrence count. Each dot represents a pixel with fire occurrence, and the color intensity
indicates the number of fire occurrences recorded at that pixel during 2001-2023. Green indicates
vegetated areas, while white indicates non-vegetated areas. The inset in the lower-right corner shows
the South China Sea Islands. (b) Latitudinal profile distribution of burned area (unit: kha). (c¢) Burned
area statistics for the seven climatic sub-regions (unit: kha).

At the regional scale, despite variation in the monthly distribution of wildfire activity
across different areas, the spring-dominant pattern constitutes a common characteristic
of most regions (Figure 3). For instance, the burn area in SR3 in March accounted for as
high as 46.34% of the annual total, with the cumulative proportion in spring exceeding
70.00%, indicating a strong concentration in early spring. SR4 and SR6 also exhibited
similar patterns, with spring accounting for 53.38% and 50.74% of their annual wildfires,
respectively. Wildfires in SR2 were mainly concentrated in April and May, showing a
tendency to shift toward late spring. By contrast, the southern humid regions exhibited a
winter-dominant pattern. The proportion of winter wildfires in SR5 reached 57.16%, while
that in spring was only 27.57%. The cumulative burned area in SR7 from December to
February exceeded half of the annual total, with a single month (February) accounting for
30.40%. This winter concentration is distinctly different from the spring-dominant wildfire
pattern in northern regions.
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Figure 3. Temporal distribution characteristics of wildfires in China and seven climatic sub-regions
from 2001 to 2023. (a) Monthly distribution characteristics. (b) Seasonal distribution characteristics,
with bar values indicating burned area (unit: kha).

3.2. Feature Importance Analysis of Wildfire Driving Mechanisms
3.2.1. Model Performance

Table 5 presents the performance of the RF model across the national scale and different
climatic regions. The results indicated that the national-scale AUC value was 0.94. Except
for relatively lower AUC values in SR1 (0.81) and SR4 (0.80), the AUC values of all other
regions exceeded 0.90 (Table 5), demonstrating that the model performed well at both
the national scale and different climatic regions. Regarding other metrics, accuracy and
precision were at relatively high levels nationwide and in most regions, indicating that the
model performed well in distinguishing between wildfire and non-wildfire samples. The
recall in some regions was relatively low (SR1 = 0.48, SR4 = 0.61), which was consistent
with the spatial distribution characteristic of sparse wildfire samples in SR1 and SR4
(Figure 2), reflecting that the model’s ability to identify wildfires in low-incidence regions

https://doi.org/10.3390/rs18071007


https://doi.org/10.3390/rs18071007

Remote Sens. 2026, 18, 1007

12 of 24

was relatively limited. Overall, the RF model developed in this study exhibited reliable
performance across the national scale and different climatic regions, providing support for
subsequent wildfire driving mechanisms analysis.

Table 5. Performance metrics of the RF models at national and regional scales.

ROC-AUC Accuracy Precision Recall F1 Score
National 0.94 0.89 0.75 0.85 0.80
SR1 0.81 0.79 0.78 0.48 0.59
SR2 0.90 0.84 0.74 0.78 0.76
SR3 0.92 0.85 0.86 0.75 0.80
SR4 0.80 0.86 0.64 0.61 0.63
SR5 0.91 0.85 0.72 0.74 0.73
SR6 0.96 0.89 0.92 0.80 0.86
SR7 0.93 0.84 0.89 0.69 0.78

3.2.2. Feature Importance at the National Scale

Topographic factors contributed the most to wildfires at the national scale (51.1%),
significantly higher than meteorological, vegetation, and anthropogenic factors. Among
these, elevation exhibited the highest feature importance (0.49), far exceeding other vari-
ables, which indicates that topographic height plays a major role in wildfire distribution.
For meteorological factors, PDSI (0.06), PRE (0.05), and RH (0.05) ranked among the top,
which suggests that moisture condition and hydroclimatic variability are key factors in
wildfire occurrence. WS (0.04), LST (0.03), VPD (0.02), and TEM (0.02) had relatively lower
contributions but still exerted important effects on fire spread and persistence. Among
vegetation factors, SM (0.12) was the most important factor, second only to elevation, which
indicates that it indirectly regulates fire risk by affecting vegetation growth and moisture
condition. AET (0.03), NDVI (0.02), and FVC (0.02) showed the controlling effects of vege-
tation quantity and status on wildfires. By contrast, anthropogenic factors had the lowest
overall contribution (2.2%), which demonstrates that the natural environment remains the
dominant driver of wildfire patterns at the national scale.

