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Abstract: Ice–snow freezing may disrupt the growth condition and structure of forest vegetation,
increasing combustible loads and thus triggering forest fires. China’s subtropical regions are rich
in forest resources, but are often disturbed by ice–snow freezing, especially due to climate change.
Clarifying the responsive areas and times of forest fires to ice-snow freezing in this region is of vital
importance for local forest fire management. In this study, meteorological data from 2001 to 2019 were
used to extract the precipitation and its duration during the freezing period in order to analyze the
freezing condition of forest vegetation in subtropical China. To improve the accuracy of identifying
forest fires, we extracted forest fire information year-by-year and month-by-month based on the
moderate resolution imaging spectroradiometer (MODIS) active fire data (MOD14A2) using the
enhanced vegetation index (EVI), and analyzed the forest fire clustering characteristics in the region
using the Moran’s Index. Then, correlation analysis between forest fires and freezing precipitation
was utilized to explore the responsive areas and periods of forest fires caused by ice–snow freezing.
Our analysis shows the following: (1) during the period of 2001–2019, the ice–snow freezing of
forest vegetation was more serious in Hunan, Jiangxi, Hubei, and Anhui provinces; (2) forest fires in
subtropical China have shown a significant downward trend since 2008 and their degree of clustering
has been reduced from 0.44 to 0.29; (3) forest fires in Hunan, Jiangxi, and Fujian provinces are greatly
affected by ice–snow freezing, and their correlation coefficients are as high as 0.25, 0.25, and 0.32,
respectively; and (4) heavy ice–snow freezing can increase forest combustibles and affect forest fire
behavior in February and March. This research is valuable for forest fire management in subtropical
China and could also provide a reference for other regions.

Keywords: ice–snow freezing; forest fire; MODIS; subtropical China; vegetation index

1. Introduction

Forest fires are a kind of natural disaster that are sudden, destructive, and difficult to
control, posing a serious danger to forest ecosystems and the safety of human lives [1,2].
Due to their high frequency, prolonged duration, and extensive impact, forest fires have
become an international problem that cannot be ignored in recent years [3,4]. According
to statistics, the number of forest fires in North America exceeds 139,000 per year, with a
burned area of 4,200,000 hectares [5]. In 2019, the Amazon rainforest fires continued to burn
for more than 21 days, affecting an area of more than 1 million hectares. These forest fires
impacted thousands of families in Bolivia and caused severe damage to the local ecosystem,
with potentially significant consequences for both local and global climates [6]. Large-scale
mountain fires broke out in Australia in September 2019, affecting an area of more than
10 million hectares and resulting in the loss of at least 33 human lives and approximately
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1 billion animals [7]. China is also facing more severe problems pertaining to forest fire
prevention and control. Between 2002 and 2017, a total of 97,253 forest fires occurred in
China, causing damage to forest-covered areas that exceeded 1.4 million hectares [8].

The occurrence of forest fires is influenced by a variety of factors, including climate
change, human activities, combustible loads, and forest resource management [9]. Among
these, climate change is a crucial natural factor that affects changes in forest fires. It
primarily affects forest fires in two ways. On the one hand, climate change can alter
the dryness of combustible materials through changes in temperature, precipitation, and
evapotranspiration, which, in turn, affects forest fire behavior [10–12]. For example, Rocio
et al. investigated the relationship between climate change and forest fires in central
Chile and found a significant positive correlation between the maximum air temperature
and the forest-burned area [10]. Zachary et al. examined the behavior of forest fires in
summer in the Western United States and observed that a reduction in precipitation in
summer led to an increase in forest-burned area [11]. On the other hand, climate change
can also modify forest fire behavior by affecting vegetation growth and structure, resulting
in changes in combustible loads [13,14]. For instance, Katinka et al. studied forest dieback
in Southwestern Australia and discovered that experimental plots had significantly higher
combustible loads than control plots [13].

As one of the climatic extremes, ice–snow freezing primarily alters forest fire behavior
by increasing fuel loadings. For example, through field surveys, Sargis et al. found that
fuel loadings of pine wood increased by 40 tons/ha during the 1998 ice–snow freezing
in Northeastern New York, USA, which increased the probability of local forest fires [15].
Bragg et al. concluded that forest litter caused by ice–snow freezing would rapidly dry out
without human intervention, thereby increasing fire risk [16]. Harrington suggests that the
increase in forest fuels caused by ice–snow freezing will significantly enhance the intensity
and spread of forest fires [17]. Currently, most studies have focused on changes in forest
fuel loadings and fire behavior associated with a single ice–snow freezing event. However,
few studies have explored changes in forest fires using the long time series of ice–snow
freezing, which somewhat limits the scope of research results.

Since the 20th century, significant global warming has led to a marked increase in the
intensity and frequency of extreme and unusual weather events, posing a serious challenge
to forest ecosystems [18]. Abnormal climate events such as ice–snow freezing will trigger
changes in forest vegetation types and combustible loads, which, in turn, will increase the
probability of forest fires [19,20]. China’s subtropical regions are rich in forest resources
and have experienced frequent freezing rain and snowstorms in recent years due to the
impact of climate anomalies [21–23]. According to incomplete statistics, more than 100,000
hectares of forest land in Southern China is affected in varying degrees by ice–snow freezing
disturbances every year [24]. Therefore, comprehending the responsive characteristics of
forest fires following ice–snow freezing in subtropical China is of great significance for local
forest resource management and protection.

In this study, we aim to explore whether ice–snow freezing affects forest fires in
subtropical China. For this purpose, we first extract precipitation events and their duration
during the freezing period and identify the forest-damaged areas using MODIS time series.
On this basis, the spatio-temporal characteristics of both freezing changes and forest-
damaged areas are analyzed using the Moran’s index, and some coincidences between
them are observed. Then, the impacts of ice–snow freezing on forest fires are investigated
through correlation analysis, and a weak correlation between them is found. These findings
suggest that ice–snow freezing has some effect on forest fires, but the effect does not seem
to be significant.

