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Abstract: Due to the intensification of climate change in the world, the incidence of natural disasters is 

increasing year by year, and monitoring, forecasting, and detecting evolution using satellite imaging 

technology is an important guide for remote sensing. This study aims to monitor the occurrence of fire disasters 

using Sentinel-2 satellite imaging technology, to determine the burned severity area with its classification and 

the recovery process for determining the extraordinary natural phenomena. The study area was sampled in 

the southeastern part of Mongolia, where have most wildfires in each year, near the Shiliin Bogd mountain in 

the natural steppe zone and in Bayan-Uul soum in the forest-steppe natural zone. For the methods, the NBR 

was used to map the area of the fire site and the classification of the burned area into 5 categories: unburned, 

low, moderate-low, moderate-high, and high, which are process-defined works. NDVI index was used to 

determine the recovery process in a timely series in the summer from April to October. In result, the burned 

areas were mapped from the satellite images, and the total burned area of steppe natural zone was 1164.27 km2, 

of which 757.34 km2 (65.00 percent) was low, 404.57 km2 (34.70 percent) was moderate-low, and remaining 2.36 

km2 (0.30 percent) was moderate-high, and the total burned area of forest-steppe natural zone was 588,35 km2, 

of which 158.75 km2 (26.90 percent) was low, 297.75 km2 (50.61 percent) was moderate-low, 131.25 km2 (22.31 

percent) was moderate-high and the remaining 0.60 km2 (0.10 percent) was high-medium. Finally, we believe 

that this research is most important to helpful for emergency workers, researchers, and environmental 

specialists. 

Keywords: wildfire; burn severity; vegetation recovery; Sentinel-2; Eastern Mongolia 

 

1. Introduction 

Wildfires are natural phenomena that have been occurring for centuries, but in recent years, 

their severity and frequency have increased significantly, posing substantial challenges to ecosystems 

and human communities. Wildfires have emerged as a global concern due to their destructive 

potential and wide-ranging consequences. Wildfires have been increasing last few years depending 

on climate changes with different natural zones by location.  

Remote sensing used in satellites is most important for natural disasters including wildfires, 

floods, storms, and other extreme weather phenomena with acquiring pre-disasters and post-

disasters [1]. Remote sensing satellite data is used for assessing damages with environmental 

conditions at post-disaster and risk estimation with vulnerability at pre-disaster.  
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Understanding and assessing wildfire severity is of utmost importance in mitigating their 

impact and developing effective management strategies. In recent decades, numerous regions across 

the world have experienced devastating wildfires, resulting in loss of lives, destruction of 

infrastructure, and severe ecological disturbances. The increasing severity of wildfires is attributed 

to various factors, including climate change, land management practices, and the accumulation of 

combustible vegetation. The study of wildfire severity is vital for several reasons. Firstly, severe 

wildfires can have long-lasting ecological impacts, altering vegetation patterns, disrupting wildlife 

habitats, and impairing ecosystem functioning. Secondly, they pose significant risks to human 

communities, affecting public health, damaging property, and causing economic losses. Thirdly, 

understanding wildfire severity can aid in the development of proactive strategies for fire 

management, including prevention, preparedness, and response.  

Many studies were reviewed in the wildfire severity study field. The studies were provided by 

using different satellite images including optical [2–5], thermal [6,7], lidar [8], and synthetic aperture 

radar (SAR) [6,9,10]. Most of them were optical satellite images including MODIS data, Sentinel-2, 

Landsat series images, and KOMPSAT-3A [11] caused by Shortwave Infrared (SWIR) bands for the 

calculation. The SAR images are Sentinel-1, ALOS-2 [12], and PALSAR-2 [13]. There is a paper using 

lidar data that evaluates the sensitivity of full-waveform LiDAR data to estimate the severity of 

wildfires using a 3D radiative transfer model approach [14]. However, these all studies using LiDAR, 

SAR, and Thermal satellite images are estimated with optical satellite images by comparing the 

burned severity area and recovery processes.  