3.2.3. Feature Importance at the Regional Scale

Given the heterogeneous climatic and topographic conditions across China, RF models
were further constructed for each climatic region to examine regional variations in wildfire
drivers. The results revealed substantial spatial differences in feature importance.

Topographic factors played a dominant role in certain regions, particularly in SR3,
SR4, and SR6, where the importance of elevation far exceeded that of other variables (all
exceeding 0.3), which highlights its high importance in wildfire prediction. Slope also
played an important role in SR1 and SR4.

Meteorological factors were the primary factors in most regions, with their influence
particularly enhanced in the southern humid regions (SR5, SR7), where factors such as RH,
LST, PRE, and PDSI were dominant. Among them, RH exhibited the highest importance in
SR7 (0.32), ranking first across all variables.

Vegetation factors showed moderate importance in several regions, particularly in SR5
and SR7. By contrast, anthropogenic factors consistently ranked among the lowest across
all climatic regions.

Overall, the importance of wildfire driving factors displays obvious regional differen-
tiation, with distinct topography-dominated and climate-dominated patterns.

Based on the feature ranking results, the top five driving factors are summarized in
Table 6. The results indicated that the composition of dominant driving factors varied
significantly among different climatic regions. Variables including ELE, RH, LST, and SM
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appeared frequently across multiple regions, exhibiting strong spatial consistency and
serving as the primary factors triggering wildfire in most areas. By contrast, VPD only
appeared in SR2, which reflects its regional specificity.

Table 6. Ranking and relative importance of wildfire driving factors for the national and seven
climatic sub-regions (Top 5).

Regi Top 1 Driving Factor Top 2 Driving Factor Top 3 Driving Factor Top 4 Driving Factor Top 5 Driving Factor
egion
(Importance) (Importance) (Importance) (Importance) (Importance)

National ELE (0.492) SM (0.120) PDSI (0.056) PRE (0.054) RH (0.052)
SR1 ELE(0.160) AET (0.084) Slope (0.078) LST(0.071) TEM (0.067)
SR 2 ELE(0.211) SM(0.130) TEM (0.096) LST(0.087) VPD * (0.066)
SR 3 ELE(0.697) SM(0.077) WS (0.051) PDSI (0.033) RH(0.029)
SR 4 ELE(0.365) RH(0.094) Slope (0.086) WS (0.083) TEM (0.060)
SR 5 RH(0.172) LST(0.131) AET (0.120) PDSI (0.092) ELE(0.075)
SR 6 ELE(0.315) PDSI (0.111) SM(0.108) PRE (0.075) WS (0.068)
SR 7 RH(0.325) PRE (0.102) SM(0.083) LST(0.078) AET (0.063)

Notes: Importance values represent the relative contributions of each factor in the model. Bold indicates common
factors; * indicates unique factors.

Regarding different climatic regions, ELE ranked as the top factor in both SR1 and
SR2, accompanied by thermal-related variables such as TEM and LST, which indicates that
wildfires in arid regions are strongly influenced by topographic and thermal conditions.
Meanwhile, the humid regions (SR5 and SR7) were dominated by moisture- and energy-
related factors such as RH, PRE, and AET, which suggests that wildfires in southern humid
regions are more dependent on the regulation of atmospheric humidity, precipitation,
and evapotranspiration.

When comparing the importance ranking of the same factors across different regions,
we noticed that the spatial variability became more prominent. ELE consistently ranked
first in northern and plateau regions (SR1-SR4, SR6), with the highest importance value of
0.697 in SR3, representing the national maximum. By contrast, ELE’s importance declined
markedly in southern regions (SR5, SR7), only ranking within or below the top five,
indicating that the controlling effect of topography decreases gradually from north to south.
RH showed distinct patterns between arid and humid regions, ranking among the top
five in humid and semi-humid regions (SR3-SR5, SR7) and serving as a key driver of
wildfire occurrence. However, RH was not among the top five factors in arid or semi-arid
regions (SR1, SR2, SR6), functioning as a secondary factor. This contrast suggests that RH
fluctuations are more likely to trigger wildfires in humid regions, whereas changes in RH in
arid regions are insufficient to substantially influence vegetation combustibility. The spatial
differentiation was clearly reflected in the heatmap (Figure 4c), where the importance
levels of key factors such as ELE, RH, LST, and SM exhibited obvious gradient changes
across regions.

