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SUMMARY  

The objective of this research is to inspect areas burned by a forest fire in 

Doi Suthep-Pui National Park in Muang District, Chiang Mai Province, Thailand, 

with data from the Landsat 8 satellite and Normalized Burn Ratio (NBR). The 

research was conducted by analyzing data from the Landsat 8 satellite between 

2017 and 2021 in pre- and postfire periods. Data were analyzed using NBR 

before analyzing to find burning areas through ∆NBR. The accuracy of results 

was evaluated point by point using false color composites (7(R),5(G),4(B)) by 

creating 60 random points. Analysis results revealed that accuracy in the study 

period was 81.66%, 81.66%, 83.33%, 81.66%, and 86.66%, respectively. 

Moreover, when inspecting the consistency of analysis results using the Kappa 

statistic, it was found that, during the study period, the Kappa coefficient was 

0.78, 0.81, 0.82, 0.82, and 0.84, respectively. As a result, it could be concluded 

that false color composites (7(R), 5(G), 4(B)), NBR, and ∆ NBR can reliably and 

consistently be used for specifying areas burned by forest fires. Relevant agencies 

can apply this case study to inspect further burning areas caused by forest fires. 

Keywords: Remote Sensing, Doi Suthep-Pui National Park, Forest Fire, 

Normalized Burn Ratio, Landsat 8 

 

INTRODUCTION 
Forest fire refers to a fire that spreads throughout the natural forest or 

forestry plantations independently without control. A forest fire cannot be caused 

if the following three factors, Fire Triangle (Linta et al., 2021), are lacking. There 

are two fundamental causes of forest fires including (1) natural causes, such as 

lightning, friction between branches, volcanic eruption, clash of stones, the 
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incidence of sunlight to quartz, sunlight shining through water droplets, a 

chemical reaction in a swamp forest, spontaneous combustion of living creatures) 

and (2) anthropogenic causes, for example, forest product collection, ignition, and 

negligence (Ruthamnong, 2019). The rapid population growth increases the need 

to utilize forest resources; therefore, forests are reclaimed as agricultural and 

residential areas. The expansion of communities destroys forests rapidly 

(Department of National Parks, Wildlife and Plant Conservation, n.d.). The 

remaining forest areas are degenerated and transformed into forests with lower 

humidity, for example, mixed forests, deciduous forests, and forests with large 

amounts of grass or meadow that can fuel forest fires (Untamedscience, n.d.). 

Furthermore, poverty in rural areas forces people to increasingly rely on 

forests for living by collecting forest products, hunting wild animals, or clearing 

forests for farming. These activities require fire, so they become the causes of 

forest fires. Consequently, the frequency and severity of forest fires are capable 

natural mechanisms that adjust themselves to balance the forest ecosystem 

(Urbancreature, 2021; 3armyarea-rta, n.d.). For this reason, forest fires cause 

severe damage to forests and the environment. Currently, the frequency of forest 

fires in Thailand has sharply increased, becoming a factor disturbing ecosystem 

balance. Significant impacts of forest fire are: 1) impact on soil, forest, water, and 

wild animals as well as small creatures in forests; 2) impact on assets, health, 

human life, economy, society, and tourism; and 3) impact on global climate 

(Baankluayonline, 2020). Subsequent impacts cause severe drought in the rainy 

season, off-season rain, and flooding. As a result, forest fire has become an 

internationally significant problem that is currently realized by all sectors 

(Flannigan et al., 2000). 

Doi Suthep-Pui National Park has forest and mountain areas. Around 70% 

of the total area consists of granite mountains and limestone mountains covered 

by various kinds of forest, including hill evergreen forest, dry evergreen forest, 

mixed forest, deciduous forest, and deciduous forest mixed with coniferous 

forest. Forested areas consist of natural forests, forestry plantations, and naturally 

restored forests (Chiang Mai Provincial Office, 2021). Each year, the number of 

forests is decreased by 0.02% (Kongmeesup, 2020) due to several causes, mainly 

deforestation and forest fire. Forest fires impact southern Thailand every year, 

especially during the dry season from the beginning of November to the end of 

April (Panyakam & Pongsawat, 2022). Forest fire mainly occurs in mixed forest, 

deciduous forest, and forestry plantations (Royal Forest Department, n.d.), so it is 

necessary to build firebreaks in these areas and encourage cooperation with local 

people regarding forest burning to reduce the severity of forest fire and smoke 

caused by forest burning (Gnews, n.d.). In addition to data from land surveys, 

remote sensing technology can be used to evaluate burning forest areas (Boer et 

al., 2009; Mohammadi et al., 2014; Tariq et al., 2021a and Tariq et al., 2021b). 

