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Abstract: With the increase in extreme climate events, forest fires burn in much larger areas. Therefore,
it is important to accurately predict forest fire frequencies. Precipitation is an important factor that
affects the probability of future forest fires. Previous models used average precipitation values, but
the attenuation of precipitation was not considered. In this study, a time-decaying precipitation
algorithm was used to calculate the comprehensive precipitation index. This method can better
represent the effect of precipitation in predicting the occurrence of forest fires. Moreover, observed
fire spots were converted into a continuous density of fire spots. The structure of the prediction model
is more realistic, which is conducive to obtaining higher-precision prediction results. Additionally, the
support vector machine (SVM) regression model was used to construct a forest fire warning model.
When the comprehensive precipitation index was compared with the average precipitation value,
the accuracy of the four forest areas in central and northern China in the test set was improved by
approximately 10%. The findings are relevant to forest ecologists and managers for future mitigation
of forest fires, and also for successful prediction of other fire-prone areas.

Keywords: time-decaying model; forest fire warning model; SVM regression model; moderate-
resolution imaging spectroradiometer (MODIS)

1. Introduction

Forest fires are unavoidable and play an important role in environmental transfor-
mation in a wide variety of ecosystems [1,2]. In recent years, with global warming and
frequent extreme weather events, forest fire damage is worse in China than it was five
years ago, which has increased the negative effects on the environment, human values, and
society in many countries [3]. In addition, many countries are also facing the same situation.
In 2019, there were 50,477 forest fires in the United States, covering a total area of more
than 1.8 million hectares. Australia experienced a long and severe fire season in the second
half of 2019, with approximately 7 million hectares of land being burned [4]. Northeast
China is also one of the hardest hit areas by forest fires, with severe forest fire losses. In
2018 and 2019, severe and catastrophic forest fires occurred respectively, causing severe
harm to forest resources, terrestrial ecosystems, and even the achievements of ecological
civilization construction [5]. In the future, due to the increase in extreme climate and global
warming, forest fires will become more frequent. Therefore, building a high-accuracy forest
fire warning model is particularly important.

Exploring wildfire drivers is essential for constructing forest fire warning models.
Some forest fire warning models use meteorological data to predict forest fires frequencies,
such as the Canadian Forest Fire Danger Rating System (CFFDRS) [6] and the National
Forest Fire Risk System (NFDRS) [7]. Forest fire warning models such as multivariate
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adaptive regression splines are optimised using the differential flower pollination (MARS-
DFP) model [8]. The framework of Chuviecoa et al. for fire risk assessment [1] incorporates
remotely sensed data into the impact factors of forest fire warning models. Müller et al.
used weather data, a fuel map, topography, and other data to construct an integrated fire
danger assessment system (IFDS) [9]. Zhong et al. used weather data, land cover data, and
human activity data to predict forest fire risk [10].

In the process of selecting the characteristic factors that affect the forest fire warning
model, most of the previous models selected precipitation as an important characteristic
factor of the model. A negative correlation exists between the precipitation value and the
occurrence of forest fires [11]. The status of vegetation water is another important factor
in the detection of forest fire behaviour. Moreover, precipitation is an important factor
affecting the state of vegetation water [12]. Zhang et al. [13] used a convolutional neural
network (CNN) model to establish a forest fire sensitivity model. That study illustrated
that the importance of precipitation in the model was ranked fourth. Mohajane et al. [14]
used a random forest model to predict the occurrence of forest fires, and precipitation was
ranked as the second most important factor out of more than a dozen factors. These results
show that the precipitation value plays an important role in the prediction of the forest fire
danger rating level.