The manuscript is organized as follows. In Sections 2 and 3, the study area, data
sources and preprocessing, and study method are described separately. In Section 4,
we analyze the spatio-temporal pattern of ice–snow freezing and forest fire distribution
patterns during 2001–2019, respectively. In Section 5, we discuss the impact of ice–snow
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freezing on forest fires from a spatio-temporal perspective. The main conclusions are
summarized in Section 6.

2. Study Area and Datasets
2.1. Study Area

In this paper, we have selected Hunan, Hubei, Guangdong, Guangxi, Jiangxi, Fujian,
Zhejiang, Anhui, and Guizhou provinces as the study area, as shown in Figure 1. The study
area covers the hilly areas in the southern part of China, accounting for about 16.65% of
the national land area. This area is rich in forest resources, dominated by broad-leaved
evergreen forests and evergreen coniferous forests, with extensive plantations of fir, bamboo,
horsetail pine, and other plantation forests [25]. According to statistics, the forest covers
an area of 84 million hectares, with a forest coverage rate exceeding 50%, making it one
of the three major forested regions in China [26]. Specifically, the forest coverage rate in
Zhejiang, Jiangxi, Guangdong, Guangxi, and Fujian exceeds 60%, and Fujian Province has
the highest forest coverage rate in the country, reaching 65.95%.
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2.2. Data Sources and Preprocessing

The data used in this paper include four types: moderate resolution imaging spectro-
radiometer (MODIS) data, meteorological station observation data, land cover data, and
digital elevation model (DEM) data.

MODIS is capable of repeating observations for the entire Earth’s surface in 1–2 days
and provides free access to 36 bands of observation data and their derived data products.
In this study, we selected vegetation index products MOD13Q1 and fire mask products
MOD14A2 to extract information regarding forest fires. The MOD13Q1 product provides a
vegetation index (VI) value at a per pixel level, which consists of two primary vegetation
layers: (1) normalized difference vegetation index (NDVI) and enhanced vegetation index
(EVI). Compared to NDVI, EVI has the ability to reduce variations in canopy background
and maintain sensitivity under dense vegetation conditions, making it more suitable for de-
tecting forest vegetation [27]. Furthermore, EVI also incorporates the blue band to mitigate
residual atmospheric contamination caused by smoke and sub-pixel thin clouds [28], which
is especially important in regions with frequent cloud cover, such as subtropical China.
Therefore, we selected EVI to identify forest-damaged areas in this paper. The MOD14A2
dataset provides 8-day fire mask composites at 1 km resolution, featuring the maximum
value of the individual pixel classes over the compositing period.

According to Table 1, MODIS/EVI provides 16 days of synthetic data that is aimed at
mitigating the effects of cloudiness. However, data are still missing from the MODIS/EVI
dataset due to cloud interference [29]. Consequently, preprocessing of MODIS/EVI dataset
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is necessary before further analysis. To assess the utility of EVI data from 2001 to 2019
and distinguish between valid and invalid values, we utilize the QA data from MOD13Q1
product. This QA data is stored as a 16-bit binary file, with the “0–1” bits used to evaluate
the quality of the vegetation index and the “2–5” bits used to assess the validity of the
vegetation index, as shown in Table 2.

Table 1. Detailed information of research data.

Dataset Time Scale Spatio-Temporal Resolution

MOD13Q1 2001–2019 250 m/16 d
MOD14A2 2001–2019 1000 m/8 d

Meteorological station 2000–2019 --
Land cover 2001–2019 30 m

DEM -- 30 m

Table 2. Numerical judgment of the effectiveness of vegetation index.

Bits 0–1: VI Quality Bits 2–5: VI Usefulness

0: VI produced with good quality 0: Highest quality 8: Decreasing quality 13: Quality so low that it is
not useful

1: VI produced, but check
other QA 1: Lower quality 9: Decreasing quality 14: L1B data faulty

2: Pixel produced, but most
probably cloudy 2: Decreasing quality 10: Decreasing quality 15: Not useful due to any

other reason/not processed
3: Pixel not produced due to other

reasons than clouds 4: Decreasing quality 12: Lowest quality

In this paper, a “0” value in the “0–1” bit, based on QA, is regarded as the valid value.
If the QA data has a value of “1” in the “0–1” bit, further assessment of validity is required
using the “2–5” bit. As illustrated in Figure 2, it is observed that when the usefulness value
based on the “2–5” bit is less than or equal to two, the red region does not cover all valid
EVI values. However, when the usefulness value based on the “2–5” bit is less than or equal
to 8, the red region encompasses some of the invalid EVI values. Therefore, we consider
the vegetation indexes with validity values less than or equal to four as valid, and the rest
as invalid values.

The land cover data consist of 30 m annual land cover data released by Prof. Xin
Huang’s team in China [30]. These data were utilized to extract the forest cover information
and restore MODIS/EVI in the study area. This dataset was produced based on a large
number of stable samples and 335,709 Landsat images on the google earth engine, which
were derived from the China Land Use/Cover Dataset (CLUD) and visual interpretation
samples were obtained from satellite time series data, Google Earth, and Google Maps.
There are nine land cover types in this dataset: cropland, forest, shrub, grassland, water
body, ice/snow, wasteland, constructed land, and wetland. Through the analysis of 5463
visual interpretations, an overall accuracy of 79.31% was achieved. Furthermore, the 30 m
spatial resolution and its long time series spanning from 1990 to 2019 have been widely
adopted in various studies [31]. Notably, in this paper, we have merged shrubs into the
forest category.

