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Abstract
Because of the special geographical location, dry
weather, high temperature and dense vegetation in
Liangshan, Sichuan, it is easy to cause forest fires,
so it is of great significance to use remote sensing
data to evaluate forest fires in Liangshan, Sichuan. In
this paper, the forest fire in Muli County, Liangshan,
Sichuan Province on March 28th, 2020 was evaluated
by using Landsat-8 remote sensing data which can be
obtained free of charge. TheNDVI of the pre-processed
remote sensing images before and after the fire was
calculated respectively. After the difference was made,
the threshold of the classification of fire and non-fire
areas was determined according to the maximum
inter-class difference threshold method, and then the
over-fire areas were extracted, and the interference was
eliminated by open operation. And using the DEM
data of the study area, combined with the topography
of the study area, the over-fire area is analyzed. The
results show that the "3.28" forest fire in Muli County,
Sichuan Province, which is studied, belongs to a
serious forest fire according to the burned area.
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1 Introduction
In recent years, due to some extreme weather events
and improper use of fires, forest fires have occurred
from time to time worldwide. Forest fires are a kind
of natural disasters with great destructiveness, high
risk and difficult to carry out rescue work. Due to the
large forest area, complex terrain and rugged roads in
China, it is difficult to fully monitor the fire situation in
the forest by using the traditional monitoring method
[1]. In this case, it is inevitable to use remote sensing
satellites to monitor forest fires macroscopically and
evaluate them. Remote sensing can conduct real-time
observation on a large area of research area, grasp the
fire situation in time, and minimize the huge losses
caused by fire [2]. Liangshan in Sichuan has less
precipitation and special geography in winter and
spring, whichmakes the frequency of forest fires in this
region higher than other regions in China. Therefore,
it is of great practical significance to evaluate forest
fires in Liangshan based on remote sensing data.

Compared with the traditional field investigation,
the multispectral and hyperspectral sensors of
remote sensing satellites can realize the large-scale
synchronous identification of high temperature and
flame, and quickly judge the damage caused by them,
which has more advantages in forest fire assessment
[3–5]. Long et al. developed a global 30 m spatial
resolution remote sensing product based on theGoogle
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Earth Engine, and shared it publicly, and Liu et al.
used the normalized difference combustion index (
dNBR ) to assess the damage level of forest fires
that occurred on 2 May 2017 in Birahe Forest Farm,
Inner Mongolia [6]. Using remote sensing satellites to
collect vegetation information has the characteristics
of large scale, high precision and low cost. It is an
important aspect of remote sensing technology to
extract information about forest fires from remote
sensing images according to the intensity relationship
between remote sensing images and on-the-spot
investigation of forest fires [7, 8].

2 Data and Methods
2.1 Overview of the Study Area
In March 2020, Muli County is in the season of high
temperature and less rainfall in spring (Topographic
map is shown in Fig. 1). If it encounters dry thunder
weather, it may cause fire in a short time [9]. The fire
area belongs to the mountainous area of Liangshan
Prefecture, with relatively high altitude, single tree
species and more oil. After the forest fire in this
area, the hot air rises, which affects the direction of
the wind. In addition, the complex terrain makes
the wind direction easy to change, making the fire
duration longer and unpredictable [10]. The forest fire
in Xiangjiao Town, Muli County, Liangshan Prefecture
on March 28, 2020 was studied in this paper.

On March 30, the fire was first distributed in the
triangle area formed by Youyouping Village, Dujia
Village and Xiangjiao Village, and the fire was large
and had a trend of spreading. On 31st, the fire area
expanded rapidly, and the fire in the directions of
Shangyaopu and Dapo townships was large, showing
a trend of spreading to Baidiao township. On April
1, the fire moved northeast. The main fire areas were
Shangyaopu, Gamiping and Dapoxiang. There were a
large number of white smoke in the fire area, falling
with the wind in the northeast area of the fire. The fire
was controlled on April 4 [11].