3.3. Wildfire Response Characteristics to Key Driving Factors

To gain a deeper understanding of how factors specifically influence wildfire prob-
ability, this study employed PDPs derived from RF models to examine the responses of
wildfires to key driving factors and their spatial variations. The top five dominant driving
factors were analyzed at both the national scale and for seven regions. At the national scale,
several factors showed monotonic relationships with wildfire probability (Figures 5 and S1).
ELE, PDSI, PRE, slope, and AET displayed negative relationships with wildfire probability,
whereas LST showed a positive relationship. Several other variables exhibited nonlinear
relationships and threshold effects. RH, WS, TEM, and VPD showed threshold responses,
where wildfire probability increased with the variables up to a threshold and declined
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Figure 4. Feature importance of wildfire driving factors. (a) Feature importance of driving factors
at the national scale. (b) Proportional contributions of the four driver categories at the national
scale. (c) Feature importance of driving factors across different climatic regions. (d) Proportional
contributions of the four driver categories across different climatic regions.

However, the average response at the national scale conceals regional variations, as
the response curves of the same driving factors exhibit spatial heterogeneity across different
regions. On the one hand, the response curves of certain factors (e.g., AET, SM, TEM, PRE,
PDSI, and VPD) were relatively consistent across regions (Figure S1). Moisture-related
factors (AET, PDSI, and PRE) were generally negatively correlated with wildfire probability.
TEM and VPD exhibited threshold effects in most regions, though their threshold values
were varied. For TEM, the threshold exhibited a distinct north—south gradient: in colder
northern regions (e.g., SR1 and SR3), the peak wildfire probability occurs near 0 °C, whereas
in central and southern regions (e.g., SR4 and SR5), the threshold increases to approximately
10 °C. For VPD, the critical values in most regions fall within the range of 0.3-1.2 kPa.

On the other hand, other factors (e.g., RH, ELE, LST, slope, and WS) exhibit more
pronounced spatial variability (Figure 5). The response curve of RH reflects regional
differences in climatic sensitivity: in relatively humid regions (SR3, SR5, and SR7), wildfire
probability is highly sensitive to changes in RH and generally displays a threshold effect
(critical point around 20%). By contrast, sensitivity to RH is relatively lower in arid regions
(SR1, SR2, and SR6), while SR1 and SR4 exhibit monotonic trends in opposite directions.

The response curve of slope is the most diverse, reflecting the differentiated effects of
topographic conditions on wildfire occurrence across regions. In SR1, SR2, and SR4, wildfire
probability declines sharply in the low slope range; in SR6, it increases monotonically with
slope; and in SR3, it continues to decrease. In southern humid regions (SR5, SR7), the
response follows a parabolic (initial increase followed by a decrease) pattern, though the
overall magnitude of change remains relatively small.
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Figure 5. Partial dependence plots illustrating spatially heterogeneous responses of wildfire probabil-
ity to driving factors across regions.

LST displayed an increasing trend across most regions but exhibited a threshold effect
in SR1 (initial increase followed by a decrease). For WS, except for a continuous upward
trend in SR4, the response curves in most regions displayed threshold effects with varying
critical values: the threshold was approximately 3 m/s in northern regions (SR1, SR3) and
around 2 m/s in south regions (SR5, SR7).

In summary, the national scale results reveal that wildfires exhibit threshold effects and
nonlinear responses to certain driving factors, while regional results further demonstrate
pronounced spatial heterogeneity in these responses.

4. Discussion
4.1. Regional Characteristics of Wildfire Occurrence in China

This study used RF models to analyze the spatiotemporal dynamics of wildfires in
China from 2001 to 2023, based on a long-term national fire dataset from the MODIS
MCD64A1 product. The observed spatial and seasonal patterns are likely associated
with the combined influences of climatic gradients, vegetation distribution, topographic
conditions, and human activities.