The meteorological station observation data were obtained from the China Meteoro-
logical Data Service Center. These data include the daily average temperature data and
daily average precipitation data for the months of December through February. They were
used for calculating precipitation and duration during the freezing period in each year.
The DEM (digital elevation model) data were derived from Shuttle Radar Topography
Mission (SRTM), which were jointly surveyed by the National Aeronautics and Space
Administration (NASA) and the National Mapping Agency (NIMA) of the Department
of Defense. The acquired radar image data were processed for more than two years to
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create DEM data with a spatial resolution of 30 m. This dataset serves as a vital resource
for analysis of terrain, watershed assessment, and feature identification, and is capable of
reflecting local topographic features at a specific resolution [32]. In this paper, DEM data
was utilized for the spatial discretization of the meteorological station data.
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In this study, meteorological station data were employed to represent ice–snow freez-
ing characterized by continuous low-temperature precipitation. We utilized professional
meteorological interpolation software (ANUSPLIN v4.2) in conjunction with DEM data
to perform spatial discretization of meteorological station data with a spatial resolution
of 250 m. The land cover data used in this paper originally possessed a spatial resolution
of 30 m, and it was resampled to 250 m to maintain consistency with the resolution of
MODIS/EVI vegetation index and other datasets. In addition, MOD14A2, which originally
had a spatial resolution of 1000 m, was also resampled to 250 m using bilinear interpolation.

3. Study Methods

The general framework of this study can be divided into three parts (Figure 3):
(1) spatio-temporal characteristics of ice–snow freezing; (2) spatio-temporal characteristics
of forest fire; and (3) exploring the impact of ice–snow freezing on forest fires.
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3.1. MODIS/EVI Patching Algorithm

Due to overcast weather conditions, the satellite sensors were unable to effectively
capture vegetation information in areas obscured by clouds, thereby leading to anomalous
values in the vegetation index within those regions [33]. Roughly, the effectiveness of the
vegetation index in the study area is approximately 55%, with significant variations across
different seasons. Notably, the validity of MODIS/EVI was lower during the summer
period, occasionally dropping below 30% in some periods. Many studies have applied
spatio-temporal filtering algorithms to fill in missing vegetation index data using the
TIMESAT v3.2 software platform [34]. However, this method often introduces distortions
to the vegetation index, particularly affecting the accuracy of damaged forest vegetation
assessment [35].

In order to ensure the accuracy of identifying forest-burned areas, we constructed the
model for patching MODIS/EVI vegetation index by combining the Gaussian function
and the spectral similarity of features and adopted the sliding window mode to patch the
vegetation index pixel-by-pixel. As shown in Figure 4, this process is divided into three
main steps: (1) assessing the validity of the pixels in the sliding window; (2) assigning
weights to the valid pixels in the sliding window; and (3) calculating the relationship
between the vegetation indexes of the reference image and the image to be patched, in
order to patch the vegetation indexes of the target pixels.
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Figure 4. The process of patching MODIS/EVI.

In this paper, we assessed the validity of each element in the sliding window, primarily
considering the following points: (1) Considering that the vegetation index of the same
land cover type is similar, we judged whether the land cover type of each element is the
same as that of the target element within the sliding window. If their land cover types are
the same, the element will be regarded as valid. (2) According to the OA file, the validity of
MODIS/EVI from the reference image and unpatched image for the same element will be
judged. If their MODIS/EVI for the same element are valid, the element will be regarded
as valid. Subsequently, the validity window is shown as Figure 5, where “1” represents
valid and “0” represents invalid.
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For the weight assignment of the elements within the sliding window, we used a
Gaussian function to construct a Gaussian window of the same size as the sliding window.
And then, the elements from the Gaussian window and validity were dot-multiplied,
thereby completing the weight assignment for the valid elements within the sliding window.
Considering a window of size 3× 3 as an example, the center element in the sliding window
is the target element, and no weights need to be assigned to it. In the Gaussian window,
elements near the center have higher weight values than other elements, indicating spatial
similarity. Thus, different elements are assigned different weight values, as is shown in
Figure 5.

After the weights of the effective elements within the sliding window are assigned, the
numerical relationship between MODIS/EVI from reference image and from unpatched
image is calculated pixel-by-pixel, as shown in Formula (1). Simultaneously, combining the
final weights, the MODIS/EVI image is repaired through a linear-weighted sum method,
as shown in Formula (2).

y =
(

x× y′
)
/x′ (1)
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y =
n

∑
i=1

yiwi (2)

where y indicates MODIS/EVI of the target element from the unpatched image, x indicates
MODIS/EVI of the other element from the unpatched image in the sliding window, y′ indi-
cates MODIS/EVI of the target element from the reference image, x′ indicates MODIS/EVI
of other element from the reference image in the sliding window, and wi indicates the
weight of valid elements in the sliding window. The size of the sliding window will affect
the effectiveness of patching the MODIS/EVI image [36]. If the size is too small, patch-
ing MODIS/EVI will be less effective; and if the size is too large, patching MODIS/EVI
may become too time consuming. Therefore, selecting the appropriate size for the sliding
window is important for patching the MODIS/EVI image. In this study, we patched the
MODIS/EVI image using a sliding window of 7 × 7 based on the experimental evaluation.

3.2. Freezing Information Extraction

The duration and precipitation during ice–snow freezing are two important indicators
of ice–snow disasters. And the freezing criterion is a key step for extracting the aforemen-
tioned indicators. The number of freezing days and the total precipitation during freezing
period were extracted year-by-year according to the freezing criterion announced by the
China National Meteorological Administration in 2008 (the average daily temperature is
lower than 2 ◦C, and the precipitation on the same day is more than 0 mm). Since the
original meteorological data are station data, they need to be spatially discretized into
raster data. In this paper, daily precipitation and average daily temperature were interpo-
lated with a spatial resolution of 250 m, using the spline function method in ANUSPLIN
v4.2 software.