Recovery of post-fire concepts is very important to this study phenomenon. There are some 

different approaches to define recovery processes including strong performance and suitability of the 

post-fire stability index [15], random forest classification models using the fire severity classes (from 

the Relativized Burn Ratio-RBR) as a dependent variable and 23 multitemporal vegetation indices 

[16], post-fire stream water responses observed in those watersheds [17], determined by multiple 

factors of forest's recovery rate after a wildfire, including fire severity, tree species characteristics, 

topography, hydrology, soil properties, and climate [18], compositing Tasseled Cap linear regression 

trend in a post-wildfire study site [19].  

Despite extensive research on wildfires, there are still gaps in our understanding of wildfire 

severity, especially in specific geographic regions or under certain climatic conditions. This study 

aims to address the gap by focusing on the severity assessment of wildfires in the Eastern Mongolian 

region, which is characterized by unique topographical features and a diverse range of vegetation 

types. By investigating the relationship between fire behavior, fuel characteristics, and climatic 

factors, we seek to enhance the accuracy and effectiveness of wildfire severity assessments in this 

region. 

Other issues are different areas and different phenomena within different natural zones in the 

world. We collected and reviewed a few studies in different study areas including Siberia, Russia 

[18,20,21], Indonesia [22], Canada [23,24], Australia [13,25–27], Spain [28], Portugal [8], 

Mediterranean [2,29–32], China [5,33–36], California and Alaska[37–39], US [40–44], Peru [9], Iran 

[45], Bolivia [46], Amazon of Brazil [47] and India [48]. The wildfire studies of each country had their 

characteristics.  

Mongolian wildfires have increased in the past caused of climate change which is intensively 

influenced by natural disasters and environmental conditions. Many studies studied this case such 

as determining fire history from tree rings for potentials and relationships between climate change, 

fire and land uses [49,50], effects of wildfire on runoff generating processes in mountainous forest 

areas [51], wildfire and climate change study for permafrost degradation [52], and wildfire risk 

mapping for protected areas [53]. There are other wildfire study cases for the Mongolian Plateau such 

as identified drivers and spatial distributions to predict wildfire probability [54], explored growing 

season [55], analysis of climate-fire relationships and evaluation of the spatial change characteristics 

[56], and analysis of spatiotemporal wildfire pattern by satellite images [57]. Some researchers 

determined the cost effects of monitoring vegetation changes in steppe ecosystems [58]. Most wildfire 

impact cases are across borderland areas between Mongolia-Russia-China moving to disaster [59,60].  
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The purpose of this study is to monitor the occurrence of fire disasters as a result of Sentinel-2 

satellite imaging technology, to determine the burned area with its classification and the recovery 

process effects in Eastern Mongolia. This study is based on our wildfire projects and a few direct 

Mongolian papers which are different study areas including forest [61] and steppe [62] wildfires with 

their recovery effects and processes.  

The remainder of this paper is structured as follows: Section 2 describes the analyzing methods 

for wildfire monitoring including spectral response for satellite images and statistical analyzing 

response; Section 3 presents a wildfire case study with study areas, data collection and processing; 

Section 4 discusses the results including estimation of Normalized Burn Ratio, identify burned areas, 

burn severity classification, and recovery after burn; the discussion is presented in Section 5; Finally, 

Section 6 summarizes the findings, discusses their implications, and suggests future research 

directions.  

2. Analyzing methods for wildfire monitoring 

Analyzing methods for wildfire monitoring includes two steps: spectral response for satellite 

images and statistical analyzing response. The spectral response for satellite images is based on NBR, 

dNBR, RBR, and NDVI indexes. The statistical analysis response is based on regression analysis.  

2.1. Spectral response for satellite images 

 It is important to sensor spectral information in satellite images. Remote sensing-based burn 

severity indices have been developed and used due to their simple computation and direct 

applications for image processing. Near-infrared (NIR) and Shortwave Infrared (SWIR) bands are 

useful for this study.     

Spatial and multitemporal NBR images are estimated proportion by difference and sum of NIR 

and SWIR (Band 9 and Band 12 of Sentinel-2, respectively) (Equation 1)(Figure 1). The NIR reflectance 

decreases owing to vegetation loss and the SWIR increases owing to a reduction in canopy humidity 

and shade [63].  