The acquisition of precipitation data currently relies mainly on three forms: direct
observations, radar measurements, and satellite inversion data [15]. Direct observations
are mainly obtained from rain gauges distributed near meteorological stations worldwide
and are the most direct and accurate. However, owing to the influence of natural and
economic conditions, the spatial distribution of meteorological stations is extremely uneven,
making it difficult to comprehensively observe the spatial distribution of precipitation.
Radar measurements rely mainly on the application of weather radar. Its principle is to
determine the position and characteristics of the target based on the reflection of the target
to the radar wave. Compared with direct observations, radar measurements have a wider
detection range and stronger detection performance, but they are easily affected by factors
such as technical conditions, electronic signals, and the operating environment. Large
errors still exist in complex terrain environments. Satellite inversion relies mainly on the
use of meteorological observation satellites. This is an emerging technical approach and
has the advantage of wide coverage, high continuity, high temporal and spatial resolution,
and a short observation period, especially for some non-observed data. Tropical Rainfall
Measuring Mission (TRMM) satellites are used to monitor and study precipitation in trop-
ical and subtropical regions. The new generation of Global Precipitation Measurement
(GPM) satellites have inherited the advantages of the older generation of TRMM satellites.
This improves the data correction algorithm and microwave detection technology. At
the same time, the accuracy of GPM precipitation products in areas with complex terrain
and high-altitude mountainous areas was higher than that of multi-satellite precipitation
analysis (TPMA) and Coastal Ocean Research and Monitoring Program (CORMP) precip-
itation products. The Integrated Multisatellite Retrievals for GPM (IMERG) are a grade
3 precipitation product of GPM. IMERG currently provides three series of precipitation
data: early, late, and final runs. In terms of the spatial distribution of precipitation, the
performance of IMERG-final precipitation products is better than that of TRMM. This is
because GPM precipitation products have higher accuracy owing to the fine-scale time
and space resolutions [16]. The precipitation data used in this study are the “final-run”
products of GPM_3IMERGDF. The dataset is derived from GPM_3IMERGHH every 30 min.
The result obtained represents the final estimated value of daily accumulated precipitation,
with an accuracy of 1 d and 0.1◦ × 0.1◦.

In previous forest fire prediction models, Bui et al. [8] and Nguyen et al. [17] used
the MARS-DFP model and advanced machine learning algorithm models, respectively,
in which annual average precipitation, monthly average precipitation, and drought days
were selected as the precipitation values. The disadvantage of this method is that the
time interval between the precipitation date and the forecast date and the attenuation
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of precipitation were not considered. Because of water loss effects, such as evaporation
and infiltration, an earlier precipitation time has less impact on future forest fire risk.
Therefore, in this study, the precipitation data used the time-decay model to calculate the
comprehensive precipitation index. The time-decaying precipitation algorithm can better
reflect the impact of precipitation on the forest fire warning model.

Regarding the selection of the forest fire warning model, previous studies used a
linear addition model in their forest fire warning models [18–20]. However, the impact
of forest danger factors on forest fires is not a simple linear combination. Forest fires are
naturally complex and follow a non-linear process [21]. As the advantages of machine
learning have attracted increasing attention, machine learning is increasingly being used
to predict forest fire frequencies, such as frequency ratio random forest [14], random
forests [22–24], and the multilayer perceptron neural network (MLP-Net) [17]. Forest fires
are regional events that affect the surrounding environment. However, these forest fire
warning models are mostly classified as models that treat forest fire data as discrete points
and the location of the ignition point is often uncertain. The use of fire density can overcome
this limitation [25]. Some models convert discrete fire spots into a continuous density of fire
spots. Monjarás-Vega et al. used geographically weighted regression (GWR) to predict fire
density [26] by dividing the number of fire records within a pixel by the pixel area (km2).
Oliveira et al. used two regression methods, multiple linear regression, and random forest
regression models to simulate fires in the European Mediterranean region. The random
forest regression results were higher than 92% [23].

This study aims to build a high-accuracy forest fire warning model based on a com-
prehensive precipitation model, using a support vector machine (SVM) regression model
with a Gaussian kernel. Comparisons will be made with other machine learning models
to measure the generalisation ability and robustness of the model. In addition, this study
will attempt to convert discrete fire spots into a continuous density of fire spots through
Gaussian convolution. The findings will be used to improve the accuracy of forest fire pre-
diction, which is critically important for the successful mitigation of increasingly common
forest fires owing to climate change.

2. Materials and Methods

In this section, we first introduce how the forest fire density was obtained using a
Gaussian convolution kernel. Second, we show how the precipitation data was obtained
and how the time-decaying precipitation algorithm was used to calculate the comprehen-
sive precipitation index. A random forest model was then used to filter the selected factors.
Finally, we introduce the regression model used in this study and the generated forest fire
danger rating map, which is the SVM regression model based on a Gaussian kernel. A flow
chart of this study can be seen in Figure S1 in the Supplementary Materials.

2.1. Fire Spots Density Map Generation

The historical fire data used in this study were obtained from the global forest fire
historical data website provided by NASA (https://firms.modaps.eosdis.nasa.gov/map/),
when we obtained it on 5 October 2021. The records mainly come from the MCD14DL
products of the Terra and Aqua satellites. We first identified forest fires that occurred in
central and northern China in recent years. Thereafter, we determined the corresponding
geographic location and the time at which forest fires occurred. Finally, the data were
filtered with a fire spots confidence higher than 60%.