ANUSPLIN is a specialized software for surface fitting of climatic data, designed by
the Australian scientist Hutchinson and is based on thin disk spline theory [37]. The method
is capable of automatically determining model coefficients and can smoothly handle more
than two-dimensional samples, introducing multiple influences as covariates [38]. The
theoretical formula is as follows:

Zi = f (xi) + bT
yi
+ ei(i = 1, ......N) (3)

where Zi is the value of the meteorological element to be interpolated for the space; xi is
the independent variable, which is the value of the air factor of the known stations around
the location i; f is the unknown smooth factor associated with xi; yi is the independent
covariate, which is the elevation considered in this study; b is the independent covariate
coefficient; and e is the random error. The values of f and b are obtained with least
squares calculation.

3.3. Extraction of Forest-Burned Areas

MOD14A2 is a fire point-monitoring product derived from MODIS satellites with nine
types of pixels, which is widely used in various types of forest fire studies [39]. Among
them, the pixel values 7, 8, and 9 indicate low-probability fires, medium-probability fires,
and high-probability fires, respectively. Although it can be used to extract forest-burned
areas, the results are not reliable [40]. Therefore, MOD14A2 products cannot be directly
considered as burned areas.

The method for identifying forest fire trails primarily relies on comparing the spectral
characteristics or spectral indexes of vegetation before and after a fire event occurs [41].
However, other natural disasters can also lead to changes in the spectral characteristics
of forest vegetation, potentially impacting forest fire extraction [42]. In this regard, there
is a need for a high-temperature mask to differentiate between forest damage caused by
fire and other disturbances. MOD14A2 product is employed to capture the temperature
anomaly information by monitoring the satellite transit and thereby obtaining the time of
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occurrence and spatial location of fire points. Therefore, in this study, MOD14A2 products
were utilized as high-temperature mask data, and then, the forest fire information was
extracted by comparing the changes in vegetation indexes before and after the occurrence
of fire points, as shown in Formula (4).

m = EVIpost/EVIpre (4)

where EVIpre represents the vegetation index before forest fire, and EVIpost represents the
vegetation index after forest fire.

Studies have been conducted to evaluate the accuracy of fire point from MOD14A2
using Landsat image data and have found that extracting forest-burned area is optimal only
when high-probability fires are considered [43]. Therefore, only the high-probability fires
within MOD14A2 dataset are regarded as fire mask data in this study, and the forest-burned
areas were extracted using Formula (4). Referring to the forest-burned area published by
the China State Forestry Administration (Table A1), we adjust the value of m to extract
forest-burned areas with different periods and provinces, which fluctuates from 0.6 to 0.9.
In addition, the MOD14A2 data, which has an 8-day temporal resolution, was merged into
a 16-day period to match the temporal resolution of MOD13Q1 data.

3.4. Spatial Autocorrelation Analysis

Spatial autocorrelation analysis can analyze the spatial geographic correlation and
clustering on forest fires [44]. This model includes two types of analysis: global autocorre-
lation (global Moran’s I) and local autocorrelation (Anselin local Moran’s I). In this study,
this model was used to analyze forest fires in subtropical China.

3.4.1. Global Autocorrelation Analysis

The global Moran’s I can reflect the clustering degree of forest fire in subtropical China,
and its formula is as follows:

I =
n

n
∑

i=1

n
∑

k=1
wik(yi − y)(yk − y)(

n
∑

i=1

n
∑

k=1
wik

)
n
∑

i=1
(yi − y)2

(5)

where I is the global Moran’s I; n, i, and k represent the number of samples, the i-th
sample, and the k-th sample, respectively; wik is the spatial weight matrix (adjacent = 1,
non-adjacent = 0); and yi, yk, and y are forest-burned areas of the i-th county, forest-
burned areas of the k-th county, and the average of the whole region of forest-burned areas,
respectively.

3.4.2. Local Autocorrelation Analysis

The Anselin local Moran’s I can distinguish the types of forest fire clusters in each
county, and its formula is as follows:

Ii =

(yi − y)
n
∑

k=1
wik(yk − y)

S2 (6)

where Ii is the Anselin local Moran’s I; n, yi, yk, and y represent the number of sample
counties, the forest-burned areas of the i-th county, the forest-burned areas of the k-th
county, and the average of the whole region of forest-burned areas, respectively; wik is the
spatial weighting matrix, and S2 is the sample variance.

3.5. Forest Fire Response to Ice–Snow Freezing

The correlation coefficient can reflect the correlated degree between two variables and
can be used to measure the closeness of the correlation between variables [45]. In this study,



Remote Sens. 2023, 15, 5118 10 of 23

the correlation coefficient method was utilized to investigate the effect of ice–snow freezing
on forest fires, and its formula is as follows:

r(X, Y) =
Cov(X, Y)√

Var(X)Var(Y)
(7)

In the Formula (7), r(X, Y) is the correlation coefficient, Cov(X, Y) is the covariance
of variables X and Y, Var(X) is the variance of variable X, and Var(Y) is the variance of
variable Y. In this study, precipitation during freezing period and damaged area caused by
forest fire were set as variables X and Y, respectively.