Currently, remote sensing technology, such as satellite data, is rapidly and 

efficiently developing (Debbarma and Debnath, 2021; Potić et al., 2021 and 

Thangaraj and Karthikeyan, 2021). Remote sensing technology contains basic 
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physics principles on an electromagnetic wave used as media to obtain data 

without direct contact with objects (ESA, 2016; Elachi and Zyl, 2021; University 

of Lucknow, n.d.). Moreover, remote sensing technology can record data from 

vast areas at a lower cost than land surveying (Laosuwan et al., 2016; 

Rotjanakusol and Laosuwan, 2018a; Rotjanakusol and Laosuwan, 2018b; 

Rotjanakusol and Laosuwan, 2019; Prohmdirek et al., 2020; Uttaruk and 

Laosuwan, 2020; Jomsrekrayom et al., 2021, Sangpradid et al., 2021; Suriya et 

al., 2021; Uttaruk et al., 2022). 

 

MATERIAL AND METHODS 

Research area  

Doi Suthep-Pui National Park (Figure 1) is located in Muang Chiang Mai 

District, Mae Rim District, and Hang Dong District, with a total area of 261 km
2
 

(Thai National Parks, 2023) and consisting of a plentiful forest. Although it is 

located near Chiang Mai's downtown, most forest areas are on complex mountain 

ranges, such as Doi Suthep and Doi Pui. The general climate of Doi Suthep-Pui 

National Park is influenced by southwest monsoon-blowing humidity and clouds 

causing rain and northeast monsoon blown from China causing coldness and 

drought. 

 

 
 

Figure 1. Research area 

 

Satellite Data 

The Landsat 8 satellite was launched on May 30
th
, 2013, under the 

management of the United State Geological Survey (USGS). It orbits 705 km 

above the earth's surface with two types of recording devices, including an 

Operational Land Imager (OLI) (30 m) and a Thermal Infrared Sensor (TIRS) 

(100 m), and repeats coverage every 16 days. It consists of 11 bands, and the first 

to seventh and ninth bands consist of wavelengths ranging from 0.43–0.45 µm 
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(Coastal Aerosol), 0.45–0.51 µm (Blue), 0.53–0.59 µm (Green), 0.64–0.67 µm 

(Red), 0.85–0.88 µm (Near Infrared: NIR), 1.57–1.65 µm (SWIR 1), 2.11–2.29 

µm (SWIR 2), and 1.36–1.38 µm (Cirrus) with a spatial resolution of 30 meters. 

The eighth band has a wavelength from 0.50–0.68 µm (Panchromatic) with a 

spatial resolution of 15 m. The tenth and eleventh bands have wavelengths from 

10.60–11.19 µm (Thermal Infrared 1, TIRS 1) and 11.50–12.51 µm (TIRS 2) 

with a spatial resolution of 100 m (USGS, 2022). This research was conducted by 

analyzing data obtained from the Landsat 8 satellite (https://earthexplorer.usgs. 

gov/) from December 2017 to 2021 in the pre-fire and from March 2017 to 2021 

postfire periods. 

 

Conversion of Digital Number as Reflectance 
Conversion of Digital Number as Reflectance is considered the process of 

data preparation before conducting analysis (pre-processing) by converting 

Digital Number (DN) obtained from Landsat 8 to Reflectance by using Equation 

1 (Ruthamnong, 2019). Subsequently, obtained data were calculated to find 

adjustments with sun elevation, as shown in Equation 2 (Ruthamnong, 2019). 

 

ρλ′=Mρ.Qcal+Aρ (1) 

 

Where: 

ρλ′= TOA planetary reflectance, without correction for solar angle 

Mρ=Band-specific multiplicative rescaling factor from the metadata 

(REFLECTANCE_MULT_BAND_x, where x is the band number) 

Aρ=Band-specific additive rescaling factor from the metadata 

(REFLECTANCE_ADD_BAND_x, where x is the band number) 

Qcal=Quantized and calibrated standard product pixel values (DN) 

 

ρλ=(ρλ′/cos(θSZ))=(ρλ′/sin(θSE)) (2) 

 

Where: 

ρλ=TOA planetary reflectance 

θSE=Local sun elevation angle. The scene center sun elevation angle in 

degrees is provided in the metadata (SUN_ELEVATION). 