( )

( )

NIR SWIR
NBR

NIR SWIR

−
=

+
 (1) 

The differenced NBR is estimated by NBR values of pre-fire and post-fire (Equation 2). It 

considers the change amounts the burned area from the unburned area.  

pre fire post fire
dNBR NBR NBR− −= −  (2) 

The RBR is a variant of the dNBR that considers the relative amount of pre-to post-fire change 

by dividing dNBR by the pre-fire NBR value. This index was proposed to remove the bias due to the 

pre-fire vegetation type and density [64]. Equation 3 of the RBR index comes from a combination of 

Equation 1 and Equation 2.  

( )

( 1.001)pre fire

dNBR
RBR

NBR −

=
+

 (3) 

Remotely sensed vegetation indices have also been used to analyze post-fire recovery. 

Normalized Difference Vegetation Index (NDVI) is useful to estimate from Sentinel-2 imagery to 

monitor vegetation recovery and growth after successive fires. 

( )

( )

NIR RED
NDVI

NIR RED

−
=

+
 (4) 

The geographical scales (i.e., geometry, pixel size, and projection) of all estimated variable files 

should be in the same scales for the next statistical analysis response.  
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Figure 1. Healthy plant species reflect more energy in NIR but weakly in SWIR. This spectral 

characteristic is useful for detecting burned areas such as dead soil/plant material on forest floors. 

Source: US Forest Service. 

2.2. Statistical analysis response 

Regression analysis and scatter plots have been used for statistical analysis of responses. In this 

case, we tried to determine the phenomenon that the recovery processes are dependent on NBR from 

wildfire start to end of recovery.  

The correlation and regression analysis are obtained in this statistical method for the relationship 

between the indicator factors [65]. Pearson's correlation coefficient (r) indicates the correlation 

between two variables that determination by 
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where n  is the sample size; ix , iy  are the individual sample points indexed with i ; 
1

n

ii
x x

=
=

(the sample mean) and analogously for y . 

The regression analysis was used by linear regression and scatter plot graphs that were pointed 

in intercept and slope. It demonstrates that scattering distributions are changing the shapes and 

locations. These describe the phenomena that we want to see. A correlation and regression analysis 

were used to determine the relationships between NBR and NDVI during the recovery process. 

3. Wildfire case study 

3.1. Study Areas 

Shiliin Bogd Mountain is in Eastern Mongolia (45˚20 ́– 45˚40 ́N and 114˚20 ́– 115˚20 ́E; Figure 2-

1) in Sukhbaatar province on the border of Mongolia and China. The burned area is calculated at 

6879.67 km2 and elevation is between 1300 and 1800 m. The average annual temperature and 

precipitation of the whole range are 1.5-1.7˚C (mean maximum 30˚C in July, mean minimum -32.5˚C 
in January) and 200.6 mm. Precipitation follows a bimodal distribution, with maxima in June–
September and November–February. The rainiest months are July and August, with 150 mm on 

average, and the snowiest months are December and January, with 40 mm on average. Additionally, 

the driest present an increase in March to May, and September to November. 
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Figure 2. The sampled burned areas at Shiliin bogd mountain and sub-provinces of Bayan-Uul and 

Bayandun in Eastern Mongolia. Sentinel-2 satellite imagery on April 20, 2021, and May 01, 2020. 

The area of provinces of Bayan-Uul and Bayandun is in North-Eastern Mongolia (49˚15 ́– 49˚40 ́

N and 112˚30 ́– 113˚30 ́E; Figure 2-2) in Dornod province on the border of Mongolia and Russia. The 

burned area is calculated in 588.35 km2 and elevation is between 1100 and 1500 m. The average annual 

temperature and precipitation of the whole range are -1- 0.7˚C (mean maximum 20˚C in July, mean 
minimum -22˚C in January) and 250-400 mm. Precipitation follows a bimodal distribution, with 

maxima in June–September and November–February. The rainiest months are July and August, with 

300 mm on average, and the snowiest months are December and January, with 70 mm on average. 

Additionally, the driest present an increase in March to May, and September to November. 

The first sampled area is at old aged volcano mountains which is one side of the steppe of natural 

zones (Figure 3). The second sampled study area is a beautiful wildland that is on the other side of 

Khentii mountains and contains in forest-steppe of natural zones (experimental views in Figure 4). 