4. Results
4.1. Spatial and Temporal Pattern of Ice–Snow Freezing

The precipitation during and duration of ice–snow freezing are two important ref-
erence indicators [46,47]. To objectively reflect the extent of forest vegetation freezing in
the study area, we counted the number of ice–snow freezing days and the precipitation
for forest-covered areas in each province year-by-year. According to Figure 6, forest vege-
tation in the study area was most severely impacted by ice–snow freezing in 2008, with
the longest duration of freezing and the highest recorded precipitation. Comparing the
freezing duration in each province, it was found that the forest vegetation in Hubei, Hunan,
Jiangxi, and Guizhou provinces in the center of the study area suffered from freezing for a
longer time. Forest vegetation in Guangxi and Guangdong provinces, which are located
close to the coast, experienced shorter periods of ice–snow freezing. The entire study area
shows a spatial distribution pattern of cold weather in the north and milder weather in the
south. According to statistics, the freezing duration in all provinces reached its maximum
in 2008. In particular, the average freezing duration for forest vegetation in Hunan, Hubei,
and Jiangxi exceeded 4 days.
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Similar to the spatial and temporal distributions of freezing duration, the precipitation
during the ice–snow freezing period for forest vegetation in the study area from 2001 to
2019 peaked in 2008. In addition, the freezing precipitation in 2005 and 2011 were also at a
higher level. Comparing the freezing precipitation for forest-covered areas in each province,
Anhui, Hunan, and Jiangxi provinces had significantly more freezing precipitation than
the other provinces. Specifically, Anhui province, located in the northernmost part of
the study area, consistently maintained a higher level of freezing precipitation for many
consecutive years. However, in the southern part of the study area, Fujian, Guangdong, and
Guangxi provinces had less precipitation during the ice–snow freezing period, especially
in Guangdong province, where it was less than 1/40 of that of Anhui province. The overall
spatial distribution of freezing precipitation in the study area was greater in the north than
in the south and more in the west than in the east.

Furthermore, we have compiled freezing indicators for forested areas in each county
from 2001 to 2019. As depicted in Figure 7, Guizhou Province exhibits an extended freezing
period, with more than one-third of its counties experiencing freezing durations surpassing
200 days. The freezing duration in forest-covered areas in Hunan, Hubei, and Anhui
provinces is mainly in the range of 100–200 days at the county level. In contrast, counties in
Guangdong, Guangxi, and Fujian provinces maintained consistently low levels in terms of
both freezing duration and precipitation. Especially in the Guangdong Province, nearly all
counties have a freezing duration of less than 25 days and a freezing precipitation of less
than 50 mm.
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4.2. Forest Fire Distribution Patterns during 2001–2019

Based on the MOD14A2 fire mask product, we conducted a comparative analysis
of EVI before and after fire damage during the period from 2001 to 2019 to extract the
forest fire information in the study area. As illustrated in Figure 8, it could be seen that
Hunan province had the highest incidence of forest fires in subtropical China from 2001 to
2019, resulting in forest-damaged areas caused by fires as high as 106,087 ha. Forest fires
in Fujian, Jiangxi, and Zhejiang provinces also exceeded 40,000 hectares, with 66,600 ha,
49,556.2 ha, and 43,631.2 ha, respectively. Anhui province, located in the northern part of
the study area, has the smallest forest-damaged areas caused by fires, totaling less than
5800 ha over the past two decades. Hubei province, also located in the northern part of
the study area, has less than 13,000 hectares of forest fires, which is low in terms of area
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damaged by fire. In addition, Guangdong and Guangxi provinces, located in the southern
part of the study area, have less than 34,000 hectares of area damaged by forest fires, which
is also low in terms of area damaged by fire. Analyzed from the perspective of spatial
distribution, forest-damaged areas caused by fire in the subtropical region of China show a
spatial pattern of higher incidence in the central areas and lower incidence on both sides.
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To explore the clustering pattern of forest fires in the study area at the county level, the
global Moran’s I for forest fires was calculated in four time periods, 2001–2005, 2006–2010,
2011–2015, and 2016–2019. The results were 0.44, 0.50, 0.33, and 0.29, respectively, and
all of them passed the p value significance test. In terms of temporal variation, the global
Moran’s I showed an increasing trend from 2001 to 2010, indicating a rise in the spatial
clustering of forest fires during this time period. However, during the period 2011–2019,
the Moran’s I showed a decreasing trend, indicating a decrease in the spatial clustering of
forest fires in the study area. This trend may be directly related to the significant reduction
in the forest-damaged areas by fires after 2009.

By analyzing the forest fire hotspots during the time period depicted in Figure 9,
where the red color indicates the locations with the highest incidence of forest fires, it
was found that the hotspots of forest fires in the period of 2001–2005 were mainly located
in the Luoxiao Mountains on the border between Hunan Province and Jiangxi Province.
Additionally, Fujian Province also had more forest fire hotspots. This can be attributed
to the fact that Hunan, Jiangxi, and Fujian provinces had the most forest fires during this
period. From 2006 to 2010, Hunan, Jiangxi, and Fujian provinces remained the hotspots for
forest fires. Simultaneously, a significant increase in the number of forest fire hotspots in
Guizhou Province led to an expansion of forest-damaged areas. During the years 2011–2015,
Hunan and Fujian provinces still remained prominent forest fire hotspots. However, the
number of forest fire hotspots in Guizhou and Jiangxi provinces began to decline around
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the same time. In the period from 2016 to 2019, the forest fire hotspots in Hunan and Fujian
provinces began to decline. Conversely, there was an increase in forest fire hotspots in
Guangxi Province.
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Figure 9. LISA clustering map of forest fires in the study area.