The data form of the forest fire spots is a scatter diagram of the forest area. However,
the location of the forest fire spots was uncertain. The use of forest fire density can overcome
this limitation. In this study, the scatter plot of forest fire spots was transformed into a
forest fire density map. The data points of each forest area were considered as the values of
the surrounding data. The closer to the forest fire, the greater the surrounding area that
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will be affected by the forest fire. The definition of convolution is to set f (x) and g(x) as
integrable functions on the domain, which can then be calculated using Equation (1).

f (x) ∗ g(x) =
∞∫
−∞

∞∫
−∞

f (u, v)g(x− u, y− v)dudv (1)

In this study, a two-dimensional Gaussian convolution kernel was used for
convolution, and the expression of the two-dimensional Gaussian function was
g(x, y) = 1

2πσ2 e−(x2+y2)/2σ2
, where σ is the convolution range. This expression satisfies the

convolution requirements described above. Oliveira et al.’s model uses a 10 km range for
convolution of the fire density. Thus, this study also used a 10 km range as the convolution.
In addition, the value of σ was taken as 10 after selection. This enabled the scattered
forest fire spots map to be converted into a forest fire density map, which facilitated the
establishment of the subsequent regression model. Figure S2a,b in the Supplementary
Materials show the fire spots in the forest area in the southern part of the Greater Khingan
Mountains from 29 March to 13 April 2018, and the density of fire spots in the forest area
after convolution. We use yellow as the color with the largest density value, and blue as the
color with the smallest density value. The closer the color to yellow, the larger the density
value it represents.

2.2. Obtaining Precipitation Data

The Global Rainfall Observation Satellite currently consists of ten satellite clusters. Its
core observation platform was launched on 28 February 2014. The precipitation estimates
obtained by the various precipitation-related passive microwave (PMW) sensors that make
up the GPM constellation were calculated using the Goddard profiling algorithm (GPROF).
IMERG, a grade 3 precipitation product of GPM, provided three series of precipitation data:
”early-run”, ”late-run”, and ”final-run”. The IMERG ”early-run” data are released with
a lag of approximately 4 h in the observation time. It provides relatively fast results for
flood analysis and other short-term applications. The IMERG ”late-run” publishes a lag
in the observation time of approximately 14 h, which is suitable for daily and long-term
applications, such as crop forecasting. Once the monthly scale rain gauge data of the GPCC
are collected, the estimated precipitation is corrected to generate the IMERG ”final-run”
data. The lag time for the release of this series of data was approximately 3–4 months. These
three series all produce products (3IMERGHH) with a time-space resolution of 30 min
and 0.1◦ × 0.1◦. Comparing the real-time “early-run” and “late-run” IMERG products of
GPM satellites, the “final-run” products had the highest accuracy for regional precipitation
estimation. At the same time, GPM satellites significantly enhanced the capture rate of weak
precipitation times. Compared with TRMM precipitation products, GPM precipitation data
had a higher correlation with the measured precipitation on a daily scale. At the same
time, in some areas, the correlation coefficient between GPM satellite precipitation data
and observations was high, the error range was small, and the root mean square error was
low. When compared with the TMPA precipitation products, the IMERG-final of the GPM
proved to be more appropriate for capturing heavy precipitation. Furthermore, for the
southwestern part of India affected by the monsoon season, IMERG products are more able
to reflect the monsoon cloudburst characteristics of the study area than GSMaP precipitation
products. In terms of the spatial distribution of precipitation, the performance of IMERG-
final precipitation products was better than that of TRMM precipitation products. This is
because the GPM precipitation products have a higher accuracy and the time and space
resolution of the GPM precipitation products is finer, which has certain advantages [15].

The precipitation data used in this study was the “final-run” product of GPM_3IMERGDF.
The dataset was derived from GPM_3IMERGHH every 30 min. The results obtained
represent the final estimate of daily accumulated precipitation. The dataset was generated
at NASA Goddard Geosciences (GES) Data and Information Service Centre (DISC) by
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summing the effective precipitation retrieval in GPM_3IMERGHH that day and presenting
it in millimetres (mm). The accuracy was 1 d, and 0.1◦ × 0.1◦.

2.3. Time-Decaying Precipitation Algorithm

Previous forest fire prediction models used drought days or monthly average precipi-
tation as the value of precipitation. The above two methods can represent the impact of
precipitation data on forest fires to a certain extent. However, these methods average the
weight of daily precipitation and do not consider the impacts of precipitation on different
dates. In this study, we assumed that the precipitation value of the preceding few days
affected the occurrence of future forest fires. The longer the time, the smaller the contribu-
tion of precipitation. Therefore, in this study, the comprehensive precipitation index was
calculated using a time-decaying precipitation algorithm.

