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Abstract 
In recent years, forest fires have occurred frequently in Vietnam due to the influence of 

climate change and human activities. This paper presents the results of modeling the risk of forest 
fires in the west of Nghe An province (north-central Vietnam) from remote sensing and GIS data. 
09 factors affect the risk of forest fire, including vegetation cover (NDVI index), soil moisture 
(NMDI index), elevation, slope, aspect, wind speed, land surface temperature, average monthly 
precipitation and population density are used to build a model for mapping forest fire risk based on 
Suppor Vector Machine (SVM) algorithm. The past forest fire data is collected from the database of 
the Forest Protection Department (Vietnam Ministry of Agriculture and Rural Development) to 
evaluate the accuracy of the model. Different values of cost parameter (C) are tested to select the 
value with the highest accuracy in predicting forest fire risk. The results obtained in the study can 
be used effectively for monitoring and early warning of forest fire risk in the localities, helping to 
reduce damage caused by forest fires. 

Keywords: forest fire risk, remote sensing, GIS, support vector machine algorithm, Nghe 
An province. 

 
1. Introduction 
A forest fire is a complex phenomenon that is difficult to model and manage. There are many 

factors that contribute to the ignition and spread of forest fires, such as human factors, topographic 
and meteorological variables. Development of forest fire risk prediction model and classification of 
forest fire risk is an urgent problem, providing timely information for the protection and 
development of forest resources. Geospatial technology, including remote sensing technology and 
geographic information system (GIS), has been widely and effectively used in building forest fire 
risk prediction models. Remote sensing and GIS allow the collection of data on forest cover for 
analysis, management, and modeling for early warning of the risk of forest fires. 

Jaiswal et al. (2002) used analytical hierarchical method (AHP) to map forest fire risk in the 
Gorna Subwatershed area (Madhya Pradesh state, India) based on IRS satellite image database and 
GIS technology. The obtained results show that nearly 30 % of the study area is at "high" to "very 
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high" forest fire risk, consistent with the locations where forest fires occur (Jaiswal et al., 2002). In 
the study (Wimberly et al., 2008), the authors used multi-temporal Landsat satellite image data to 
map the severity of forest fires in the southern Appalachians (North Carolina, USA). Normalized 
Burn Ration Index (NBR) calculated from near-infrared and short-wave infrared bands of Landsat 
imagery is used to evaluate the land cover change before and after the fire. 

Many studies have used artificial intelligence techniques (artificial neural network, random 
forest, support vector machine) combined with AHP hierarchical analysis method to improve the 
accuracy of forest fire risk prediction models from remote sensing and GIS data (Vasilakos et al., 
2009; Oliveira et al., 2012; Dieu Tien Bui et al., 2016, Dieu Tien Bui et al., 2017). Regression 
techniques such as multiple regression (Oliveira et al., 2012), logistic regression (Pourghasemi, 
2015), geographically weighted regression (GWR) (Fernandez et al., 2012), data mining techniques 
(Arpaci et al., 2014) are also used to build forest fire risk prediction models based on assessing the 
relationship between natural-society factors and the possibility of forest fire occurrence. 

In Vietnam, several studies have used land surface temperature data calculated from Landsat 
and MODIS thermal infrared images for early warning of areas with high risk of forest fires (Vuong 
Van Quynh, 2005; Doan Ha Phong, 2007; Tran Quang Bao et al., 2016). Thermal infrared remote 
sensing data is also used in the study (Trinh, Zablotskii, 2017) to detect subsurface coal fire in coal 
mines. Studies (Nguyen Ngoc Thach et al., 2015; Dang Ngo Bao Toan, 2021; Hoang et al., 2020) 
have also used remote sensing and GIS data for mapping forest fire risk in in different areas in 
Vietnam based on machine learning techniques. The obtained results show that machine learning 
techniques allow to classify forest fire risks with higher accuracy than traditional methods using 
hierarchical analysis technique (AHP). In general, the above studies have demonstrated the 
effectiveness of remote sensing and GIS technology to develop forest fire risk prediction model for 
monitoring and minimizing damage caused by forest fires. 

 
2. Materials and methodology 
Study area 
The study area is located in the west of Nghe An province, in the north-central region of Vietnam, 

with geographical coordinates from 18º33' to 20º01'N, 103º52' to 105º48'E. This area has a diverse and 
complex topography, strongly divided by hills, mountains and a system of rivers and streams. 