In this study, the forest-damaged areas for each province were examined year-by-year
and month-by-month, as shown in Figures 10 and A1. Forest-damaged areas caused by
fires in various provinces mainly occurred in winter. The period from October to March
represents one with high incidence of forest fires in subtropical China, especially in Febru-
ary. Conversely, the probability of forest fires occurring in the summer is significantly lower
than in the winter. It is obvious that forest fires show seasonal and climatic characteristics
in subtropical China. To further investigate how weather conditions in different months
impact the inter-annual pattern of forest fire occurrence, we analyzed precipitation, temper-
ature, relative humidity, and the number of forest fires in different months, as shown in
Figure 11. Despite the high summer temperatures in the study area, there is more precipita-
tion during summer, making the number of forest fires in summer much lower than that in
winter. Moist air conditions will reduce or mitigate the potential for forest fires to some
extent [48]. These observations suggest that summer temperature affects forest fires to a
much lesser extent than precipitation in subtropical China. In contrast, cold winters with
low precipitation and relatively dry air conditions create favorable conditions for forest
fires [49]. As indicated in Figure 11A, winter precipitation is less than one-third of that in
summer, further suggesting that precipitation has a greater effect on forest fires compared
to temperature.
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Figure 10. Spatial and temporal distributions of forest fires in the study area, 2001–2019. (A) shows
forest-damaged areas caused by fires for the study area, categorized by month; (B) shows forest-
damaged areas caused by fires for each province, categorized by month; (C) shows forest-damaged
areas caused by fires for the study area, categorized by year; and (D) shows forest-damaged areas
caused by fires for each province, categorized by month.
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The forest-damaged area caused by fire in February was as high as 120,558 hectares
during the years 2001–2019, which is much higher than that in other months, as shown
in Figure 10A. However, February does not exhibit the driest atmospheric conditions
according to Figure 11. Compared to January and December, the precipitation in February
is slightly higher. This phenomenon can be attributed to the dry winter climate and human
activities. Forest fires in this region can be triggered by either human slash-and-burn
agriculture or firecrackers [50,51]. In subtropical China, human activities in forest-covered
areas will increase every February when people prepare for the upcoming agricultural
season. At the same time, the likelihood of forest fires will also escalate. In addition, the
precipitation in the study area remains at a lower level from October to February, as shown
in Figure 11A. During this period, forest combustibles will slowly accumulate, further
increasing the likelihood of forest fires. The combination of these factors makes the number
of damaged areas due to forest fires in February much higher than that in other months.

After analyzing the inter-annual changes in forest-damaged areas caused by fires in
each province, an obvious trend for forest fires in subtropical China until 2008 was not
observed. There were substantial fluctuations in forest fires between neighboring years.
According to Figure 10C, it is noted that forest-damaged area caused by fire in the study
area was the highest in 2004 during the 2001–2019 period, up to 250 ha. In addition, the
second-highest incidence of forest fires was in 2008. Since then, forest fires have shown a
clear downward trend and have remained low since 2011. This phenomenon may stem
from the fact that local governments have increased their efforts to manage forest fires in
recent years [52]. Comparing the inter-annual changes of forest fires in each province, it
is found that the forest-damaged areas caused by fires in Fujian, Guangdong, Guangxi,
Jiangxi, and Zhejiang provinces reached their peak in 2004; the forest-damaged areas caused
by fires in Anhui and Hubei provinces reached their peak in 2005; the forest-damaged areas
caused by fires in Guizhou province reached their peak in 2010; and the forest-damaged
areas caused by fires in Hunan province reached their peak in 2008.

5. Discussion
5.1. Spatial Impact of Ice–Snow Freezing on Forest Fires in Subtropical China

Taking the forest-covered area of counties as the basic unit, the forest-damaged areas
caused by fires and the freezing precipitation in each county during 2001–2019 were
assessed, and the correlation coefficients of the two were calculated. As depicted in
Figure 12, there is a positive correlation between the forest-damaged area caused by fire
and its precipitation during the ice–snow freezing period in most provinces. When analyzed
along with Figure 8, it is found that the correlation coefficients for forest-damaged areas
and freezing precipitation in Hunan, Jiangxi, and Fujian, where forest fires are most serious,
are higher than those in other provinces. The correlation coefficient for Fujian Province is as
high as 0.32, while those for Hunan and Jiangxi provinces also reach 0.25. This phenomenon
initially indicated that ice–snow freezing can have a certain impact on forest fires in the
aforementioned regions. Xu et al. and Wang et al. conducted a survey on and studied
forest fires in the Hunan Province in 2008 and found that heavy freezing rain and snow
can increase the susceptibility to fire of flammable materials such as dead wood of forest
vegetation, and this can easily ignite forest fires if these materials not cleared on time [53,54].
Jiangxi and Hunan provinces were the most severely affected by forest ice–snow freezing
in 2008 [22]. This analysis suggests that ice–snow freezing affects forest fire behavior by
increasing forest fuel loadings. In 2008, the forest-damaged area caused by fire in the
Hunan province reached 18,150 hectares, significantly higher than in other years, as shown
in Table 3. Although the forest-damaged area caused by fire in the Jiangxi province was not
the highest in 2008, it was still much higher than that in other years. These data show that
heavy ice–snow freezing can increase the likelihood of starting forest fires, while minor
ice–snow freezing has little impact.
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Table 3. Statistics on the forest-damaged area caused by fire in Hunan and Jiangxi provinces, 2001–2019.

Year Hunan Jiangxi Year Hunan Jiangxi

2001 1681.25 2200.00 2011 3650.00 1456.25
2002 3518.75 2056.25 2012 4693.74 431.25
2003 9200.00 6468.75 2013 2862.50 775.00
2004 15,925.00 12,787.49 2014 1981.25 1637.50
2005 13,012.49 4681.25 2015 306.25 356.25
2006 5025.00 1106.25 2016 331.25 200.00
2007 8050.00 2106.25 2017 987.50 731.25
2008 18,150.00 7431.25 2018 675.00 506.25
2009 10,193.75 3350.00 2019 887.50 518.75
2010 4956.25 756.25