In a time-decaying model [27], the descending magnitude of the numerical value
is proportional to its time. It can be expressed as the following differential equation,
Equation (2), where N is the numerical value, t represents time, and γ is the decay constant.

dN
dt

= −γN (2)

Applying Equation (2) to the precipitation value results in

N(t) = N0e−γt (3)

where, N(t) is a quantity related to time t, which represents the contribution of precipitation
t-days earlier. N0 represents the precipitation value on day t.

With the comprehensive addition of precipitation on n days, DPrecipitation is the value
of the comprehensive precipitation, where the coefficient adopts e−A(t−1) defined by the
time-decay function, t is the number of days, Dt is the precipitation on t days earlier, and A
is the undetermined constant term.

DPrecipitation =
n

∑
t=1

e−A(t−1) ∗ Dt (4)

It is necessary to determine the value of the undetermined constant A and the pre-
cipitation value of the previous n days. Mutual information can represent the amount of
information contained in one random variable by another random variable, which can be
used to measure the correlation between them and is not limited to linear relationships.
The formula for mutual information is as follows:

I(X; Y) = ∑
x∈X

∑
y∈Y

p(x, y)log
p(x, y)

p(x)p(y)
(5)

where, p(x, y) is the joint probability distribution function of X and Y, and p(x) and p(y)
are the marginal probability distribution functions of X and Y, respectively.

In this study, the authors used data from the forest area near the Oroqen Autonomous
Banner area on 4 April 2016, from the northern Greater Khingan Mountains on 1 April 2017,
and around Mohe City on 20 April 2016, to determine the A value and select the precipita-
tion data of the previous n days. Figure 1 shows the mutual information value between
different comprehensive precipitation indices and forest fire density, where the compre-
hensive precipitation index is the different combinations of the constant A value and the
previous n days’ precipitation value. As shown in Figure 1, when A is 0.1657 and the
precipitation value of the previous three days is selected, the mutual information value of
comprehensive precipitation and forest fire density is the largest. Therefore, in this study,
A = 0.1657 and n = 3.
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Figure 1. Mutual information value between different comprehensive precipitation index and forest
fire density.

If the monthly average precipitation data are used as the precipitation value, the
mutual information value between the monthly average precipitation data and the forest
fire density is approximately 0.1729. It can be observed that the comprehensive precipitation
index obtained by the time-decaying precipitation algorithm has a better correlation with
the forest fire density, which can predict forest fires more accurately.

2.4. Independent Variables and Feature Selection

The climatic characteristics of an area influence the occurrence and intensity of forest
fires [28]. Regarding climatic factors, variations of air temperature and wind speed have
found influencing severity and frequency of forest fires, whereas variation of rainfall in-
fluences soil moisture and drought [28–31]. Altitude was considered because it influences
solar radiation, temperature, and evapotranspiration of the terrain, which are indirectly
related to forest fires [32]. Most forest fire warning models choose to use weather data,
geographic data, and vegetation data as characteristic factors [5,17,21]. Therefore, in this
study, the impact factors included the maximum daily temperature, daily maximum wind
speed, visibility, comprehensive precipitation index, relative humidity, altitude, slope, the
normalized difference vegetation index (NDVI), and the vegetation supplication water
index (VSWI). The daily maximum temperature, daily maximum wind speed, visibility,
precipitation, and relative humidity data were obtained from local weather stations. To-
pography plays an important role as it can control the distribution of vegetation and wind
speed. It also has an important role in the precipitation and soil moisture [33,34]. The
altitude and slope data were obtained using SPTMDEM 90M elevation data.

The vegetation coverage rate of the forest was represented by the NDVI. NDVI reflects
the growth status that is a proxy for fuel load distribution [21,35]. The NDVI was calcu-
lated using the reflection value of the near-infrared and infrared bands, and by using the
reflectance data of bands 1 and 2 in the MOD021KM remote sensing data. The formula for
calculating the NDVI is:

NDVI =
ρNIR − ρR
ρNIR + ρR

(6)

The value range of NDVI is [−1, 1]. A negative value implies that the ground is
covered by clouds, water, snow, etc., while a positive value implies vegetation coverage.
This value increased with an increase in coverage.
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The VSWI can, to a certain extent, reflect the growth status of crops and the moisture
content of vegetation [36], and can be expressed as:

VSWI =
NDVI

Ts
(7)

where Ts is the surface temperature. The Ts data were obtained from MOD11A2 remotely
sensed data, which recorded eight days of comprehensive land surface temperature. The
larger the VSWI value, the higher the vegetation moisture content.