Nghe An has the largest area of forest and forestry land in the country, the forest coverage 
density in 2020 will reach 58.50 % according to the forest status report in 2020 of the Ministry of 
Agriculture and Rural Development of Vietnam. Although forest cover is high and tends to increase 
in recent years, most of the increased forest area in province is planted forest. The natural forest 
has a marked decrease in both quality and area. 

The province is located in the tropical monsoon climate zone, with hot, humid and rainy 
summers (from May to October) and cold, less rainy winters (from November to April next year). 
The Feohn wind is most active in the western region of Nghe An province, causing a hot and dry 
climate, negatively affecting production activities as well as increasing the risk of forest fires. 

Materials 
In this study, the Sentinel 2 MSI and Landsat 8 multispectral images are used to calculate the 

land cover, soil moisture and land surface temperature factors. Remote sensing data is collected 
and processed directly on the Google Earth Engine (GEE) cloud computing platform.  

65 Sentinel 2 MSI scenes, including Sentinel 2A and Sentinel 2B images taken from 
November 15, 2021, to January 16, 2022, are used to create cloudless image, and then calculate the 
Normalized Difference Vegetation Index (NDVI) and Normalized Multi-band Drought Index 
(NMDI). 15 Landsat 8 OLI_TIRS multispectral images with path/row of 127/047, 127/046 and 
128/046 taken during the period from November 15, 2021, to 16 January 2022 were used to 
calculate the land surface temperature.  

The Landsat 8 and Sentinel 2 MSI images in the western region of Nghe An province used in 
the study are shown in Figure 2. 
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Fig. 1. The study area in the west of Nghe An province, Vietnam 

 

 
 
Fig. 2. Sentinel 2 MSI images in Lao Cai and Yen Bai provinces 
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The Shuttle Radar Topography Mission (SRTM) elevation data with 30 m spatial resolution is 
collected and processed to build the terrain factors for forest fire risk model, including elevation, 
aspect and slope. 

Population density data is collected from the WorldPop database (Index). Meanwhile, wind 
speed and average monthly precipitation are collected from the WorldClim database (WorldClim).  

Methodology 
Based on the natural and social characteristics of the western region of Nghe An province, 

in this study, 09 factors are used to build the forest fire risk prediction model, including: 
+ Population density 
+ Vegetation cover (NDVI index) 
+ Soil moisture (NMDI index) 
+ Aspect 
+ Slope 
+ Wind speed 
+ Elevation 
+ Land surface temperature 
+ Average monthly precipitation. 
 

 
Fig. 3. Flowchart of the methodology for mapping forest fire risk using SVM algorithm from 
remote sensing and GIS data 

 
The NDVI index is used to represent the vegetation cover factor in the forest fire risk 

prediction model. NDVI is calculated from the spectral reflectance value in the red and near-
infrared channels of the Sentinel 2 MSI image following the equation (Rouse et al., 1973): 

NIR RED

NIR RED

NDVI
 

 





                                                        (1) 

Where: ρRED and ρNIR are reflectance values of red (Band4) and near infrared (Band8) bands 
of Sentinel 2 MSI image. 
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In this study, the NMDI moisture index (Wang, Qu, 2007) was used to represent the surface 
moisture information of the study area. The NMDI index is also determined from optical remote 
sensing images according to the following formula: 

860 1610 2150

860 1610 2150

( )

( )

nm nm nm

nm nm nm

R R R
NMDI

R R R

 


 
                                           (2) 

In which, R860nm, R1610nm and R2150nm are spectral reflectances from near-infrared (band 8), 
short-wave infrared (band 11 and band 12) bands of Sentinel 2 MSI satellite images. 

 
Land surface temperatures were extracted from Landsat 8 thermal infrared remote sensing 

data using NASA model (Trinh, 2014). 
The elevation, slope, and aspect data layers are calculated from the SRTM elevation digital 

model with a spatial resolution of 30 m. All 9 data layers of the forest fire risk prediction model are 
interpolated to a spatial resolution of 10m for consistency with Sentinel 2 MSI image data. Finally, 
the SVM algorithm is used to classify forest fire risk levels from 9 input data layers and forest fire 
data in the western region of Nghe An province. 

The flowchart of the methodology for mapping forest fire risk using SVM algorithm from 
remote sensing and GIS data is shown in Figure 3. 