In northeast China, the mid-temperate semi-humid region exhibits particularly high
wildfire activity, with ELE, SM, and WS identified as the primary driving factors (Figure 4,
Table 6). The region is dominated by low hills and plains, where extensive coniferous forests
provide continuous and abundant fuels for wildfires [84]. Following spring snowmelt, dry
combustibles are exposed to dry and windy conditions; concurrently, the soil remains in
the thawing stage, and the vegetation has not yet turned green, rendering the region highly
susceptible to large-scale fires [85].
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Previous studies focusing on northeast China also identified SM and WS as key drivers
of wildfires, which is consistent with our findings [86,87]. However, discrepancies exist
regarding the role of topographic factors: local-scale studies centered on areas such as
the Greater Khingan Mountains have shown that slope, rather than elevation, exerts a
stronger influence on wildfire occurrence [88,89]. This inconsistency may be attributed to
differences in research scale. For instance, Fang et al. [89] focused on a study area with
an elevation range of approximately 800-1500 m. By contrast, our research area covers a
much larger spatial scale, with an elevation span exceeding 2000 m. The relatively gentle
topographic variability in their study area may have reduced the importance of elevation.
Slope, as an indicator reflecting local surface morphology, can more sensitively capture the
influence of terrain features on fire spread. This highlights the scale-dependent variation in
the importance of topographic factors across various spatial levels.

In the southern humid regions (SR5, SR7), wildfire occurrence is closely associated
with moisture conditions. These regions remain warm and humid climates throughout
the year, where combustibles are abundant but high humidity suppresses wildfire ignition.
During winter, however, the influence of the cold and dry winter monsoon causes periodic
declines in relative humidity, temporarily alleviating the moisture-induced suppression of
wildfire [20]. PDP analysis clearly indicated a negative correlation between fire probability
and RH in SR5 and SR7: lower RH values correspond to higher fire risk. Therefore, the high
incidence of winter wildfires in southern China essentially stems from a “flammability win-
dow” created by short-term atmospheric drying within an otherwise humid environment.
This finding is highly consistent with international studies’” conclusions that wildfires in
humid ecosystems are driven by moisture fluctuations [90].

4.2. Analysis of Wildfire Driving Mechanism

To better understand the mechanisms underlying wildfire occurrence, this study ana-
lyzed the relative contributions of multiple meteorological, topographic, vegetation, and
anthropogenic factors. The results revealed significant spatial variability in wildfire driving
mechanisms across different climatic regions, showing an overall distribution pattern of
topography- and climate-dominated. At the national scale, topographic factors exhibited
the highest predictive contribution to wildfire occurrence, with ELE demonstrating substan-
tially higher importance than other variables. The influence of ELE is primarily indirect [91]:
it affects wildfire occurrence by regulating climatic and vegetation conditions rather than
directly intervening in the combustion process [92]. Owing to China’s three-step-staircase
topography, elevation comprehensively reflects the gradients of multiple factors, including
temperature, precipitation, vegetation types, and even human activities. Low-elevation
areas typically feature warmer and drier climates, longer vegetation growing seasons,
greater fuel accumulation, and more frequent human activities [93-95], which provide
favorable conditions for ignition, resulting in higher overall fire risk. This explains the
monotonic decreasing relationship between elevation and fire probability (Figure 5). This
finding is also consistent with results from other topographically complex countries, which
suggests that topographic factors are the main influences on wildfire occurrence and spatial
distribution at the macro scale [96-98].

However, a distinct shift in dominant factors was observed at the regional scale. In
mid- and high-latitude regions (SR3, SR4), topographic factors remained highly important.
This reflects that within large-scale areas with relatively uniform vegetation and climate
conditions, local topography (elevation, slope) becomes a key factor in wildfires by reg-
ulating microclimates (wind speed and temperature) and shaping fire spread pathways.
In mid-temperate arid and semi-arid regions (SR1, SR2), wildfire driving mechanisms
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primarily reflect the combined effects of topography and thermal conditions, which is
consistent with the conclusions of previous studies [99-101].

PDP analysis showed that the bell-shaped wildfire response of wildfires to LST in
the mid-temperate arid regions reflects the distinctive attributes of regional ecosystems
(Figure 5). Unlike most regions, where higher temperatures generally promote wildfire
occurrence, extremely high LST in mid-temperate arid zones correlates with decreased fire
probability. We hypothesized that in arid environments with extreme water limitations,
the hot and dry conditions corresponding to high LST lead to sparse vegetation cover
and extremely low fuel loads [102,103]. This created a scenario where climatic conditions
are theoretically suitable but fuel availability is limited, which potentially suppressed
wildfire occurrence [104]. Such regional variations in the response characteristics of the
same variable are not only related to data coverage but also reflect the unique climatic
background and vegetation types of different regions.