Figure S3a–f in the Supplementary Materials show the daily maximum wind speed,
daily maximum temperature, NDVI, relative humidity, altitude, and VSWI in the forest
area near the Oroqen Autonomous Banner, from 4 April 2016, and of some forest areas in
the training dataset used in this study, respectively.

In this study, the selected feature factors were filtered to determine whether they have
an impact on the occurrence of forest fires. Because the regression SVM model is non-linear,
the random forest feature importance measurement method was used for filtering [37].

A random forest can measure the importance of each feature, and feature extraction
is mainly based on the out-of-bag (OOB) principle. This principle implies that if a certain
feature is important, the accuracy of the model of adding noise to this feature on the
model is quite different from that without adding noise to this feature. The importance of
meteorological and geographic factors to fire density is shown in Figure 2.
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As shown in Figure 2, except for slope and visibility, the importance of the OOB
feature values of the other feature factors was greater than 1. Therefore, in the selection of
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characteristic factors, only the relative humidity, daily maximum temperature, NDVI, daily
maximum wind speed, precipitation, VSWI value, and altitude were chosen.

2.5. SVM Regression Model

The objective function of the SVM regression model is:

min 1
2‖ ω ‖2 + C

m
∑

i=1
(ξ1i + ξ2i)

s.t.− ε− ξ1i ≤ yi −
(
ωT ϕ(xi) + b

)
≤ ε + ξ2i

ξ1i ≥ 0, ξ2i ≥ 0 (i = 1, 2, . . . m)

(8)

where ω is the weight vector of the output space, ϕ(xi) is the non-linear mapping from the
input space to the output space, ξ1i, ξ2i are slack variables, b is the offset value, and ε is the
insensitive range of the loss value.

The loss function measurement of the SVM regression model is:

err(xi, yi) =

{
0

∣∣yi −
(
ωT ϕ(xi) + b

)∣∣ ≤ ε∣∣yi −
(
ωT ϕ(xi) + b

)∣∣−ε
∣∣yi −

(
ωT ϕ(xi) + b

)∣∣ > ε
(9)

According to the above formula, the objective function of SVM regression is:

minω,b,ξ1i , ξ2i
maxµ1,µ2,α1i≥0,α2i≥0L(ω, b, µ1, µ2, α1i, α2i, ξ1i, ξ2i) (10)

where µ1, µ2, α1i, α2i are Lagrangian multipliers.
This optimisation goal satisfies the Karush–Kuhn–Tucker (KKT) condition, implying

that the optimisation problem was solved by transforming the Lagrangian duality into an
equivalent dual problem.

maxµ1,µ2,α1i≥0,α2i≥0minω,b,ξ1i , ξ2i
L(ω, b, µ1, µ2, α1i, α2i, ξ1i, ξ2i) (11)

This was achieved by first calculating the minimum value of the function for ω, b, ξ1i, ξ2i
and then calculating the maximum value of the Lagrange multipliers µ1, µ2, α1i, α2i to de-
termine the corresponding SVM regression model function [38].

3. Results and Discussion
3.1. SVM Model Training and Testing

In this study, four forest areas in central and northern China were selected as the
training and test sets of the model.

After the feature selection was completed, the filtered dataset was put into the SVM
regression model for training. The independent variables in the dataset were the relative
humidity of the forest area, daily maximum temperature, daily maximum wind speed,
the comprehensive precipitation index, NDVI, VSWI, and altitude of the forest area. The
dependent variable was fire density in the forest area. The NDVI, VSWI, and altitude data
are continuous in the forest area, and each point in the forest area has a value. The relative
humidity, daily maximum temperature, daily maximum wind speed, and precipitation
data were selected from the local weather station, so the data were discrete in the forest area.
In this study, the Kriging algorithm was used to linearly interpolate the above-mentioned
meteorological data. In addition, the discrete fire spots were converted into continuous
forest fire density data through the Gaussian convolution kernel. All feature factor data
were normalised so that the resolution of the data was unified. The precipitation value was
selected from the data of the first three days of forest fire forecasting. Other meteorological
data, NDVI, and altitude were selected from the daily forest area data. This selection was
based on the timeliness of the data. Forest fires were selected for the next 15 days.

