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Abstract: Based on the FIRMS MODIS active fire location data in the Chinese mainland from 2001
to 2018, the GIS fishing net (1 km × 1 km) was used to analyze the spatiotemporal distribution
characteristics of active fire occurrence probability and intensity, and a GWLR fire risk assessment
model was established to explore its influencing factors. The results show that active fires in the
Chinese mainland are mainly low intensity. They are mainly distributed in the area where the
annual average temperature is 14–19 ◦C, the precipitation is 400–800 mm, the surface temperature is
15–20 ◦C, the altitude is 1000–3000 m, the slope is <15◦, and the NDVI value is >0.6. The GWLR fire
risk assessment model was constructed to divide mainland China into five fire risk zones. NDVI,
temperature, elevation, and slope have significant spatial effects on the occurrence of active fires
in the Chinese mainland. Eight fire risk influencing factor areas were divided by calculation, and
differentiated fire prevention suggestions are put forward.

Keywords: active fire; temporal and spatial distribution; influencing factors; GWLR model; Chinese
mainland

1. Introduction

Since the 21st century, global active fire has become increasingly frequent [1–3]. Active
fire is a process that affects the carbon cycle of the global terrestrial ecosystem [4,5]. Active
fire can drastically change environmental conditions in a short period through vegetation
burning and temperature increase, affecting terrestrial ecosystems and the natural carbon
cycle [6]. It can quickly change the physical and chemical properties of plant soil [7–10],
affect the distribution structure of vegetation, reduce the fertility of surface soil and the
ability of water conservation, and has a substantial impact on the climate system and
biogeochemical cycle [11]. It has a huge impact on animals, plant microorganisms, and
even the whole ecosystem, seriously affecting species diversity [10,11]. At the same time,
active fire also threatens the safety of human life and property and has a significant impact
on regional societies and economies [3].

At present, information about active fire is mainly obtained by remote sensing tech-
nology [12,13]. Through satellite monitoring, the brightness temperature of the potential
fire is compared with that of the surrounding land cover. If the brightness temperature
difference exceeds the given threshold, the potential fire is recognized as an active fire or
“hot spot” [6]. The surface temperature anomalies monitored by remote sensing mainly
include volcanic eruption, forest, grassland, burning of artificial targets, open burning
of straw, and industrial heat emissions [14,15]. From the perspective of monitoring and
spatiotemporal distribution of active fires, there are few studies on active fires in the Chi-
nese mainland, mainly focusing on fire research, and most of them are areas with high fire
incidence on a small regional scale, such as in the Beijing–Tianjin–Hebei region [16], Jilin
province [17], Yunnan province [18], and Fujian province [19]; there are few studies on a
large regional scale. The development of remote sensing technology makes it possible to
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obtain data in a large range, and large-scale active fire monitoring can be carried out [15].
Studying the probability, intensity, and spatiotemporal distribution characteristics of active
fires in the Chinese mainland can not only provide a physical basis for remote sensing
of vegetation fires on a regional scale, but also be of great significance for their economic
losses, air pollution, and public safety assessment [20].

From the perspective of the influencing factors of active fire, combustibles, combustion-
supporting substances, and ignition sources are the three basic elements for fire occurrence.
The occurrence of active fire is closely related to local meteorology, terrain, vegetation,
human activities, and other factors. Depending on the geographic location, the influencing
factors also change, and the likelihood of active fires is also different. Currently, the research
methods used are mainly to determine the influencing factors of fire risk and establish
prediction models, such as principal component analysis, Fuzzy clustering analysis, the
Keetch –Byram Drought Index method, Fuzzy comprehensive evaluation method, and
system dynamics [21–25]. These methods mainly use experience and mathematical statis-
tics, with low accuracy and poor realism. However, the occurrence mechanism of active
fire is very complex, and the influencing factors vary greatly in different regions. The fire
risk assessment model can pass through the complicated appearance of the fire, after a
large number of quantitative and qualitative analyses, simplify the complex problem, and
master its essence, but it can also verify the model and evaluate the error [26,27]; thus,
this paper adopts the fire risk assessment model to analyze the influence factors of active
fires in the Chinese mainland. The main fire models include the BLR model, GWR model,
GWLR model, and so on [28–31]. The GWLR model introduces geographic location as a
variable into the regression parameters, which helps to improve the reliability of the model
when studying the fire risk in a large area, conducting more scientific fire risk zoning, and
accurately exploring the influencing factors of active fire occurrence.

In this paper, the occurrence probability and intensity of active fires in the Chinese
mainland from 2001 to 2018 were analyzed to reveal the temporal and spatial distribution
characteristics of active fires with different probability and intensity levels, providing a
research basis for future fire prevention work. The fire risk influencing factors are selected
from the four aspects of meteorology, topography, vegetation, and human activities, and
the relationship between active fire and each influencing factor is analyzed. Then, multiple
linear tests are carried out, and the appropriate factors are selected to participate in the
establishment of the GWLR fire risk assessment model. Finally, the modeling results are
analyzed to obtain the fire risk probability and fire risk impact factor zoning in the Chinese
mainland to explore the influence factors of active fires and put forward corresponding fire
prevention suggestions.

2. Data Sources

The data used herein mainly include five types: active fire, meteorology, DEM, NDVI,
and socioeconomic data (Table 1). Active fire data products were mainly obtained from
NASA’s fire information resource management system (FIRMS). It has made certain
progress in fire condition assessment [32]. This paper selected MODIS C6 active fire
position vector data for subsequent analysis. The MODIS C6 data from 2001 to 2018 are
mainly obtained by real-time observation of Terra and Aqua satellite sensors four times a
day. Terra passes over the equator daily at approximately 10:30 AM and 10:30 PM (MLT)
local time to obtain active fire information, with data acquisition starting in November 2000.
Aqua (EOS PM) passes by the equator at about 1:30 PM and 1:30 AM (MLT) to obtain active
fire information, with data acquisition starting in July 2002. The coverage is global, the
spatial resolution is 1 km, and the coordinate system is WGS 84. Although there are VIIRS
V1 data, which are mainly passed by the VIIRS sensor mounted on the S-NPP satellite near
the equator with a higher spatial resolution (375 m), they are a shorter time series (2012 to
date) that cannot meet the research needs [33,34]. Therefore, they were not considered.
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Table 1. Data Descriptions.