2.2 Data Acquisition and Preprocessing
The data used in this paper are from the geospatial data
cloud, downloaded are landsat-8 OLI _ TIRS satellite
digital products and SRTMDEM 90 M resolution
original elevation data products [12]. In order to better
determine the study area, the downloaded Landsat-8
data were preprocessed by atmospheric correction,
radiation correction and clipping to obtain the study
area.

2.3 Extraction Method of Fire Area
In remote sensing images, there is a great difference
in the reflectance of overfire pixels and non-overfire
pixels in thermal infrared and other bands. According
to this feature, the hidden characteristics in remote
sensing images can be better excavated. Moreover,
combined with some physical characteristics changes
before and after the fire in traditional methods [13],
the extraction accuracy of overfire areas can be further
improved. NDVI is used to extract the fire traces. The
calculation formula is as follows :

NDVI = NIR− Red
NIR+ Red

(1)

Which, NIR and Red correspond to the gray values
of the fifth band ( near infrared ) and the fourth
band (red) in Landsat 8 data respectively [14]. The
vegetation coverage of the affected area before and after
the fire is quite different, so the difference between the
two images processed by NDVI (before the fire minus
after the fire) is large. At any point in the fire area, the
NDVI value before the fire is large, and the NDVI value
after the fire decreases. Therefore, the larger positive
area after the difference is the overfire area, as shown
in Fig. 1.

Figure 1. Images after NDVI.

2.4 Image Binaryzation
The remote sensing image after NDVI difference is
gray image. Although the approximate fire area can be
seen, there is no way to obtain the specific overfire area.
Therefore, the two gray images should be binarized to
further separate the fire area.

The image binarization processing to select the
appropriate threshold, the current commonly used
threshold segmentation methods are histogram
threshold method, iterative threshold method, Otsu
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algorithm. The error of histogram threshold is large,
and the noise of iterative threshold method is large
[15]. So the Otsu algorithm is used to determine
the threshold. The Otsu algorithm uses the gray
level of the image to cluster and get [16]. Firstly, the
normalized image is transformed into the gray image
of 0∼ 255. Assuming that any point on the normalized
image is x, the equation (2) is transformed into the
gray image of 0 ∼ 255.

xscale =
x− xmin

xmax − xmin
∗ 255 (2)

Which, xscale is the converted gray value, xmin is the
minimum value in the normalized image, and xmax

is the maximum value. Then, each gray value in the
image gray level 0−255 is traversed, and the inter-class
variance when each gray value is used as the threshold
is calculated. Finally, the gray value corresponding
to the minimum inter-class variance is the optimal
threshold. The threshold of NDVI difference image
obtained by Otsu algorithm is 146, and the binary
image is shown in Fig. 2.

Figure 2. Binarization image.

2.5 Image Processing Based on Morphology
The binary image can be seen that there are too many
debris polygons, that is, the error generated, directly
to calculate the fire area, will make the calculation
result is too large, so the image morphological
open operation processing. The opening operation
(equation (3)) is to erode the image first and then
expand the image [17].

B = A ◦ S = (A⊗ S)⊕ S (3)

This formula uses structural element S to conduct
corrosion operation on A, and then uses structural
elementS to conduct expansion operation on corrosion

results to obtain the final open operation result B.
After the open operation, the area of the combustion
area will not be changed when the polygon that
does not belong to the combustion area is effectively
removed [18, 19]. The binarization image after NDVI
difference is shown in Fig. 3.

Figure 3. Opened image.

3 Results and Analysis
3.1 Fire Assessment
It can be seen that after opening operation, there are
still a small number of polygons independent of the
fire area, which obviously do not belong to the fire
area. Therefore, the fire area is removed by visual
interpretation, and then the fire area is extracted. The
number of pixels in the fire area is counted and the
fire area is calculated by spatial resolution. The area
of burned area extracted based on NDVI is 10224.45
hectares, and the results are shown in Fig. 4.

Figure 4. Fire area extracted.

According to the Forest Fire Regulations, forest fires
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can be divided into four categories according to the
size of the damaged forest area : general forest fires,
larger forest fires, major forest fires and particularly
major forest fires, and the specific classification criteria
are shown in Table 1 [20]. The extracted fire area is
greater than 10000 hectares, so the fire is determined
to be a particularly significant forest fire.