In southern humid regions (SR5, SR7), meteorological factors become the key drivers of
wildfires, with moisture-related variables, particularly RH and PRE, exerting a significantly
enhanced influence. This conclusion is consistent with findings from studies focusing on
Sichuan and Yunnan Provinces [11,105]. This reaffirms that under conditions of year-round
favorable fuel and temperature, fluctuations in moisture conditions can directly alter fuel
flammability, persistently resulting in a high sensitivity of wildfire risk to moisture-related
factors [39,106].

Notably, the results of this study indicate that anthropogenic factors consistently rank
relatively low in importance across all climatic regions, though this does not imply that
human activities are unimportant for wildfire occurrence. Previous studies have shown that
many wildfire events in China are triggered by human ignitions [107-109]. We speculated
that the low importance of anthropogenic factors in this study is more likely a result of
spatial scale effects: for the large-scale national and climatic region analysis, the model
primarily captures environmental suitability rather than ignition sources. Natural condi-
tions (e.g., meteorological and vegetation factors) constitute the environmental background
necessary for wildfire occurrence, while human-induced fire sources act more as trigger-
ing factors [110]. Human ignitions can only effectively induce wildfires when natural
conditions (e.g., arid climate, flammable vegetation) are conducive. In other words, anthro-
pogenic factors typically exhibit dominance at finer spatial scales, where their explanatory
power and importance in wildfire occurrence are substantially enhanced [39,111].

4.3. Management Implications

Based on the aforementioned findings regarding the spatial-temporal patterns and
driving mechanisms of wildfires in China, wildfire management and control should adopt
a strategy integrating region-specific measures with dynamic adaptability. The detailed
suggestions are as follows:

1. Strengthen targeted prevention and seasonal management in high-risk areas. The mid-
temperate semi-humid region and southern humid regions are the primary wildfire
hotspots in China. Fire monitoring and patrol operations should be reinforced during
the spring and winter fire-prone periods, respectively. In the mid-temperate semi-
humid region, attention should be paid to fuel management after snowmelt in early
spring. Fuel loads can be reduced through mechanical removal and by restricting open-
field straw piles. Meanwhile, firebreaks should be established in plots characterized
by strong winds and gentle slopes. In the southern humid region, efforts should focus
on strengthening understory clearance and the supervision of agricultural burning
during the winter peak of litter accumulation.
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2. Optimize resource allocation based on different wildfire driving mechanisms. Distinct
management strategies should be adopted according to the terrain-dominated and
climate-dominated regions identified in this study. In topography-dominated regions
(SR3, SR4), firebreaks should be established by taking advantage of natural terrain
barriers, and priority should be given to protecting low-altitude, gentle-slope, and
fuel-continuous areas with high fire risk. In climate-dominated regions (SR1, SR2,
SR5-5R7), meteorological monitoring and early warning should be strengthened, with
close attention to abnormal fluctuations in moisture conditions. Preventive measures,
such as restricting fire use and implementing forest or mountain access bans, should
be implemented in advance.

3. Emphasize the coupling of key drivers’ response characteristics with regional back-
ground conditions. Management strategies should incorporate the identified response
characteristics of key factors. For factors exhibiting threshold effects, critical values
should be defined, while for those showing monotonic responses, attention should
focus on their high-risk extreme values. By integrating the response characteristics
of multiple drivers with regional climatic and topographic contexts, a differentiated
wildfire prevention and early-warning system that is more targeted and dynamically
adaptive can be developed.

4.4. Limitations and Future Perspectives

Although this study systematically analyzed the driving mechanisms of wildfires in
China and provided valuable insights at both the national and regional scales, several
limitations remain. First, regarding the datasets, most of the data used in this study were
derived from remote sensing products and reanalysis datasets. The quality and accuracy of
these datasets may be affected by certain uncertainties, and some datasets have relatively
low spatial resolution. Future studies could further develop higher-resolution and higher-
quality open datasets to provide more accurate and reliable information for wildfire analysis.
In addition, regarding the representation of anthropogenic factors, this study primarily
relied on static or low-frequency datasets (e.g., population density and the distance from
ignition points to roads). While these variables are effective in revealing the macro-spatial
patterns of human influence, they have limited capacity to characterize highly dynamic
human activities (e.g., seasonal agricultural production and specific festival events) as well
as broader socioeconomic factors. Future studies incorporating high-frequency data such
as farming activities, holiday firework use, tourist mobility, and nighttime light data could
provide more precise assessments of the role of human activities in wildfire occurrence.