Data Data Sources Purpose

MODIS C6 Fire Information for Resource Management System
(https://firms.modaps.eosdis.nasa.gov, accessed on 12 November 2022)

Temporal and spatial
distribution of active fire

Temperature National Qinghai-Tibet Plateau Science Data Center
(https://data.tpdc.ac.cn, accessed on 12 November 2022) Meteorological factorPrecipitation

Surface temperature Resource and Environmental Science Data Center of Chinese Academy of
Sciences (http://www.resdc.cn, accessed on 12 November 2022)

DEM Resource and Environmental Science Data Center of Chinese Academy of
Sciences (http://www.resdc.cn, accessed on 12 November 2022) Terrain factor

NDVI Resource and Environmental Science Data Center of Chinese Academy of
Sciences (http://www.resdc.cn, accessed on 12 November 2022) Vegetation factor

Road vector Institute of Remote Sensing and Digital Earth, Chinese Academy of
Sciences (http://www.radi.ac.cn/, accessed on 12 November 2022) Human activity factor

Population density Resource and Environmental Science Data Center of Chinese Academy of
Sciences (http://www.resdc.cn, accessed on 12 November 2022)GDP

In the research on the influencing factors of active fires in the Chinese mainland,
many factors affect the occurrence and spread of active fire, and the relationship between
each factor is complex. Referring to relevant studies [35–39], nine indicators including
temperature (QW), precipitation (JS), surface temperature (LST), elevation (GC), slope (PD),
normalized vegetation index (NDVI), distance to the nearest path (DL), population density
(POP), and GDP were selected as fire risk impact factors from four aspects: meteorology,
topography, vegetation, and human activities. The sources and main purposes of the above
data, which all have a spatial resolution of 1 km, can be found in Table 1.

The data processing are as follows: (1) The annual average temperature spatial inter-
polation dataset, China annual vegetation index (NDVI) spatial distribution dataset, China
GDP spatial distribution kilometer grid dataset, and China population spatial distribution
kilometer grid dataset are used to calculate the average value of 2000–2018 through the
grid calculator in ArcGIS and to obtain the QW, GDP, and POP factors. (2) The DL fac-
tor is generated by calculating the Euclidean distance from the road spatial distribution
data. (3) The GC factor is obtained from the national DEM data, and then the PD factor
is generated by the ArcGIS slope calculation. JS and LST factors are calculated by ArcGIS
from the monthly precipitation dataset in China and the surface temperature dataset in
China. Finally, the raster data of all factors were projected and reclassified. The projection
is “China Lambert Conformal Conic”.

3. Methodology
3.1. Spatial Statistical Analysis
3.1.1. Spatial Statistical Analysis Based on GIS Fishing Net

A grid of 1 km × 1 km was created using ArcGIS fishnet analysis tools in the Chinese
mainland to calculate the probability and intensity of active fires in each grid. In this paper,
Lambert projection was used to create a kilometer grid (projection coordinate is China
North Lambert Conformal Conic, linear unit: m), and the grid that had more than one
active fire event was defined as a “fire zone”; otherwise, it was “fire-free areas”. It was
calculated that from 2001 to 2018, the total number of grids in “fire areas” in the Chinese
mainland was 805,100, accounting for about 10.13% of the total area, and “fire-free areas”
accounted for 89.87%.

3.1.2. Probability of Active Fire

The occurrence probability of active fire in the Chinese mainland from 2001 to 2018
refers to the proportion of the number of years in which active fire events occurred in a grid

https://firms.modaps.eosdis.nasa.gov
https://data.tpdc.ac.cn
http://www.resdc.cn
http://www.resdc.cn
http://www.resdc.cn
http://www.radi.ac.cn/
http://www.resdc.cn
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to the total number of years, which indicates the probability of active fires in each grid [40].
The formula is defined as:

Pi =
X
18

(1)

where Pi represents the occurrence probability of active fire in a single grid, and X represents
the year count of fire jumping events in each grid (X = 0, 1, ..., 18). For example, if there
is only one active fire in a grid from 2001 to 2018, P1 = 1/18. According to the above
results, the 18 occurrence probabilities were graded (Table 2) and divided into 3 groups
according to the average principle: low-probability group, medium-probability group, and
high-probability group.

Table 2. Grouping standard of active fire occurrence probability.

Grouping Probability of Occurrence

Low-probability group 1/18 2/18 3/18 4/18 5/18 6/18
Medium-probability group 7/18 8/18 9/18 10/18 11/18 12/18

High-probability group 13/18 14/18 15/18 16/18 17/18 18/18

3.1.3. Occurrence Intensity of the Active Fires

The occurrence intensity is used to represent the possible occurrence frequency of
active fires in different grids each year, which reflects the possibility and possible frequency
of active fires in each grid [40]. The formula is as follows:

I = F/X (2)

where I represents the occurrence intensity of the active fire in a single grid, F refers to the
cumulative occurrence frequency of active fire in the grid, and X represents the number of
years in which an active fire occurred in a single grid from 2001 to 2018.

The intensity of active fire varies from 1 to 201 and is distributed discontinuously. To
facilitate analysis, the number of corresponding grids was counted, and the occurrences
(number, ten, hundred, etc.) in the intensity range were classified. For example, the total
number of grids with 19 times/a is two digits, so grading was conducted with 19 as the
discontinuous point to obtain a 6-level intensity of 20~201 times/a. Since the number of
grids for once or twice/a was too large, it was divided into one grade separately so that the
intensity of active fire occurrence was divided into 6 grades (Table 3).

Table 3. Grading standard of active fire intensity.

Level Strength Range (Times/a) Corresponding Grid Quantity Range

Level 1 1 693,361
Level 2 2 100,633
Level 3 3–4 9709
Level 4 5–7 913
Level 5 8–9 384
Level 6 20–201 133

3.2. Mathematical Analysis
3.2.1. Multiple Linearity Test

Before establishing the GWLR fire risk assessment model, it was necessary to conduct
a multilinearity test on the fire risk impact factors that participate in the establishment of
the model. According to the multilinearity test results, the qualified fire risk impact factors
will participate in the establishment of the model. When exploring the relationship between
their respective variables (fire risk impact factors) and dependent variables (whether there
is a live fire jump event), the respective variables should be independent of each other,
and then we can determine which independent variables have a significant impact on the
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dependent variables through the GWLR model regression analysis. However, when there
is multiple linear regression between independent variables, it is indicated that there is a
strong linear relationship between factors. Owing to some of the independent variables that
can be approximately characterized by the linear function of other independent variables,
which may make the standard error of the regression coefficient too large and seriously
affect the fitting of the model, the accuracy of the model and results are thereby reduced.

Before the multivariate test, the participating factors should be standardized. Addi-
tionally, several evaluating indicators will help to judge whether there is multicollinearity,
such as tolerance, variance inflation factor (VIF), eigenvalue, and condition index [41]. In
this study, the VIF was used for multiple linearity tests. The tolerance factor is calculated
as follows:

TOL = 1 − R2
i (3)

where Ri is the decisive coefficient of the linear regression model. Multicollinearity among
independent variables is significant if TOL < 0.1. VIF is the inverse of TOL and is the ratio
coefficient for estimating the variance of the regression coefficients when the independent
variables are collinear and non-collinear. The greater the value of VIF, the greater the inten-
sity of multicollinearity between independent variables. When 0 < VIF < 10, it indicates
that there is no multicollinearity between independent variables; when 10 < VIF < 100, it in-
dicates that there is strong multicollinearity among independent variables; when VIF > 100,
it indicates that there is severe multicollinearity among the independent variables.