In this paper, the study area encompasses a total of nine provinces, and not all of
them are affected by ice–snow freezing in terms of forest fires. Anhui, Hubei, and Guizhou
provinces also experienced severe ice–snow freezing, but the correlation between their
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forest fires and ice–snow freezing was weak. Especially in the Guizhou province, the
correlation coefficient between forest fires and ice–snow freezing was negative, contrasting
the observations made for Hunan and Fujian provinces. This is mainly due to the fact
that Anhui and Hubei are geographically closer to Northern China and exhibit both
temperate and subtropical monsoon climates [55]. Their unique climate makes their forest
vegetation more cold resistant [56]. In contrast, Jiangxi, Hunan, and Fujian have large
plantations of artificial forests (e.g., bamboo, eucalyptus, etc.), which are less cold resistant.
Therefore, although Anhui experienced a slightly higher freezing precipitation than Hunan
in 2008, its forest-damaged area caused by ice–snow freezing was lower than that of Hunan
province [21]. This observation also underscores the difference in cold resistance of forest
vegetation present in different geographic environments. Similarly, Guizhou province,
located on the Yunnan–Guizhou Plateau, has a cold climate and also boasts highly cold-
resistant forest vegetation. When forest vegetation is more cold-resistant, ice–snow damage
to forest vegetation will be reduced, resulting in fewer fuel loadings. Moreover, Guangdong
and Guangxi are located in the southernmost part of subtropical China, where the climate
is warmer and more humid, making forest vegetation less affected by ice–snow freezing.
This also accounts for the low correlation between forest fires and ice–snow freezing in
Guangxi and Guangdong provinces. Although the correlation between forest fires and
ice–snow freezing varies significantly by province, an interesting phenomenon can be
found by comparing forest fires in 2008 with the adjoining years in each province. The
forest-damaged area caused by fire in all provinces except the Guangxi province peaked
in 2008, according to the statistics in Table 4. These data once again indicate that severe
ice–snow freezing for forest vegetation can increase the likelihood of forest fires.

Table 4. Statistics on the forest-damaged area caused by fire in subtropical China from 2006–2010.

Province 2006 2007 2008 2009 2010

Anhui 187.50 287.50 625.00 318.75 406.25
Fujian 1325.00 2137.50 8012.50 11,050.00 1468.75

Guangdong 1137.50 1181.25 1575.00 1331.25 331.25
Guangxi 1400.00 2337.50 1543.75 1212.50 1675.00
Guizhou 1887.50 1850.00 4600.00 3768.75 9237.50

Hubei 981.25 1181.25 1681.25 506.25 606.25
Hunan 5025.00 8050.00 18,150.00 10,193.75 4956.25
Jiangxi 1106.25 2106.25 7431.25 3350.00 756.25

Zhejiang 2118.76 1612.50 4237.50 1618.75 381.25

In conclusion, heavy ice–snow freezing can increase the probability of forest fires to a
certain extent in Hunan, Jiangxi, and Fujian provinces. Due to differences in geography
and forest vegetation’s resistance to cold, ice–snow freezing has a weak effect on forest fires
in Guizhou, Hubei, Zhejiang, and Anhui provinces. Few severe ice–snow freezing episodes
have been observed in Guangxi and Guangdong province, resulting in a weak correlation
with forest fires.

5.2. Temporal Impact of Ice–Snow Freezing on Forest Fires in Subtropical China

In order to explore the temporal impact of ice–snow freezing on forest fires, we
regarded county as the basic unit, we assessed the freezing precipitation in Jiangxi and
Hunan provinces year-by-year and the forest-damaged area caused by fire month-by-
month and then calculated the correlation coefficients between the two. As shown in
Figure 13, the correlation between freezing precipitation and forest fires in every month
is low. Among them, correlation coefficient passes the significance test only in January,
February, March, and April. Moreover, the correlation coefficients of 0.12 and 0.13 are
observed for February and March, respectively, and are significantly higher than those in
other months. This evidence implies that while ice–snow freezing can affect forest fires, their
role is not significant. This is mainly related to the fact that forest fire is a natural disaster
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affected by both natural and anthropogenic factors, which are characterized by quick
emergence and are influenced by many factors [57,58]. In addition to ice–snow freezing,
high temperatures and drought in summer and storms in winter increase the possibility of
forest fire occurrence by increasing the combustible load of a forest [9,59,60]. In addition,
forest fire behavior is closely related to human activities [58], and cold winds in winter
can increase forest-damaged areas by accelerating fire spread and increasing combustible
loads [61]. The compounding effect of these factors may diminish the significance of the
impact of ice–snow freezing on forest fires.
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by fires for each county in every year during the period 2001–2019; the vertical axis represents the
amount of freezing precipitation for the forest-covered area for each county in every year during the
same period.
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According to Figure 13, we observed that some counties experienced low precipitation
and high forest fires during the freezing period in February and March. This was primarily
attributed to the dry winter climate and human activities in the region. In order to more
effectively demonstrate that ice–snow freezing can affect forest fires in February and
March, this study assessed freezing precipitation and forest-damaged areas caused by
fire during the same time period in 2007 and 2008. Compared to February 2007, Jiangxi
and Hunan exhibited an increase in forest fires in 60 counties, a decrease in forest fires
in 12 counties, and no significant change in forest fires in 146 counties in February 2008.
Similarly, when compared to March 2007, Jiangxi and Hunan exhibited an increase in forest
fires in 52 counties, a decrease in forest fires in 1 county, and no significant change in forest
fires in 146 counties in March 2008. This indicates that forest fires increased significantly in
approximately one-quarter of the counties in Hunan and Jiangxi provinces in February-
March 2008. Furthermore, since the freezing precipitation considered in this study occurred
from December to February each year, with its effects primarily concentrated in February
and March of the following year, the other periods were almost unaffected. These data
demonstrate that heavy ice–snow freezing can increase the likelihood of forest fires in the
short term, which aligns with the findings of Wang et al. [62].