The ratio of forest fire spots density data and non-fire data in the training set was
approximately 1:1, which prevented the difference in two of them from causing the model
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to overfit. Non-fire data were randomly selected in the forest area. The SVM kernel function
selects the Gaussian kernel, and the data are normalised. In addition, the kernel scale was
specified as three after selection.

The trained SVM regression model was used in the test set to obtain the forest fire
density data in the prediction set area. These test sets are the forest area in the southern part
of Greater Khingan Mountains on 29 March 2018, the forest area near Hulunber City on
21 March 2015, the forest area near Chongqing city on 8 March 2013, and the forest area near
TongLiao city on 25 February 2019. Figures S4a,b–S7a,b in the Supplementary Materials
show the predicted fire density map and actual fire density map of the four concentrated
forest areas over the following 15 days. In Figures S4a,b–S7a,b in the Supplementary
Materials, we use yellow as the color with the largest value, and blue as the color with
the smallest value. The closer the color to yellow, the larger the value it represents. As
can be seen from Figures S4a,b–S7a,b in the Supplementary Materials, the areas with high
density of actual forest fires are basically in the areas with high density of predicted forest
fires frequencies.

After training the SVM model with the training set data, the resubLoss function was
used to verify the SVM regression model. The interpretation of the resubLoss function
depends on the mean squared error and weighting scheme. In general, better models yield
smaller loss values. The error obtained in this model was small, approximately 0.68.

The data of the forest area near Hulunber city on 21 March 2015 in the test set were
used as an example to analyse the impact of parameters on forest fires. Figure S8a–h
shows the relative humidity, daily maximum temperature, daily maximum wind speed,
the comprehensive precipitation index, NDVI, VSWI, and altitude of the forest area near
Hulunber City and the predicted fire density over the following 15 days. As shown in
Figure S8a–h, the predicted high value of forest density is concentrated in areas with higher
daily maximum temperature, higher daily maximum wind speed, and lower relative
humidity, indicating that under these conditions, the higher the probability of forest fires.
In addition, Figure S8a–h show that the lower the comprehensive precipitation index, the
higher the probability of forest fires. Regarding the effects of NDVI and VSWI on forest
fires, forest fire densities with larger values were observed in areas with higher vegetation
density and higher water content. Figure S8a–h also shows that areas with a higher density
of forest fires are located at lower altitudes.

In this study, the natural breakpoint method [13] was used to classify the forest fire
danger rating level, and the natural breakpoint method was used as a clustering method. Its
main idea is to maximise the similarity within each group, while the dissimilarity between
the external groups is the greatest. According to the density of forest fire spots in the area
and the natural breakpoint method, the forest fire danger rating is divided into five levels
according to the density of forest fire spots, as shown in Table 1.

Table 1. Classification of forest fire danger rating map.

Fire Risk
Rating One Two Three Four Five

Fire density (−∞, 0) [0, 0.19) [0.19, 0.54) [0.54, 0.94) [0.94, ∞)

After dividing the forest fire rating level, the forest fire danger rating maps of the
forest areas and the predicted fire spots in these areas over the following 15 days are shown
in Figure 3a–d, where the red points indicate the actual fire spots.
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Figure 3. Forest fire danger rating map constructed by the Support Vector Machine (SVM) regression
model established in this study. (a) Fire risk grade map of the forest area in the southern Greater
Khingan Mountains; (b) forest area near Hulunber city; (c) forest area near Chongqing city; (d) forest
area near Tongliao city.

The proportion of forest fire points in the test set falling on each fire danger rating
map is shown in Figure 4.

Figures 3a–d and 4 show that most of the forest fires are concentrated on fire danger
rating levels 3, 4, and 5, while only a small proportion of the fires are at fire danger rating
levels 1 and 2. If an area with a rating of level 3 or higher is used to predict the occurrence
of fire [39], the accuracy rate of the regression model established by the test set in this study,
is approximately 0.98, 0.99, 0.95, and 0.93, respectively. The test sets are the forest area in
the southern Greater Khingan Mountains, the forest area near Hulunber City, the forest
area near Chongqing City, and the forest area near Tongliao city.
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Figure 4. Proportion of forest fire spots falling on each fire danger rating map.

3.2. Comparison with Various Forest Fire Prediction Model

This study is optimized for considering the influence of precipitation on the fire
frequency. Therefore, it is necessary to confirm that the selection of the comprehensive
precipitation index can indeed improve the accuracy of forest fire warning by comparing
the selection of precipitation data. The monthly average precipitation data are used as the
precipitation factor in the regression model; the test set result obtained by the model trained
with this dataset is shown in Figure 5a–d, where the red points are the actual fire spots.