3.2.2. GWLR Fire Risk Assessment Model

Geographic weighted logistic regression (GWLR) is a type of geographically weighted
regression model when y is binary. It is an extension of the binary logistic regression (BLR)
model, which incorporates the geographic location of the data and makes the regression
parameters a function of the geographic location of the observation point [42,43], namely:

y =
e[β0(ui ,vi)+∑k

j=1 βk(ui ,vi)xij+ε]

1 + e[β0(ui ,vi)+∑k
j=1 βk(ui ,vi)xij+ε]

(4)

where y is whether an active fire event occurs in the dependent variable, xij is the observed
value of the independent variable, β0 is the constant term of the regression equation, (ui, vi)
is the spatial geographic location coordinate of the ith sampling point (as a geographic
weight), βk (ui, vi) is the kth regression parameter on the ith sampling point, which is a
function of geographic location, and ε is a random error term.

The method of establishing the GWLR model is to first obtain the bandwidth of
each spatial weight function of the training samples in turn and select the optimal weight
function by selecting specific criteria to determine the optimal bandwidth. Commonly used
weight functions include the distance threshold method, the Gaussian function method,
and the bi-square function method [42,43]. Among them, the different bandwidths of the
Gaussian function method and the double square function method have a great influence
on the modeling results, and the appropriate weight function can be selected through the
optimal bandwidth. The methods to determine the bandwidth primarily involve cross-
validation (CV), AIC criteria, AICC criteria, and so on. In this paper, the AIC and AICC
values of the adaptive Gaussian function method, fixed Gaussian weight function method,
adaptive double square function method, and fixed double square function method were
calculated, respectively, and the optimal bandwidth and the final weight function of the
model were selected and determined by utilizing AIC and AICC minimization criteria to
establish the GWLR fire risk assessment mod.

The technical flow chart of this paper is shown in Figure 1.
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4. Results
4.1. Distribution Characteristics of Active Fires in China

From 2001 to 2018, the total number of active fires in the Chinese mainland was
1.6525 million, and the average yearly frequency of active fires in 18 years was 91,800. In
terms of period, first of all, there are great differences in the number of active fires in
separate years. The highest year was 2014 with 150,500, accounting for 9.11% of the total
number of active fires, and the lowest year was 2001 with 24,900, accounting for 1.51% of
the total number. The peak year is about six times that of the lowest year. Moreover, it can
be seen that the years of active fire are mainly concentrated in 2013–2015 (Figure 2), which
are the years of the super El Niño. Secondly, the number of active fires varies in different
months, mainly from February to April and October, which is during the Chinese New Year
and National Day holidays. These four months account for 51.46% of the total. The highest
month in March (250,900) is 3.72 times that of the lowest month in September (67,400).
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4.2. Probability of Active Fire in China

The total number of fishing nets in the “fire zone” was 805,100, accounting for about
10.13% of the total area in the Chinese mainland. Among them, the number of grids with
only one active fire event was 528,400, accounting for 65.63% of the total.

From the perspective of spatial distribution, the percentage of “fire areas” in each
province’s total area is different (Figure 3). The largest percentage is Guangdong province,
where the percentage of “fire areas” is as high as 35.36%. The area percentage of “fire
areas” in the Tibet Autonomous Region is the smallest, at only 0.22%. The proportion
of “fire areas” in Guangdong province is about 161 times that of the Tibet Autonomous
Region. Through the natural breakpoint method, the percentage of “fire areas” in each
province is divided into five grades. According to the four major geographical divisions
in the country, the Qinghai–Tibet region and the northwest region have relatively small
“fire areas”, and the percentage of “fire areas” is less than 5.4%, while the “fire areas” in
the northern and southern regions account for less than 5.4%. The percentage increases
gradually with the inland to the coastal areas, and the provinces with larger percentages
are Guangdong, Heilongjiang, Guangxi, and Tianjin. The four provinces have differences in
climate conditions, landforms, vegetation, and population density. Guangxi, Guangdong,
and Heilongjiang provinces are rich in forest resources and are high-risk areas of forest
fires. With the development of industrial infrastructure in Tianjin, the industrial area is
also expanding in disorder and developing inappropriately, and industrial heat sources are
increasing, which increases the risk of industrial fire. Industrial fire is the most frequent and
harmful type of fire in Tianjin [16]. There are significant differences in the distribution of
“fire-free areas” in China, among which the “fire-free areas” in the western region account
for a vast area. The “fire zone” is dispersed, while the “fire-free areas” in the eastern region
are comparatively few, which are spatially alternating with the “fire zone”.
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From the point of view of occurrence probability, there are significant differences in the
time and space distribution of “fire zones”. Active fires are mainly low probability, and the
middle probability and high probability are close to 0 (Figure 4). The low-probability group
accounted for 99.11% of the total number of grids in the “fire zone”, of which the grids with
only one active fire event in 18 years accounted for 65.63%, and the grids with an occurrence
probability of 1/18~3/18 accounted for the low probability. The majority of the probability
group is 95.16%. The grid decreases with the increase in the probability of occurrence,
and the grid with probability 17/18 has the least number at only 51. The low-probability
grids are widely distributed and distributed in every province, but the number of grids in
each province varies greatly. The medium-probability grids are distributed in the dense
areas of the low-probability grids, and the high-probability grids are in the center of the
medium-probability grids, advancing layer by layer (Figure 5).Fire 2022, 5, x FOR PEER REVIEW 9 of 30 
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As there are many provinces in China, there are many active fires in the eastern region
based on the geographical location and the distribution of active fires. Consequently,
Heilongjiang, Shandong, Fujian, and Guangxi provinces are selected from north to south,
and then Henan and Qinghai provinces are selected from coastal to inland. Eventually,
Heilongjiang, Guangxi, Henan, Shandong, Fujian, and Qinghai provinces are selected to
specifically analyze the occurrence probability of active fires (Figure 6.). In terms of the
proportion of grids with a probability of 1/18~3/18 in the low-probability group, Fujian
province is the highest with 97.20% and Shandong province is the lowest with 92.25%,
but both are close to 95.16% in the highest continent, and the amount difference is not
significant. At the same time, it also reveals that the active fires in the low-probability
group are widespread in the Chinese mainland, and the number of related grids decreases
with the increase in occurrence probability. Among them, Qinghai province has the least
high-probability group, which is almost zero.
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4.3. Intensity of Active Fires in China

According to the statistics on the intensity of active fires from 2001 to 2018 (Table 4), the
intensity of active fires ranges from 1 to 201 times/a, and an average of 201 active fire events
have occurred every year in some regions in 18 years. The active fire intensity is mainly
Grade 1, followed by Grade 2, and the sum of them reaches 98.62%, indicating that there
are 794,000 km2 areas with active fire events occurring once or twice a year. The proportion
of grids with Grades 3 to 4 intensities decreased sharply compared to Grades 1 and 2, and
active fires occurred three to seven times a year, and the sum of the two accounted for
only 1.32%. The last 5–6 intensity accounts for the smallest proportion, which is 0.07%
(approximately 517 km2), of which the number of domestic fires in the area with Level 6
intensity (approximately 133 km2) is higher than 20 times a year, and fires occur frequently.
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Table 4. Proportion of active fire intensity levels in Chinese mainland and different provinces from
2001 to 2018.