Table 1. Forest fire classification table.

forest fire class Classification standard
(affected area)

General forest fires Less than 1 hectare
Larger forest fires 1 hectare above but below 100

hectares
major forest fire More than 100 hectares but

less than 1000 hectares
Specially significant
forest fires

more than 1000 hectares

forest fire class Classification standard
(affected area)

3.2 Analysis of Fire Area
With the continuous increase of altitude, the
temperature will gradually decrease [21]. Under the
standard atmospheric pressure, the temperature will
decrease by 6 degrees Celsius with every 1000 m
increase of altitude. Moreover, the higher the altitude
is, the lower the temperature is, and the greater the
relative humidity is. The vegetation has high water
content and is not easy to burn. However, the wind
speed in high altitude areas is generally large, easy to
spread and difficult to rescue. And the steep slope
position, water is not easy to store, soil water content
decreased, resulting in vegetation coverage reduced,
not prone to forest fires. In addition, slope aspect also
affects forest fires. The south slope is a sunny slope
and receives more solar radiation, so the temperature
is high and forest fires are more likely to occur [22].

It can be seen that there are two discontinuous
phenomena [23–25] in the extracted fire area [26–28],
which is related to the geographical location of the
study area and the weather conditions of the day.
According to Fig. 5, it can be seen that in the middle
of the study area, the terrain is relatively high, and the
surrounding terrain is relatively low. In addition, the
fire area is not formed one day, and the wind direction
has been changing. There is a flash fire, so such a fire
area is formed. In order to better analyze the formation
of the overfire area, the slope and aspect of the fire
area and the study area extracted based on NDVI are

superimposed [29–32], respectively. The slope map of
the overfire area is shown in Fig. 6, and the slope map
of the overfire area is shown in Fig. 7. Combined with
the fire trend figure Fig. 8, the specific analysis is as
follows:

Figure 5. Topographic map of the study area.

Figure 6. Slope map of fire area.

From March 28 to March 30, the fire area formed a
ring in Youyouping Village and Xiangjiao Township.
Due to the high elevations in the south of Youyouping
Village and the northeast of Liziping Village, reaching
about 4000 m, the fire was not easy to spread to it, and
the later fire spread to the east. On 31 March, the fire
in Liziping was affected by the fire, and a new burning
point appeared in the Shangyaopu in the north of
Liziping. The wind direction was south on that day,
so the fire area spread rapidly to BaiDiao Town. Due
to the large slope in the southeast of BaiDiao Town,
the vegetation coverage was small, and it was not easy
to fire. In addition, the wind direction affected the
new ignition point in Gamiping Village, which formed
the discontinuity of fire area between BaiDiao Town
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Figure 7. Slope map of fire area.

Figure 8. Schematic diagram of fire trend.

and Gamiping Village. Youyouping Village spread
northeast to Yangwozi Village and Dapo Village. On
April 1, the fire in the southern part of the fire area
was effectively controlled, and the fire was gradually
smaller. The fire was mainly in Dapo Township and
Gamiping Village in the northern part of the fire site.
Because the fire in Dapo Township and Gamiping
Village was not spread at the same ignition point, the
two fire areas were discontinuous.

4 Conclusion
Based on remote sensing data, this paper evaluates the
forest fire inMuli County, Liangshan, SichuanProvince
on March 28, 2020. The method used is accurate and
concludes that:

According to the final calculated area of forest fires,
according to the classification of forest fires, the 3.28
forest fires studied in this paper belong to particularly

significant forest fires. Combined with the elevation,
slope and aspect of the study area, the formation
of forest fire area is analyzed. Considering the
influence of various factors on the fire area, it has
certain guidance for the prevention of forest fire and
post-disaster recovery in the future.

Forest fire assessment based on remote sensing data,
in addition to the common study of fire area, can
also assess the damage of vegetation, economic losses,
etc., for further vegetation restoration in the fire area
to develop more appropriate plans. This paper only
evaluates some of them, and there is more evaluation
content to be further studied.
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