Generally, the freezing period begins in late December and ends in mid- to late January
of the following year in subtropical China [63]. During this period, forest vegetation is
vulnerable to damage from heavy ice–snow freezing. When ice–snow melts, fallen trees and
broken branches gradually turn into forest combustibles, thereby increasing the likelihood
of forest fires. According to the experimental results of this study, freezing precipitation has
a relatively higher impact on forest fires in February and March. Based on these findings,
we can infer that forest fires will be exacerbated within 1–2 months after the outbreak of
heavy ice-snow freezing.

It is evident that the ice–snow freezing conditions in the study area were also more
severe in 2011, but the forest fires were not as serious, as shown in Figures 6 and 10. This is
mainly due to the fact that subtropical China experienced a 50-year mega ice storm in 2008,
which caused great damage to the local forest vegetation [64]. In contrast, the ice–snow
freezing in 2011, which had a reduced freezing duration and precipitation, likely caused
less damage to the local forest vegetation and did not result in a significant increase in forest
fuel loadings. A comparison of forest fires in 2008 and 2011 reveals that the likelihood of
forest fires increases only when freezing precipitation is higher and causes obvious damage
to forest vegetation. In contrast, forest fires are not affected by low levels of ice–snow
freezing that does not cause physiological and mechanical damages (e.g., fallen trees and
broken tops) to a forest.

Based on the above analysis, we can observe that heavy ice–snow freezing can increase
the risk of forest fires, especially in February and March. Hunan, Jiangxi, and Fujian
provinces are the most serious areas for forest fires in subtropical China. These areas also
exhibit a higher potential for forest fires indirectly caused by ice–snow freezing. Therefore,
the Forestry Department should monitor forest fires in Hunan, Jiangxi, and Fujian provinces
during critical time periods, especially in February and March.

6. Conclusions

In this study, we delved into the impact of ice–snow freezing on forest fires in subtrop-
ical China. Based on the analysis of MODIS time series from 2001 to 2019, we found that
forest vegetation in Hunan, Jiangxi, Hubei, and Anhui provinces experienced significant
damages from ice–snow freezing. Intense ice–snow freezing, to some extent, influenced
the characteristics of forest fires in Fujian, Jiangxi, and Hunan provinces. In February and
March, the accumulation of ice–snow freezing exerted relatively notable impacts on forest
fires due to the increase in the forest combustibles. However, such impact may not be
definitive given the weak correlation between ice–snow freezing and forest fires. However,
the above findings provide evidence that ice–snow freezing affects forest fires, holding a
significant value in forest fire management and control in subtropical areas. This study
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may serve as a reference for discussions on the causes of forest fires and related studies.
Moreover, the methodology for forest fire extraction can provide a technical benchmark for
studies on the spatio-temporal distribution of forest fires.
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Appendix A

Table A1. Official published data on forest fires in subtropical China, 2001–2019.

Year Zhejiang Anhui Fujian Jiangxi Hubei Hunan Guangdong Gaungxi Guizhou

2001 1498.40 133.70 2413.10 2161.70 845.60 1628.70 964.90 756.80 1452.00
2002 2479.80 229.40 4938.90 2034.40 538.40 3423.00 1023.00 1713.10 2727.70
2003 5257.90 150.50 4634.40 6408.20 570.60 9088.80 1633.10 4807.30 3250.70
2004 10,838.90 1047.90 13,589.80 12,711.20 1618.30 15,852.80 2886.20 4997.60 2040.60
2005 6945.00 1169.00 3429.00 4627.00 1709.00 12,931.00 1419.00 2467.00 2045.00
2006 2066.80 173.00 1316.40 1073.00 943.40 4988.70 1038.90 1344.70 1848.90
2007 1567.00 277.00 2119.00 2054.00 1117.00 8004.00 1125.00 2274.00 1779.00
2008 4040.00 579.00 7967.00 6934.00 1605.00 17,781.00 1452.00 1420.00 4440.00
2009 1580.00 311.00 11,011.00 3300.00 473.00 10,110.00 1269.00 1190.00 3702.00
2010 361.00 393.00 1449.00 729.00 589.00 4893.00 304.00 1600.00 9102.00
2011 2090.00 255.00 6503.00 1435.00 677.00 3605.00 1476.00 883.00 910.00
2012 906.00 86.00 700.00 412.00 236.00 4653.00 361.00 780.00 502.00
2013 1271.00 158.00 1373.00 751.00 215.00 2824.00 679.00 594.00 411.00
2014 786.00 265.00 1145.00 1579.00 185.00 1935.00 930.00 1241.00 488.00
2015 301.00 5.00 1416.00 335.00 29.00 285.00 1300.00 1769.00 607.00
2016 261.00 76.00 221.00 190.00 117.00 316.00 287.00 1090.00 37.00
2017 251.00 47.00 319.00 707.00 217.00 961.00 733.00 1351.00 42.00
2018 117.18 17.20 577.53 478.67 194.16 649.06 969.45 1232.52 74.84
2019 115.54 42.35 478.67 489.14 385.86 864.90 1118.58 918.03 18.79

http://www.nmic.cn/dataService/cdcindex/datacode/A.0012.0001.S011/show_value/normal.html
http://www.nmic.cn/dataService/cdcindex/datacode/A.0012.0001.S011/show_value/normal.html
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Figure A1. The distribution of forest fires in different provinces. (A) shows forest-damaged areas 
caused by fires for Guangxi, Guizhou, and Zhejiang Provinces, categorized by month; (B) shows 
forest-damaged areas caused by fires for Guangxi, Guizhou, and Zhejiang Provinces, categorized 
by year; (C) shows forest-damaged areas caused by fires for Anhui, Guangdong, and Hubei Prov-
inces, categorized by month; (D) shows forest-damaged areas caused by fires for Anhui, Guang-
dong, and Hubei Provinces, categorized by year. 
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