 
3. Results and discussion 
To build topographic data layers such as slope, elevation, and aspect, the SRTM model with 

spatial resolution of 30 m was used in this study. The collection and processing are done on the 
Google Earth Engine (GEE) platform. DEM SRTM data of the study area is presented in Figure 4. 
The slope, elevation and aspect data layers in the western region of Nghe An province built from 
the SRTM model are shown in Figure 5. 

 

 
 
Fig. 4. The SRTM model of study area 
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Fig. 5. Elevation, Slope and Aspect data layers for forest fire risk prediction model 

 
Sentinel 2 MSI images after collection and pre-processing were used to calculate the 

vegetation index NVDI (formula 1) and the drought index NMDI (formula 2). Meanwhile, the 
Landsat 8 image is used to calculate the land surface temperature according to the NASA model. 
The results of mapping vegetation cover (NDVI index), soil moisture (NMDI index) and land 
surface temperature data layers in the western region of Nghe An province from remote sensing 
data are presented in Figure 6. The surface temperature of the study area ranges from 10,150C to 
35,470C. Areas with low land surface temperature are concentrated in mountainous areas with 
dense vegetation cover, while areas with high land surface temperatures are concentrated in 
residential and bare land. For visualization, in the study, the land surface temperature is divided 
into 9 ranges: less than 180C, 18-190C, 19-200C, 20-210C, 21-220C, 22-230C, 23-240C, 24-300C and 
greater 300C (Figure 6). Land surface temperature determined from Landsat 8 image has spatial 
resolution of 30m, to be consistent with NDVI and NMDI data, in the study the land surface 
temperature is interpolated to 10 m pixel size. 

 

 
 
Fig. 6. NDVI, NMDI and Land surface temperature data layers for forest fire risk prediction model 

 
Figure 7 presents the results of building data layers on wind speed, average monthly 

precipitation and population density in the western region of Nghe An province. Since the 
resolution of data collected from WorldPop and WorldClime databases is 1000m, to be consistent 
with other data layers of forest fire risk prediction model, these data layers are interpolated to 10m 
pixel size. 

To evalute the forest fire risk using the SVM algorithm, this study has tested with different 
values of cost parameter (C). The parameter C tells the SVM algorithm how to balance the two 
competing objectives which are to maximize the margin between the two classes and to not allow 
any samples to be misclassified. If C = 0 then the algorithm does not allow any samples to be 
misclassified. If your data is not linearly separable then the algorithm will not be able to find a 
separating hyperplane. If C > 0 then the algorithm can trade-off some misclassified samples in-
order to find a margin that better separates the remaining points. 
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Fig. 7. Wind speed, Average monthly precipitation, and Population density data layers 
for forest fire risk prediction model 

 
From analyzing the distribution of forest fire data, the parameter C = 25 allows forecasting 

the risk of forest fire in the study area with the highest accuracy. Out of 36 points where forest fires 
have occurred, 18/36 fire points are distributed in areas with a «high» level of forest fire risk, 3 
points in areas with «very high» level; 4 fire points distributed in the area with «very low» and 
«low» level. The forest fire hazard zoning map in the western region of Nghe An province based on 
SVM algorithm is presented in Figure 8, in which the forest fires risk is divided into 5 levels: very 
high, high, medium, low and very low. 

 
Fig. 8. Result of mapping forest fire risk in the western region of Nghe An province 

 



European Geographical Studies. 2022. 9(1) 

10 

 

4. Conclusion 
In this study, 09 factors affect the risk of forest fire, including vegetation cover (NDVI index), 

soil moisture (NMDI index), elevation, slope, aspect, wind speed, land surface temperature, 
average monthly precipitation and population density are used for mapping forest fire risk based 
on Suppor Vector Machine (SVM) algorithm. Sentinel 2 MSI and Landsat 8 images data are used to 
create the vegetation cover, soil moisture and land surface temperature data layer. Topographic 
data layers, including slope, elevation and aspect are built from the SRTM model with a spatial 
resolution of 30 m. The population density, average monthly precipitation, and wind speed factors 
were built from the WorldPop and WorldClim databases. The obtained results show that the SVM 
algorithm allows forecasting the risk of forest fires with high accuracy. From the analysis of 
36 points where fires have occurred in the past, 21/36 points are distributed in areas with a high 
and very high fire risk level. The results obtained can be used effectively for monitoring and early 
warning of forest fire risk and helping to reduce damage caused by forest fires. 
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