Therefore, those two sampled areas are the roles of two different natural zones of forest-steppe and 

steppe. This study imagines estimating the results of wildfires in different places and compares two 

different kinds of wildfires in natural zones. 

 

Figure 3. The experimental views of the sampled area at Shiliin bogd mountain. 
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Figure 4. The experimental views of the sampled area in the province of Bayan-Uul and Bayandun. 

Wildfires happen in the dry seasons of spring and fall of the year especially in the border zone 

of Mongolia. There are two kinds of legitimacy in this study. One of these wildfires comes from the 

Russian side. Another one is gone to the Chinese border side (Figure 2). 

3.2. Data collection and processing 

The Sentinel-2 satellite series has continually observed Earth since 2015 and accumulated an 

enormous number of time series images. Table 1 demonstrates the characteristics of the Sentinel-2 

satellite image. 

Table 1. Spectral bands characteristics and spatial resolution of Sentinel-2A MSI sensor. Source: ESA, 

2015. 

 Spectral Band 
Spatial resolution 

(nm) 

Centre Wavelength 

(nm) 

Band Width 

(nm) 

B1 Coastal aerosol 60 443 20 

B2 Blue 10 494 65 

B3 Green 10 560 35 

B4 Red 10 665 30 

B5 Vegetation red edge 20 704 15 

B6 Vegetation red edge 20 740 15 

B7 Vegetation red edge 20 781 20 

B8 NIR 10 834 115 

B8a Narrow NIR or NIR 2 20 864 20 

B9 Water vapour 60 944 20 

B10 SWIR – Cirrus 60 1375 30 

B11 SWIR 1 20 1612 90 

B12 SWIR2 20 2185 185 

Sixteen cloud-free Sentinel-2 of 2A and 2B images have been selected for this study, which were 

collected from April to September 2020 and 2021 (Table 2), respectively, and were acquired from ESA 

Sci-Hub. The Sentinel-2 satellite images were found better than Landsat-8 images. Therefore, 

Sentinel-2 was selected for image processing and demonstrated better information.    

In addition, a time series of satellite images is better to show from April to September of each 

year for two sampled areas.  

Table 2. Data collection of Sentinel-2 satellite images. 

Date of 1st sampled area Date of 2nd sampled area 

April 5, 2021 April 11, 2020 

April 20, 2021 April 16, 2020 

May 5, 2021 April 23, 2020 

May 15, 2021 May 01, 2020 
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July 19, 2021 May 08, 2020 

August 18, 2021 June 20, 2020 

September 17, 2021 July 22, 2020 

September 27, 2021 August 21, 2020 

4. Results 

The assessment and monitoring results of burn severity and recovery process of wildfire in 

Mongolia are analyzed in this section. Section 4.1 analyzed the defining normalized burn ratio by 

spectral bands. Section 4.2 identified the burned areas in the study sampled areas; Section 4.3 

analyzed burn severity classification; Section 4.4 monitored recovery processes post-fire. 

4.1. Estimation of Normalized Burn Ratio 

NBR was estimated on bands of satellite images which are time ranged from spring to fall. The 

NBR change of images of time series was demonstrated in Figure 5 which was calculated by Equation 

1.  

 

Figure 5. The estimated images of NBR which is compared on time series.  . 

When values of raster images were decreasing, it was colored red color. It means the burned 

level is the highest. When values are increasing, the color is going to green. It means the burned level 

is lower.  

The index of NBR is used to determine the burned area for the next.   

4.2. Identify burned areas 

NBR indices of before and after were used to identify burned areas for the RBR index. In the first 

study area, satellite images were selected on April 5, 2021, and April 20, 2021. In the second study 

area, satellite images were selected on April 11 and May 01, 2020, respectively. There are two satellite 

images which were between April 11, and May 01 of 2020. Because some clouds were on the images. 

It brings some difficulties in estimating the results for the dNBR index.        