Second, although a 1 km buffer was applied to reduce spatial autocorrelation between
fire and non-fire samples, residual spatial autocorrelation may still exist due to the spatial
continuity of environmental drivers. Future studies could further adopt modeling frame-
works that explicitly account for spatial autocorrelation. In addition, in some sub-regions
with relatively limited fire samples, model performance was relatively moderate, which
may introduce additional uncertainty into the estimation of driver importance. Therefore,
the interpretation of the results for these regions should be treated with caution.

Third, it should be emphasized that the feature importance derived from the RF
model reflects the relative contribution of variables to predictive performance rather than
direct causal mechanisms. Similarly, the thresholds identified from the PDP analysis
represent model-derived response patterns and should not be interpreted as universal
ecological breakpoints.

Finally, this study primarily focused on the spatial heterogeneity of wildfire driving
mechanisms across different climatic regions. Future studies could further investigate
the temporal evolution of wildfire driving mechanisms, which may reveal potential shifts
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in driver importance under ongoing climate change. Moreover, the interactions among
drivers require deeper exploration, as wildfire occurrence may result from the synergistic
effects of multiple interacting variables. Future studies could adopt modeling approaches
capable of revealing interaction effects, further quantifying the synergistic influence of
compound extreme events on fire activity.

5. Conclusions

This study systematically revealed the spatiotemporal patterns, key driving factors,
and response mechanisms of wildfires across China from 2001 to 2023. The main conclu-
sions are as follows:

1. Wildfires in China exhibit pronounced spatial and temporal clustering. Spatially, the
northeastern and southern regions represent the primary wildfire hotspots (accounting
for 86.20% of the national total), with the northeastern mid-temperate semi-humid
region (SR3) serving as the core hotspot. Temporally, a spatial contrast is observed
between the Northern Spring Fire regime (mainly concentrated in March—April) and
the Southern Winter Fire regime (mainly concentrated in February).

2. The driving mechanisms of wildfires exhibit pronounced spatial heterogeneity. At the
national scale, elevation is the key topographic factor that primarily drives wildfire
distribution, with fires more likely to occur in low-altitude and gentle-slope areas. At
the regional scale, the driving mechanisms display a distribution pattern characterized
by topography-dominated regions (mainly influenced by ELE) and climate-dominated
regions (mainly influenced by RH). Specifically, the influence of ELE gradually weak-
ens from north to south, whereas the influence of relative humidity increases markedly
from dry to humid zones.

3. The nonlinear responses of primary driving factors reveal the threshold characteristics
of fire probability variation. Wildfire probability rises sharply when SM is within the
low moisture content range (0-20 mm), and RH exhibits a threshold effect at around
20%. Furthermore, the responses display significant regional variations. For instance,
the bell-shaped response of LST is unique to the arid region (SR1), where extremely
high land surface temperatures tend to suppress fire occurrence. The TEM threshold
also shows a north—south gradient, being lower in the north and higher in the south.

4. The RF model developed in this study demonstrates reliable performance. Model
evaluations across different spatial scales indicate that the national model exhibits
high predictive stability and robustness (AUC = 0.94), while the regional models
maintain high accuracy and better reveal regionally differentiated driving mechanisms
(AUC = 0.81 — 0.93). The results support a multi-scale collaborative strategy in
which the national model serves for large-scale monitoring and early warning while
regional models provide the basis for developing fine-tuned fire prevention and
control measures tailored to local conditions.

This research elucidates the spatiotemporal distribution characteristics of wildfires and
identifies the primary drivers influencing their occurrence, highlighting the pronounced
spatial heterogeneity of driving mechanisms in China. These insights provide a scientific
foundation for region-specific wildfire prevention and management strategies.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/rs18071007/s1, Figure S1: Partial dependence plots illustrating
relatively consistent responses of wildfire probability to driving factors across regions.
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