As can be seen from Figure 5a–d, compared with the use of the comprehensive
precipitation index to build the model, although most of the forest fires predicted by this
model fall above the fire danger level three, the total number is less than that using the
comprehensive precipitation index.

Subsequently, the test set results are compared with the results of this study. Figure 6a–d
show the proportion of fire points in four different forest areas in the test set using two
different methods that fall within the forest fire danger rating map.

Using these two different methods, results of the accuracy of the fire prediction of
these areas in the test set are shown in Table 2. When compared with the monthly average
precipitation, using the comprehensive precipitation index as the precipitation data, the
accuracy of predicting forest fires increased by approximately 10%. This shows that the
method proposed in this study to represent precipitation data can better reflect the impact
of precipitation on forest fires.

Table 2. Accuracy of the test sets using two different methods.

Test 1 Test 2 Test 3 Test 4

Comprehensive
Precipitation Index 0.98 0.99 0.95 0.93

Monthly Average Precipitation 0.91 0.79 0.73 0.89
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Figure 5. Forest fire danger rating map constructed by the SVM regression model using monthly
precipitation data: (a) forest area in the southern Greater Khingan Mountains; (b) forest area near
Hulunber city; (c) forest area near Chongqing city; (d) forest area near Tongliao city.

In the forest fire warning model and forest-related prediction model, logistic regression
produces good effects and is commonly used in statistical methods [24,40]. Among the ma-
chine learning models, the artificial neural network (ANN) is effective in the forest fire early
warning model [41–43]. In this study, a logistic regression model [44] and ANN [42,43,45]
were used to predict the forest fire danger rating map in the same forest area. These two
models were compared using the regression model established in this study.

The forest fire danger rating chart defined by the probability predicted by the logistic
regression model is shown in Figure 7a–d, where the red points indicate the fire spots.
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Figure 6. Proportion of fire points that fall within the forest fire danger rating map in four different
forest areas in the test set trained by the two different methods: (a) forest area in the southern part of
Greater Khingan Mountains; (b) forest area near Hulunber city; (c) forest area near Chongqing city;
(d) forest area near Tongliao city.

The forest fire danger rating level map defined by the probability predicted by the
ANN model is shown in Figure 8a–d, where the red points indicate the fire spots.

The proportion of fire spots in the test set falling on each fire danger rating map
established by the three different methods is shown in Figure 9a–d.

Figure 9a–d show that compared to the logistic regression and the ANN neural
network models, the accuracy of the SVM regression model is 5% higher than that of the
other two machine learning models. Through comparison, it can be concluded that a
regression model based on the comprehensive precipitation index calculated by a time-
decaying model established in this study can predict forest fire danger rating levels with
higher accuracy and better results.
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Figure 7. Forest fire danger rating map constructed by the logistic regression model: (a) forest area
in the southern Greater Khingan Mountains; (b) forest area near Hulunber city; (c) forest area near
Chongqing city; (d) forest area near Tongliao city.
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Figure 8. Forest fire danger rating map constructed by Artificial Neural Network (ANN) model:
(a) forest area in the southern Greater Khingan Mountains; (b) forest area near Hulunbercity; (c) forest
area near Chongqing city; (d) forest area near Tongliao city.
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Figure 9. Proportion of forest fire points in the test set falling on each fire danger rating map
established by three different methods: (a) forest area in the southern part of Greater Khingan
Mountains; (b) forest area near Hulunber city; (c) forest area near Chongqing city; (d) forest area near
Tongliao city.

Table 3 shows the mean squared error (MSE) value of using the four methods to
build a forest fire warning model. The MSE value of the proposed method is the smallest,
indicating that the model constructed by this method has a significant effect on predicting
the risk of forest fire.

Table 3. Mean Squared Error (MSE) values of four methods used to build a forest fire warning model.

SVM Regression Model
from This Study

SVM Regression Model Using
Monthly Precipitation Logistic Regression Model ANN Model