The index of dNBR is calculated by making lower adjustments to NBR before the fire occurs to 

avoid miscalculation of the equation [66]. Figure 6 demonstrates the RBR index, which ranges 

coefficients between -1.37 and 1.19. It is colored values from blue to red. Positive values ranged from 

yellow color to red color, which means estimation of burned area. Negative values ranged from blue 

color to yellow color which means estimation of unburned area.  

As shown in Figure 6, the burned area is expected to reach 1164.27 square km in the first image 

and 588,35 square km in the second image.  

Burn severity classification was determined in the next chapter.       
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Figure 6. The estimation of dNBR which are defined damaged area on two sampled study area. 

4.3. Burn severity classification 

In the third proposed result, the burn severity is classified by RBR values of pre-fire and post-

fire. It helps aid in emergencies and to assess the recovery process post-fire. The burn severity is 

suggested by the United States Geological Survey (USGS), and it is shown in Table 3.  

Table 3. Burn severity classification criteria table (USGS). 

Severity level 
dNBR range  

(scaled by 103) 

dNBR range  

(not scaled) 

Enhanced regrowth, high (post-fire) -500 to -251 -0.500 to -0.251 

Enhanced regrowth, low (post-fire) -250 to -101 -0.250 to -0.101 

Unburned -100 to +99 -0.100 to +0.99 

Low severity +100 to +269 +0.100 to +0.269 

Moderate-low severity +270 to +439 +0.270 to +0.439 

Moderate-high severity +440 to +659 +0.440 to +0.659 

High severity +660 to +1300 +0.660 to +1.300 
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After the estimation of dNBR, the RBR is calculated by Equation 3 using the ratio of dNBR and 

NBRpre-fire. Then raster image of RBR was reclassified by values of dNBR range. It is demonstrated in 

Table 3. The RBR estimation raster images are shown in Figure 7. When RBRs of study areas are 

estimated in Figure 7, a comparison of RBR was differenced forest-steppe and steppe areas by colors. 

Forest-steppe area was burned more than the steppe area.    

 

Figure 7. The classification of burn severity on two sampled study areas. 

The burned total area was divided into 757.34 km2 (low severity - 65.00 percent), 404.57 km2 

(moderate-low severity - 34.70 percent), and 2.36 km2 (moderate-high severity-0.3 percent) in the first 

sampled area of steppe natural zone at Figure 7-a. The other burned total area was divided into 158.75 

km2 (low severity - 26.90 percent), 297.75 km2 (moderate-low severity - 50.61 percent), 131.25 km2 

(moderate-high severity - 22.31 percent), and 0.60 km2 (high severity - 0.10 percent) in second sampled 

area of forest-steppe natural zone at Figure 7-b.  

In this result of figures, the forest and mountain areas are burned more deeply than the steppe 

area. Because it depends on wind speed.   
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4.4. Recovery process after burn 

NDVI was estimated on RED and NIR bands of satellite images which time ranged from spring 

to fall. The NBR change of images of time series was demonstrated in Figure 8 which was calculated 

by Equation 4. 

 

 

Figure 8. The change detection of two sampled areas (a. Shiliin bogd mountain area of steppe and b. 

forest area on sub-provinces of Bayan-Uul and Bayandun) on time series. 

When values of raster images were decreasing, it was colored red color. It means vegetation 

distribution is the lowest. When values were increasing, the color was going to dark green. It means 

vegetation is distributed higher. Figure 8 demonstrates vegetation covers which are compared 

between the two sampled study areas. The vegetation distribution level of the forest area is higher 

than steppe area. In these two images, there aren’t worse influences on nature after burning. The 
vegetation has recovered better than before.  

In the special phenomena, vegetation grows during the time from spring to autumn for passing 

the years. The vegetation dries every autumn season for years. It accumulates a lot on the ground. 

Therefore, wildfire cleans to burn all accumulated and dried vegetation. The best thing is that nature 

cleans itself and the worst thing is human settlement reached damage for wildfire. But Mongolian 

wildfires are not like Australia, Russia, and the United States, they depend on wind speed and burn 

only the skin of trees. Damages are not 100 percent of burning (Figure 9). This is Mongolian wildfires 

different from other country’s wildfires. 