Level
Intensity Range

(Times/a)

Proportion of Different Strengths (%)

China Heilongjiang Guangxi Henan Shandong Fujian Qinghai

1 1 86.12 81.63 88.04 88.63 87.15 87.12 88.33
2 2 12.50 16.69 11.13 10.43 11.32 11.84 9.56
3 3~4 1.21 1.58 0.79 0.85 1.38 0.99 1.67
4 5~7 0.11 0.09 0.03 0.07 0.11 0.05 0.19
5 8~19 0.05 0.01 0.02 0.02 0.03 0.00 0.26
6 20~201 0.02 0.00 0.00 0.00 0.01 0.00 0.00

From the selected provinces, the proportion of the occurrence intensity groups in each
province shows a significant downward trend with the increase in the intensity level, with
Level 1 as the main, followed by Level 2, and the lowest Level 6. The fluctuation range of
each province was about the proportion of the Chinese mainland. The provinces with the
sum of 1–2 grid proportions from high to low are Guangxi (99.17%), Henan (99.05%), Fujian
(98.96%), Shandong (98.46%), Heilongjiang (98.32%), and Qinghai (97.88%). Although
more than 90% of the grids only have one to two active fires every year, if one-tenth of the
grids are concentrated in a certain year, the total frequency will be as high as 89,500; this is
2.60 times higher than the total frequency in 2001, which shows that 90% of the active fires
have a small intensity but a serious impact.

The intensity of active fire occurrence is unevenly distributed in space. The first-
level intensity grids are spread across mainland China, and the second-level intensity
grids are relatively scattered and are alternately distributed with the first-level intensity
grids (Figure 7). The number of Grade 3–4 strength grids is small, but it is generally
adjacent to Grade 2 grids distributed centrally. The number of Level 5–6 grids is minimal
compared to Level 1–4, but most of them are distributed in the concentration points of
other intensity grids, that is to say, the active fire intensity steadily decreases from the
center to the periphery. In particular, the distribution of the Level 6 grid is similar to the
probability of active fire, which is not distributed in many provinces, and the distribution
is relatively scattered.

To more intuitively reflect the relationship between the occurrence probability and
intensity of the fire, the proportion of its intensity is compared (Figure 8). In terms of
occurrence intensity, the occurrence probability of grids with Grade 1 intensity is also low,
mainly concentrated in the middle- and low-probability groups, and shows a decreasing
trend with the increase in probability (with a few exceptions); Grade 2 intensity shows
an inverted U-shaped curve, and the occurrence probability is 8/18 to 12/18, accounting
for the largest proportion. Level 3–6 intensity is mainly concentrated in the categories
with a high probability of occurrence from 11/18 to 18/18 and increases with the increase
in probability. From the point of occurrence probability, over 70% of the grids in the
low-probability group are Grade 1 intensity, followed by Grade 2 intensity, and other
intensities account for very little. In the middle-probability group, the overall intensity
was Grade 2, the intensity of Grade 1 gradually decreased, and the intensity of Grade 3
gradually increased. The number of grids of intensity 4–6 in the low-probability group and
the medium-probability group is relatively small. Although the high-probability group
grid covers all intensities, it is still mainly 2–3 intensities.
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4.4. Relationship between Active Fire and Fire Risk Factors
4.4.1. Relationship between Active Fire and Meteorological Factors

Meteorological factors play an important role in the occurrence and spread of fire.
They affect the moisture content of combustibles, and temperature is the key factor affecting
the occurrence of active fire. The effect of temperature on active fire is significant. The
high temperature will accelerate the evaporation of water and the drying of combustibles,
which will easily cause fire and make the fire more violent [44]. Active fires in the Chinese
mainland principally occur in the area of 14~19 ◦C (Figure 9a), which shows that the
active fires are mainly concentrated in spring and autumn, which is similar to the monthly
statistics of active fires (mainly distributed in February–April and October). The number of
active fires in the areas with an annual average temperature of −11~−1 ◦C and 24~28 ◦C
is less distributed. Above 24 ◦C and below −1 ◦C correspond to summer and winter,
respectively, with more rainfall in summer and high vegetation humidity. In winter, the
temperature is low, and it is not easy for active fire events to occur. Precipitation has a direct
impact on vegetation moisture content and ground dryness, which affects the severity of
fires. In areas with more precipitation, vegetation and other combustibles are easier to grow,
but if there is too much precipitation, the moisture content of combustibles will increase and
the probability of burning will decrease. The number of active fires in the Chinese mainland
is concentrated in the area with precipitation of 400~800 mm. The precipitation in this area
not only satisfies the existence of combustibles, but the water content of combustibles also
meets the fire standard (Figure 9b). From the perspective of surface temperature, active
fires are predominantly distributed in the area where the land surface temperature (LST) is
15~20 ◦C. When LST is lower than 20 ◦C, the number of active fires is positively correlated
with LST, that is, the larger the LST, the more active fires. The number of active fires was
negatively correlated with the LST when the LST was greater than 20 ◦C (Figure 9c).
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4.4.2. Relationship between Active Fires and Topographic Factors

Topographic factors can directly affect the occurrence and spread of active fires by
altering local microclimates and airflow. Elevation not only affects the climate, but also
affects the zonal distribution of vegetation, which indirectly affects the occurrence of active
fires. With the increase in altitude, the temperature gradually decreases, and there are
less vegetation and combustibles; thus, it is not easy to cause a fire. The slope affects the
speed and direction of fire spread, and the steeper the slope, the faster the fire spread [45].
Active fire spots in the Chinese mainland are mostly concentrated in areas with an altitude
of 1000–3000 m and a slope of <15◦. These areas have flat terrain and many combustible
substances, an environment in which it is straightforward to cause fires (Figure 10).Fire 2022, 5, x FOR PEER REVIEW 15 of 30 
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4.4.3. Relationship between Active Fires and Vegetation Factors

The prerequisite for the occurrence of active fires is combustibles, and the quantity
and nature of combustibles can be reflected by the normalized vegetation index. The lower
the NDVI value, the less combustible materials and the less difficult to burn [39]. There is a
positive correlation between active fires and NDVI values in the Chinese mainland. With
the increase in the normalized vegetation index, the combustibles increase, and the greater
the possibility of active fires, the more the number, which mainly occur in the areas with
NDVI > 0.6 (Figure 11).
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4.4.4. Relationship between Active Fires and Human Activity Factors

The sources of active fires are mainly divided into two categories: natural causes and
man-made causes. Man-made causes are the main inducing factors of active fires at present.
Man-made fire sources are mainly productive (“refining mountains”, straw burning, etc.)
and non-productive (going to the grave, smoking, etc.). Hence, it is necessary to strengthen
control and management [46]. This paper selects the distance from the road, population
density, and GDP as human activity factors that affect the occurrence of active fires.