MSE 0.689 0.717 1.412 0.690



Forests 2022, 13, 480 17 of 20

4. Conclusions

In this study, a new forest fire warning model was proposed. On the one hand, a time-
decaying precipitation algorithm was used to calculate the comprehensive precipitation
index instead of the traditional equal-weighting method, which is critical for fire prediction.
The precipitation data used in this study was the “final-run” product of GPM_3IMERGDF,
which is a type of precipitation data with high accuracy. In addition, the mutual information
criterion was used to optimise the attenuation factor and the number of retrospective days
in the modified model. As a result, the accuracy of fire risk prediction for the analyzed areas
in central and northern China in the test set was improved by approximately 10%. The
comprehensive precipitation index is calculated from the parameter, A, and the number of
precipitation days, n, based on the forest dataset in central and northern China and the time-
decaying precipitation model in this study. From Figure 1, we can see that the prediction
is relatively more sensitive with respect to n than to A. On the other hand, the traditional
fire point classification problem was converted into a fire point density regression problem
through Gaussian convolution, which improved the rationality of the prediction method
and the accuracy of the prediction result. In addition, the OOB principle of a random forest
was adopted to select the independent variables of this model. The highest temperature,
relative humidity, comprehensive precipitation index, and other factors of the day were
selected as the independent variables of the SVM regression model. The method in this
study was applied to four forest areas in central and northern China, with accuracies of 0.98,
0.99, 0.95, and 0.93, respectively. For comparison, this study applied the logistic regression
and ANN models to the test dataset. The results showed that the SVM regression model
based on the comprehensive precipitation index calculated by a time-decaying precipitation
algorithm has a high accuracy. To demonstrate the applicability of our model for various
areas, we select some areas with quite different climatic and geographical conditions in
this study. For example, the forest area near Chongqing has a humid subtropical monsoon
climate and belongs to the basin terrain, while the Greater Khingan Mountains belong
to a continental monsoon climate in a cold temperate zone and belong to the plains and
plateaus. The model in our study is suitable for predicting the fire risk in these forest
areas with quite different climates and geographical conditions, which shows that the
model has certain universality. If the model is used to predict forest fires risk in other
forest areas, it may be necessary to select re-optimized parameters based on local actual
data according to the method described in chapter 2.1–2.3 in this article. In this study, we
used the SVM regression model to construct a forest fire prediction model. Deep learning
is a machine learning method that has developed rapidly in recent years. In the case of
sufficient samples, deep learning has better fitting and learning capabilities than SVM. How
to combine the comprehensive precipitation index model in this paper based on the deep
learning framework to achieve higher accuracy of predicting forest fire risk requires further
investigation to be carried out in the future.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/f13030480/s1, Figure S1: Flowchart; Figure S2a: Forest fire
spots in forest area in the southern part of Greater Khingan Mountains from 29 March to 13 April
2018; Figure S2b: Fire density of forest spots in forest area in the southern part of Greater Khingan
Mountains from 29 March to 13 April 2018; Figure S3a: Daily maximum wind speed of forest area near
the Oroqen Autonomous Banner from 4 April 2016; Figure S3b: Daily maximum temperature of forest
area near the Oroqen Autonomous Banner from 4 April 2016; Figure S3c: NDVI of forest area near the
Oroqen Autonomous Banner from 4 April 2016; Figure S3d: Relative Humidity of forest area near the
Oroqen Autonomous Banner from 4 April 2016; Figure S3e: Altitude of forest area near the Oroqen
Autonomous Banner from 4 April 2016; Figure S3f: VSWI of forest area near the Oroqen Autonomous
Banner from 4 April 2016; Figure S4a: Predicted fire spots density map in forest area in the southern
part of Greater Khingan Mountains on 29 March 2018; Figure S4b: Actual fire spots density map in
forest area in the southern part of Greater Khingan Mountains on 29 March 2018; Figure S5a: Predicted
fire spots density map in forest area near Hulunber City on 21 March 2015; Figure S5b: Actual fire
spots density map in forest area near Hulunber City on 21 March 2015; Figure S6a: Predicted fire
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spots density map in forest area near ChongQing City on 8 March 2013; Figure S6b: Actual fire spots
density map in forest area near ChongQing City on 8 March 2013; Figure S7a: Predicted fire spots
density map in forest area near TongLiao City on 25 February 2019; Figure S7b: Actual fire spots
density map in forest area near TongLiao City on 25 February 2019; Figure S8a: Daily maximum
temperature of forest area near Hulunber city on 21 March 2015; Figure S8b: Daily maximum wind
speed of forest area near Hulunber City on 21 March 2015; Figure S8c: Relative humidity of forest
area near Hulunber City on 21 March 2015; Figure S8d: Comprehensive precipitation index of forest
area near Hulunber City on 21 March 2015; Figure S8e: NDVI of forest area near Hulunber City on
21 March 2015; Figure S8f: VSWI of forest area near Hulunber City on 21 March 2015; Figure S8g:
Altitude of forest area near Hulunber City on 21 March 2015; Figure S8h: Predicted fire spots density
in the next fifteen days of forest area near Hulunber City on 21 March 2015.
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