 

Figure 9. Experimental views of the recovering process at each sampled area. 
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5. Discussion 

First, RBR of wildfire severity results and NDVI of vegetation recovery process results have been 

estimated. These indexes are during the vegetation recovery process from the spring to autumn 

seasons. It means recovering processes and collected data in time series. Data of RBR and NDVI are 

at the same time. Therefore, the relationships between raster images of RBR and NDVI were 

calculated in Figures 10 and 11 by the separate natural zones including sampled steppe and forest-

steppe areas. We will the discussion on these relationships, which have particular natural laws on 

each figure.  

 

Figure 10. The relationships on scatter plots between NDVI and NBR in the recovery process in the 

first sampled steppe area. 

Figure 10 illustrates the scatter plot of the recovery processes of the first sampled steppe area. It 

is shown that the related scattering distributions, when were at April 5, April 20, May 5, May 15, July 

19, August 18, September 17, and September 27 in 2021. The burned date was exactly April 18, 2021. 

There are the coefficients of intercepts and slopes, which were 0.13, 0.13, 0.15, 0.20, 0.38, 0.37, 0.40, 

and 0.39 with increased, which were -0.14, 0.08, -0.12, 0.025, 0.82, 0.77, 0.59, and 0.54, respectively.  

In addition, correlation coefficients are calculated in Figure 10, which were 0.13, 0.16, 0.16, 0.004, 

0.61, 0.54, 0.33, and 0.29, respectively. The first three plots have a negative correlation with healthy 

vegetation covers. But the exact burning date plot is in Figure 10-b. Therefore, it is lower than beside 

plots. Then, it is increased till the autumn season. When the last 2 month’s vegetation is getting 
yellow-colored in satellite images, the correlation is decreased. Dates were in September.   

 

Figure 11. The relationships on scatter plots between NDVI and NBR in the recovery process in the 

first sampled forest-steppe area. 
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Figure 11 illustrates the scatter plot of the recovery processes of the first sampled forest-steppe 

area. It is shown that the related scattering distributions, when were at April 11, April 16, April 23, 

May 1, May 8, June 20, July 22, and August 21 in 2020. Burned date was started from April 15 and 

continued to May 1, 2021. There are the coefficients of intercepts and slopes, which were 0.23, 0.13, 

0.22, 0.21, 0.23, 0.26, 0.38, and 0.41 with increased, which were 0.47, -0.13, 0.14, 0.087, 0.093, 0.89, 0.74, 

and 0.62 with increased, respectively.  

In addition, correlation coefficients are calculated in Figure 11, which were 0.24, 0.04, 0.095, 

0.043, 0.037, 0.69, 0.90, and 0.74, respectively. The second plot has a negative correlation with healthy 

vegetation covers. But the exact burning date plot is in Figure 11-b. Therefore, it is negative. Then, it 

is increased till the autumn season. When last month’s vegetation is getting yellow-colored in satellite 

images, the correlation is decreased. Dates were at the end of August.   

The plots of each figure demonstrate that the difference between the plots of Figure 10 is lighter 

scattered than the plots of Figure 11. This means the forest-steppe natural zone has more fire severity 

than the steppe natural zone. Both are recovered 100 percent at the end of the summer season itself 

and naturally.  

6. Conclusions 

Finally, we conclude that Mongolian wildfires are increasingly caused by relating with climate 

change. But there are interesting phenomena of wildfires in Natural zones. Site selection was 

demonstrated in two different natural zones including forest-steppe and steppe areas. The wildfire 

severity of the forest-steppe zone is higher than the wildfire severity of the steppe zone. The wildfires 

of the steppe area were influenced by winds. The winds are stronger than the wind of forest-steppe 

areas. Therefore, wildfires in the steppe are burning light severity.  

In the recovery process, there are no effects on the sites with vegetation growing. The quality of 

vegetation cover has grown better than before the wildfire. But the cover percentage is lighter than 

before the wildfire. Only tree bark and skin are affected by wildfire in forest-steppe areas. Therefore, 

wildfire is damaged in estimation after recovery processes. But if there was human property in the 

wildfire process, damages would be increased. Wildfire hazards are not very harmful in Mongolia.  

This research has innovated successful new findings in Mongolian wildfire research. In addition, 

the next research will be based on this research and continue this wildfire study.  
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