The number of active fires in the Chinese mainland is significantly negatively corre-
lated with the distance from the road, population density, and GDP. The farther away from
the road, the higher the population density, and the greater the GDP, the less the number
of active fires. In scenarios on the contrary, the number of active fires is greater. There
is an obvious negative correlation between the number of active fires and the distance
from the road. The farther away from the road, the less the number of active fires. The
farther away from the road, the fewer human activities, so the less likely an active fire will
occur. Regions with a higher population density and higher GDP have a more developed
economy, better fire prevention measures, and faster fire extinguishing, so the number of
active fires is smaller.

Specifically, the number of active fires is mostly concentrated in areas with a distance
of <60 km from the road, an average population density of <1200 people /km2, and a GDP
of <30 million yuan/km2 (Figure 12).
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4.5. Fire risk Assessment Model
4.5.1. Establishment of GWLR Model

Owing to the vast area of the Chinese mainland and the limited processing capacity
of the GWR 4 software, random sampling of training samples was selected. The equal
amounts of fire points and non-fire points (998 in total) were used as 60% of the total sample
points to participate in fire modeling, and the remaining 40% (664) of them were used as
test samples for model validation [11].

To judge the results of the collinearity test of fire risk factors, the significant collinearity
between the surface temperature factor and the temperature factor, the population density
factor, and the GDP factor, the surface temperature factor, the population density factor, and
the GDP factor were combined. Three factors were not involved in GWLR model modeling.
The final factors involved in modeling are shown in Table 4. From the collinearity diagnosis
results of the selected factors (Table 5), the VIF values of temperature, precipitation, eleva-
tion, slope, normalized vegetation index, and distance from the road are 4.434, 4.162, 3.224,
1.448, 2.692, 1.514. The VIF value of each fire risk factor is below 5, indicating that there is
no multicollinearity among the independent variables. The VIF value of temperature is the
largest, which is only 4.434, so these six factors can all participate in the establishment of
the GWLR model.

Table 5. Collinearity diagnosis.

Model Variable
Collinearity Statistics

Allowance VIF

Temperature 0.239 4.434
Precipitation 0.243 4.162

Elevation 0.296 3.224
Slope 0.686 1.448

Normalized vegetation index 0.371 2.692
Distance from road 0.626 1.514

This paper uses GWR 4 software to determine the bandwidth based on the principle
of AICC minimization and finally selects the adaptive Gaussian function method. The
optimal bandwidth of this model is 73. The GWLR fire risk model is established as follows:

y =
e(−5.352+3.681x1−3.003x2−3.180x3−3.243x4+5.514x5−1.558x6)

1 + e(−5.352+3.681x1−3.003x2−3.180x3−3.243x4+5.514x5−1.558x6)
(5)

The variables in the equation and their statistical values are as follows (Table 6).

Table 6. Variables in the equation and their statistical values.

Variable Coefficient Standard Error Minimum Maximum

Constant −5.352 7.627 −18.235 16.940
Temperature x1 3.681 9.533 −22.184 21.001
Precipitation x2 −3.003 9.143 −45.868 4.142

Elevation x3 −3.180 21.402 −89.001 7.852
Slope x4 −3.243 4.711 −16.463 10.128

Normalized vegetation index x5 5.514 2.667 −0.148 11.466
Distance from road x6 −1.558 3.389 −9.620 4.741

4.5.2. Model Evaluation

The receiver operating characteristic curve (ROC) is also called the receptivity curve.
The abscissa of the curve represents the variable specificity and the ordinate represents the
sensitivity. This paper analyzes the prediction probability (PRE) as a test variable and sets
“whether an active fire event occurs” as a state variable. The value 1 represents the positive
class (active fire occurs), while 0 represents the negative class (active fire does not occur).
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The area under the ROC curve (AUC) is used to test the model’s ability to distinguish
active fire spots [47]. The AUC value is between 0.5 and 0.7, indicating that the model’s
distinguishing ability is poor. If the AUC value is between 0.7 and 0.9, this indicates that
the model has good discrimination ability. If the AUC value is higher than 0.9, this means
that the discrimination ability is excellent.

In this paper, SPSS software was used to calculate the AUC value by using 664 test
samples. The area under the ROC curve is 0.844. It is between 0.7 and 0.9, indicating that
the GWLR model can better distinguish the ignition point and non-ignition point with a
good fitting effect (Figure 13), and the modeling formula is feasible.
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4.5.3. Classification of Fire Risk Probability

Using the GWLR modeling constructed herein, the normalized fire risk influencing
factor data was subjected to layer operation to obtain a fire risk probability diagram
(Figure 14). According to the classification of fire risk probability, the Chinese mainland
area is divided into five areas: extremely high fire risk area, high fire risk area, medium fire
risk area, low fire risk area, and extremely low fire risk area (Table 7), and the fire risk level
chart (Figure 15) is obtained. The percentage of active fires in each fire risk area and the
total area of mainland China are counted (Table 7).

Matching the number of active fires in the Chinese mainland with fire risk areas, it is
found that active fires are mainly distributed in high fire risk areas, accounting for 62.70%,
followed by the medium fire risk area and the extremely high fire risk area; the total of the
three is as high as 93.56%. The proportion of extremely low and low fire risk areas is only
6.44%, indicating that the GWLR model has a good fit.

Table 7. Proportion of active fire spots and areas in fire risk zones.

Fire Risk Zoning Fire Risk
Probability Value

Active Fire Point
Proportion (%)

Total Area
Ratio (%)

Extremely high fire danger area 0 < p < 0.2 15.60 5.19
High fire danger area 0.2 < p < 0.4 62.70 27.68

Middle fire danger area 04 < p < 0.6 15.26 11.63
Low fire danger area 0.6 < p < 0.8 4.28 8.59

Extremely low fire danger area 0.8 < p < 1 2.16 46.91
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From the area of fire risk zoning, extremely low fire risk areas account for the largest
proportion, accounting for 46.91% of the total area of the Chinese mainland. They are
mainly distributed on the northwest side of the Hu line (Heihe–Tengchong Line). The area
is characterized by high terrain and sparse vegetation. Correspondingly, the function of
economic development and population distribution is weak, meaning that fires hardly
occur. The total proportion of extremely low, low, and medium risk areas is 67.13%, which
is similar to 65.63% of the grid in the Chinese mainland, where only one active fire event
has occurred. The middle- and high-risk areas are mainly distributed in the area east
of the Hu Line. This area has a relatively large population, flat terrain, and a relatively
developed economy, and its fertile land and abundant water resources are conducive to the
development of the planting industry and forest growth; thus, it is prone to fire. Extremely
high fire risk areas account for 5.19% of the total area of the Chinese mainland, mainly
distributed in the North China Plain, the middle and lower reaches of the Yangtze River
Plain, and the low-lying areas of Guangxi. From the coast to the inland and from the
southeast to the northwest, the probability of fire danger gradually decreases, and the
transition from the extremely high-risk area to the extremely low-risk area in turn.

The risk probability of fire in the Chinese mainland area and the influencing factors
of active fire are analyzed. It is revealed that active fire is easy to occur in areas with low
altitude, fertile land, and abundant water resources in spring and autumn. Active fires are
mainly affected by both temperature and precipitation. The highest number of active fires
is not in summer when the heat is unbearable with the precipitation is concentrated, but in
spring and autumn, which proves that the number of active fires in the Chinese mainland
is concentrated in February–April and October.

Nationwide, active fires are mainly distributed to the east of the Hu line, that is, the
Northeast Plain and the south; they are rarely distributed in tablelands, hills, and low
mountain areas, and almost no active fires occur in high mountain areas. Areas with lower
slopes and higher vegetation cover are more likely to have active fires. The main reasons
are that the plain area has a gentle slope, flat terrain, abundant rainfall, a large proportion
of artificial young and middle-aged forests and high-fat trees in the forest types, as well
as a large population density in the plain area, which increases the possibility of fire [11].
However, in urban areas, where the population is concentrated, the environment changes
greatly, and there are more or less some fire prevention measures in cities or rural areas. The
probability of active fire in urban areas with large population densities is low (Figure 14).

From the specific analysis of human activities, there are north–south differences in
active fire production. The differences in climate conditions, forest vegetation, natural
resources, and other aspects between the northern and southern regions lead to huge
differences in people’s living habits. The northern provinces see mainly open-air burning
of straw, with the peak period mainly concentrated in March to April and October. A large
amount of CO2 produced by the burning of straw accelerates the rise of the surrounding
temperature, leading to the occurrence of active fires. The southern region is rich in forest
resources and high in vegetation coverage, which is prone to forest fires. In addition, there
is a tradition of “burning the mountain” in most areas of the south. This activity mainly
refers to the thorough clearing of logging residues, attachments, and weeds on the ground
by burning, and then preparing the land for afforestation, so as to regulate the forest land
and save labor and effort. Most of these activities are concentrated in February and March
of each year (Lantern Festival), with the result that active fires occur in spring [48].

In particular, the number of active fires surged in the super El Niño years (2013–2015),
which is a special factor affecting the number of active fires. El Niño is an important factor
affecting the global atmospheric terrestrial ecosystem. It will cause temperature rise and
continuous drought, resulting in the decline of regional precipitation, thus making the
active fires in forests and farmland more serious [40].
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4.5.4. Spatial Distribution of Fire Risk Influencing Factors and Fire Risk Zoning

Judging from the coefficients of the fire risk assessment factors of the GWLR model
(Table 6), when the coefficient value is greater than one, it means that the factor influences
the occurrence of fire. The impact of the normalized vegetation index, temperature, altitude,
slope, precipitation, and distance from the road on the occurrence of active fires showed
significant changes in space. Referring to Matthews’ local coefficient mapping method [49],
the coefficient value of the prediction factor is between −1.96 and 1.96, which indicates
that the influence of this factor in these areas is not obvious; thus, it is not displayed on the
coefficient diagram. If the coefficient value of the predictor is 1.96 or <−1.96, it means that
this factor has a strong influence on the region. When drawing the regression coefficient
diagram, only the significant area (the area with a statistically significant impact on fire)
is displayed, and the coefficient <0 is expressed in cold color, and the coefficient >0 is
displayed in warm color. Because the significant area of precipitation and distance from
the road factor is small, it is not shown here. Based on this, the spatial distribution map of
the significant area of the fire risk influencing factor coefficients is obtained (Figure 16).
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It can be seen from Figure 16a that NDVI has the greatest impact on active fire, with
an area of 67.30%. With the exception of some high-lying areas in Northwest China, other
areas are affected by NDVI. The impact of temperature on active fire is smaller than that
of NDVI, but it covers a larger area, accounting for 77.31% of the Chinese mainland area.
Except for the Qinghai–Tibet Plateau and the Great Khingan Mountains, it is distributed in
other regions (Figure 16b). The impact of elevation on active fire is mainly concentrated in
the Qinghai–Tibet Plateau (Figure 16c), while the impact of slope on active fire is mainly
distributed around the elevation factor (Figure 16d).

Through ArcGIS overlay analysis, the normalized vegetation index, temperature,
elevation, and slope were calculated by grid overlay to generate the zoning map of fire
risk impact factors (Figure 17). The Chinese mainland area is divided into eight impact
types. From the perspective of spatial distribution, Class a areas are concentrated in the
east of Hu Line, with the largest area, accounting for 62.34%. The occurrence of active fires
is mainly affected by temperature and NDVI. The Class b area is mainly distributed in the
desert areas of China, which is consistent with the division of deserts in China, accounting
for 22.5% of the total area. The main influencing factor of active fires is temperature. The
Class c areas are mainly distributed in the Daxing’an Mountains and the eastern part of
the Qinghai–Tibet Plateau, where the altitude is relatively low, accounting for 11.2% of the
total area. The main influencing factor of active fires is NDVI. The Class d area is mainly
distributed in the western Qinghai–Tibet Plateau, and the main influencing factor of active
fire is elevation. The Class e, f, and g regions have small spatial distribution areas, mainly
areas with high altitudes and large slopes.
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5. Discussion

First of all, this study presents the spatial distribution characteristics of active fires
in the Chinese mainland from 2001 to 2018 at different time scales (such as annual scale
and monthly scale). The time distribution characteristics of active fires indicate that the
number of active fires varies greatly in different years. The years of active fires are mainly
concentrated in 2013–2015, which are the super El Niño years. El Niño is an important
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influencing factor in the global atmospheric terrestrial ecosystem. It will cause temperature
rise and continuous drought, lead to regional precipitation reduction and the increase in
land water storage capacity, and further aggravate the occurrence of active fires in forests
and farmland [40]. The number of active fires varies in different months, mainly from
February to April and October. Due to the changeable and windy weather, there are many
combustibles in this period, and combustibles and waste plastic from branches are naturally
piled up, making it very easy to cause fires due to the careless use of open fires. In addition,
this period coincides with the Chinese New Year and National Day holidays, with frequent
human activities and more man-made fires.

Additionally, taking the Chinese mainland as the whole research area, the temporal and
spatial variation characteristics of various fire types, the temporal and spatial distribution of
occurrence probability and intensity, and the influence factors are analyzed and discussed
from shallow to deep. As a developing country with the largest population in the world,
it has a vast territory with complex and diverse landforms, climate types, and vegetation
types. For instance, the climate is relatively dry in the north and wet in the south. The
climate is dominated by the East Asian monsoon in East China, where the summer is wet
and hot while winter is dry and cold [50]. It is known that about 75% of the land areas
of China are covered by different vegetation types, mainly including forests, savannas,
croplands, and grasslands [51]. Therefore, it is reasonable and appropriate to take the
Chinese mainland as the research area. On the one hand, it can provide a reference for
relevant international research. On the other hand, it is helpful for the planning and
implementation of fire risk-related policies. In addition, most scholars devote themselves
to the study of a certain type of fire. For instance, Ma et al. [52] used a random forest
algorithm to analyze and study forest fires in China; Mohammadi et al. [53] took Iran as
an example and studied the modeling of forest fire hazard areas based on the methods of
logistic regression and GIS. Moreover, more attention is paid to some areas with high fire
incidences, such as Li et al.’s [54] analysis and research on the 16-year forest fire risk of
typical subtropical regions in Zhejiang province. Therefore, there may be some problems,
such as insufficient attention to the overall situation of active fires and insufficient overall
grasp. This study also shows and analyzes the typical provinces of active fire in the Chinese
mainland (Heilongjiang, Guangxi, Henan, Shandong, Fujian, and Qinghai). The results
showed that the dynamic changes in the frequency and intensity of active fires in the above
provinces were similar to those in the Chinese mainland as a whole. At the same time,
Zhang et al. [55] used MODISC6 data from 2001 to 2019 and VIIRS V1 data from 2012 to
2019 to analyze the spatiotemporal characteristics of active fires in the Arctic region and
establish a fire risk assessment model based on logistic regression. The results obtained
from the two sets of active fire data are consistent, which further proves the scientificity
of the research results in this paper. Chang et al. [56] used the data collected by from the
Chinese Forestry Science Data Center to study the forest fires in Heilongjiang province from
1980 to 2009. Their research results are similar to the results of this study, which further
explains the reliability of the results of this study.

The spatiotemporal distribution results of active fires further show that there are
significant differences in the occurrence probability and intensity of active fires in various
provinces of the Chinese mainland. This is because there is spatial heterogeneity in climatic
conditions, topography, vegetation status, and population density in various regions. The
slope of the plain is gentle, the terrain is flat, the precipitation is abundant, and among the
forest types, the proportion of artificial young and middle-aged forests and high-fat tree
species is large. It is easy to catch fire in arid and high-temperature environments, and the
spread speed is fast, which increases the possibility of forest fires [11]. In addition, because
of the large population density and frequent human activities in the plain area, fires occur
very easily when smoking and burning wasteland, charcoal, graves, and paper in places
with combustibles, and the fire is more difficult to extinguish due to the long rescue time.

In some northern provinces, straw burning in the open air is the leading cause of
fire, especially in the three northeastern provinces. A large amount of CO2 generated by
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straw burning accelerates the rise of ambient temperature, leading to active fires [57]. The
comprehensive utilization of straw resources in Northeast China is still in the primary
extensive recycling stage. As the cost of returning straw to fields and leaving fields in
Northeast China is higher compared to other regions, the rough treatment of open burning
leads to an increase in the number of active fires. In addition, affected by snow cover,
ground freezing, and other factors, the peak of active fire mainly occurs in March, April,
and October. Heilongjiang province is located in the northeast of China, and there are
many forest fires caused by lightning, agricultural fires, and outdoor smoking. Lightning
fire is the most frequent and harmful fire source [56]. The southern region is rich in forest
resources, high in vegetation coverage, and prone to forest fires. The provinces with the
largest number of active fires in the south are Guangdong, Guangxi Zhuang Autonomous
Region, and Jiangxi. Influenced by the tradition of “smelting mountains”, active fires
are high in spring. The “Mountain Refining” activity is mainly carried out in February
and March of each year (Lantern Festival), mainly to thoroughly clean up the cutting
residues, attachments on the ground, and weeds, etc., by burning for afforestation, to
achieve the goal of regulating the forest land at a low cost. Although many provinces in
Southern China have successively promulgated the policy of forbidding mountain burning
for afforestation, especially during the special forest fire prevention period, due to the
deep-rooted traditional concept, the land preparation activities mainly based on “mountain
burning” still occur frequently in forestry production [48]. In addition, Guangxi province
has a subtropical humid monsoon climate with obvious dry and wet seasons. In the winter
half year, it is mainly affected by the denatured polar continental air mass. The weather
is cold, the humidity is low, and the temperature changes greatly, so forest fires occur
easily [58]. Guangdong province is located in the coastal area of China, with a developed
economy, high industrial level, and large population density. Due to many industrial heat
sources, people use fire and electricity carelessly, which increases the possibility of fire.

Then, this study comprehensively explored the influencing factors of fire risk from four
aspects: meteorology, topography, vegetation, and human activities. Based on the GWLR
fire risk assessment model, this paper analyzes the fire risk influencing factors and their
relationship in the Chinese mainland and draws the zoning map of fire risk influencing
factors. When considering the influence factors of fire risk, the influence factors of human
activities, such as distance to the nearest path, population density, and GDP, are considered
and taken as important influence factors, which is also different from other literature. For
example, Wang et al. [42] did not consider the population density and GDP factor data in
the analysis due to their limited access. This may be the main reason for the difference
between the results of this study and those of this paper. Wang et al. [44] reported that the
frequency of active fires in Gansu province has an obvious negative correlation with the
distance to the nearest path. The fire spots are concentrated in areas 0–20 km away from the
road. However, we found that the number of active fires in the Chinese mainland is mostly
concentrated in the area <60 km away from the road. Of course, differences in research
scales may also lead to different research results. Tian et al. [44] studied the spatiotemporal
distribution characteristics of forest fires in China from 2008 to 2012 and found that most
forest fires occurred in spring (83%), with the highest incidence in March (60.0%), which is
consistent with the results of this study. In short, compared with previous relevant studies,
we have selected more comprehensive risk fire influencing factors. The multilinearity test
not only improves the reliability of the GWLR fire risk assessment model but also makes
the research results more reasonable.

Furthermore, through the analysis of eight zones of fire risk influencing factors, it is
found that different types of zones have different fire influencing factors. The vegetation
cover is better in areas mainly affected by temperature and NDVI. In these areas, espe-
cially in the case of high-temperature weather and abnormal surface temperature, it is
necessary to improve the protection awareness of areas with high vegetation coverage and
increase the removal of forest combustibles. The region mainly affected by temperature
has a dry climate, less precipitation, and low air humidity. When the temperature rises,
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the combustibles reach the ignition point, making it easy to cause fires. At present, the
main countermeasures for desertification control in China are grass squares and planting
sand-proof plants. If there is a fire in these places, it will have a serious impact on deser-
tification control in China. These areas should strengthen the monitoring of extremely
high-temperature weather to avoid fire. The areas mainly affected by NDVI are covered
with vegetation, but the temperature is not high. Vegetation is the only factor that affects
the occurrence of active fires. Therefore, attention should be paid to forest fire prevention
to avoid man-made fires. The area mainly affected by elevation has a high elevation, which
makes disaster relief and fire prevention more difficult. Areas mainly affected by NDVI,
temperature, elevation, and slope, and areas with high elevation and gradients, have vege-
tation coverage. More attention should be paid to mountain fires in these areas, as well as
to the vegetation growth status and temperature variation.

To sum up, this study takes the Chinese mainland as the research area and reveals
and explores in detail the spatiotemporal distribution characteristics of the occurrence
probability and intensity of active fires and their influencing factors from 2001 to 2018.
In the process of exploring the influencing factors, the factors of meteorology, terrain,
vegetation, and human activities were considered, and the GWLR model was reasonably
constructed through multiple linear tests. When considering the influencing factors of
human activities, we took population density and GDP factors into account, which makes
our research results more scientific. Secondly, based on clarifying the relationship between
active fire and impact factors, the fire risk impact factor zoning map was drawn. We
put forward differentiated fire prevention suggestions for eight different types of fire risk
impact factor zoning. Our work has enriched the research cases of active fires on different
space–time scales. The research ideas and methods are suitable for expansion in different
spatial scales (global or local). Taking the Chinese mainland as the research area not only
helps to understand and grasp the temporal and spatial characteristics and development
trends of active fires in the Chinese mainland, but also provides a scientific reference for
the prevention of fire risks and the formulation and realization of the “double carbon”
target plan with the country or province as a whole. In addition, the zoning map of fire risk
impact factors can also provide a theoretical basis for the Chinese government to formulate
differentiated fire prevention policies, which is of great significance for the protection of
regional ecosystems.

Although the spatiotemporal distribution characteristics of active fires in China were
revealed and its influencing factors were explored in this study, there are unavoidably
several uncertainties. On the one hand, it is impossible to effectively monitor all regions
with the MODIS instruments aboard the Terra and Aqua EOS satellites, owing to the
influence of cloud shadow, thick smoke, forest shrubs, and rainy weather, which may
result in the deviation of the spatial distribution pattern of active fires in some regions. In
addition, the active fire data have a lower spatial resolution (1 km). The size of the fishing
net grid (1 km × 1 km) and the small land area in a fishing net at the boundary of the study
area may affect the accuracy of statistical results. However, for the entire research area,
the Chinese mainland, its influence is almost negligible. Moreover, this study’s algorithm
of the probability and intensity of active fires is more accurate. On the other hand, there
are a few limitations in the construction of the fire risk assessment model. For instance,
the quantity of randomly selected fire points for modeling and testing is less, which may
affect the accuracy of the model. Moreover, the influencing factors of active fires and their
relationships with each other are very complex. Although the influencing factors from four
aspects—meteorology, topography, vegetation, and human activities—were considered,
they are still not comprehensive enough. Additionally, fire risk influencing factor data
with lower accuracy and spatial resolution may inevitably result in the deviation of results.
Correspondingly, finding and exploring the spatiotemporal patterns, process evolution,
and influence mechanism of various fire risks at different spatial and temporal scales by
obtaining higher spatial resolution remotely sensed images of active fire and impact factors
should be a focus of future work.
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6. Conclusions

Based on MODIS C6 active fire data, this paper analyzes the spatial and temporal
distribution characteristics of the probability and intensity of active fire in the Chinese
mainland from 2001 to 2018 by creating spatial statistics of fishing nets. Nine fire risk
factors were selected from meteorological, topographic, vegetation, and human activity
factors to analyze the relationship between them and active fire. The factors affecting fire
risk were selected by the multicollinearity test, the GWLR fire risk assessment model was
established, and the modeling results were analyzed. The following conclusions are drawn:

1. There were 1,652,500 active fires in 18 years in the Chinese mainland area, with an
average of 91,800 fires per year. There are great differences in the number of active
fires in different years and months, mainly concentrated in 2013–2015 and February,
April, and October of each year.

2. During the 18 years in the Chinese mainland, the number of grids in the “fire zone”
accounted for 10.13% of the total area, and the distribution range of the “fire zone” was
quite different. The proportion of “fire areas” varies greatly in different provinces. The
occurrence of active fire is mainly low probability, with relatively few of medium and
high probability. Low-probability grids are widely distributed, medium-probability
grids are distributed in dense areas of low-probability grids, and high-probability
grids are in the center of medium-probability grids, advancing layer by layer.

3. The occurrence intensity of active fires in the Chinese mainland is mainly Level 1,
followed by Level 2. With the increase in intensity, the number of active fires decreases.
The occurrence intensity of the active fire is unevenly distributed in space. The grids
of Level 1 and Level 2 intensity are all over the Chinese mainland, and the intensity of
3~6 decreases from the center to the surroundings.

4. From the relationship between the frequency of active fires and fire risk impact
factors, it can be seen that the frequency of active fires in the Chinese mainland from
2000 to 2018 was mainly concentrated in areas with an annual average temperature of
14~19 ◦C, precipitation of 400–800 mm, the surface temperature of 15~20 ◦C, elevation
of 1000–3000 m, slope < 15◦, and NDVI > 0.6. The farther the road distance, the higher
the average population density, and the greater the GDP value meant the less the
number of active fires.

5. Nine fire risk factors were selected from four aspects of meteorology, topography,
vegetation, and human activities to build the GWLR fire risk assessment model. The
fire risk probability of the Chinese mainland was obtained and divided into five fire
risk probability regions. The main occurrence areas of active fires in China were
concluded. Then, the spatial distribution of fire impact factors shows that QW and
NDVI have a significant spatial impact on the occurrence of active fires in the Chinese
mainland, and GC and PD factors have a small impact on the occurrence of active fires,
which are only distributed in remote and high-elevation areas. Finally, it was divided
into eight fire risk impact factor areas, and differentiated fire prevention suggestions
have been put forward.
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