θSZ=Local solar zenith angle; θSZ = 90°-θSE 

 

Normalized Burn Ratio (NBR) Analysis 

NBR is a kind of index designed to find burning areas and evaluate fire 

severity. This method is similar to the Normalized Difference Vegetation Index 

(NDVI), but NBR use of the wavelength of Near Infrared (NIR) and Short Wave 

Infrared (SWIR), as shown in Equation 3 (Keeley, 2009). This method will give 

plants high Reflectance in Near Infrared (NIR) and low Reflectance in Short 

Wave Infrared (SWIR). On the other hand, the burning area will have low 

Reflectance in Near Infrared (NIR) and high Reflectance in Short Wave Infrared 
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(SWIR). Generally, high NBR indicates a small number of plants, empty spaces, 

and burning areas. This research analyzed data obtained from Landsat 8 satellite 

in pre-fire and postfire periods using Normalized Burn Ratio (NBR). 

Subsequently, burning areas were analyzed using ∆NBR, as shown in Equation 4 

(Smith et al., 2007). 

 

NBR=(NIR-SWIR)/(NIR+SWIR) (3) 

 

Where: 

NIR=Near-infrared (NIR) reflectance 

SWIR=Shortwave-infrared (SWIR) reflectance 

 

∆NBR=NBR pre-fire - NBR postfire (4) 

 

Where: 

∆NBR=NBR difference value 

NBR pre-fire=NBR value before the fire 

NBR postfire=NBR value after fire 

 

Validity assessment  

False color composite 

A false-color composite was created to inspect the validity of burning areas 

caused by forest fires. Data obtained from Landsat 8 satellite were used for 

creating a false-color composite by mixing red, green, and blue wavelengths with 

SWIR NIR and Red (false color composite: 7(R),5(G),4(B)) wavelength. This 

kind of false color composite can show burning areas clearly with purple to dark 

purple in the manner of spreading from the center of a forest fire or the direction 

of active spreading shown with orange to red. Forest areas were shown with 

green, deciduous forest areas with light purple, pink, and white, and open areas 

with white, pink, or light orange. Water sources were shown with dark blue, and 

agricultural areas were shown with white, light green, or dark green based on 

types of appearance of plants and the density of cover crops (Uttaruk et al., 

2022). 

Random forest 

Random forest is a machine-learning model developed from decision tree. 

Random forest adds the number of trees giving more efficiency and accuracy 

(Belgiu and Dragut, 2016; Deur et al., 2020). Currently, random forest is highly 

preferred (Phiri et al., 2018). The principle of random forest is building a model 

from various sub-models of decision trees. While performing prediction, each 

decision tree will perform predictions, and the prediction results can be calculated 

by voting output that is mainly selected by decision tree in case of classification 

or finding the mean from each decision tree's output in the case of regression 

(Pal, 2005). In this research, the sample size was calculated before sampling 

representatives of burning areas in the research area by using random points 
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through random forest in the ArcGIS program. Subsequently, data from sample 

groups were classified into two types: points of burning areas and non-burning 

areas for evaluating accuracy.  

Consistency Test with Kappa  

The Kappa coefficient, or Cohen's Kappa coefficient as it is officially 

known (Banko, 1998), is the statistic used for testing the consistency level in two 

data groups. In some cases, it may be used for comparing the evaluation of the 

same dataset from two evaluators. In comparison, the Kappa coefficient is not 

required to be based on the hypothesis that interested data were distributed using 

normal distribution or non-parametric statistics. Results obtained from the Kappa 

coefficient explained the consistency of the two datasets. 

 

RESULTS AND DISCUSSION 

Results of False Color Composite for Inspecting Burning Areas 

Results of the analysis on burning areas caused by forest fires between 

2017 and 2021 through data obtained from Landsat 8 satellite were used for 

creating false color composite by mixing colors in red, green, and blue 

wavelength with SWIR NIR and Red (false color composite: 7(R),5(G),4(B)) 

wavelength in pre-fire and postfire periods based on NBR and ∆NBR. Moreover, 

the accuracy of burning areas caused by forest fires was tested by using random 

points with 60 points. Analysis results are shown in Figure 2. 

From Figure 2, it was found that false color composite 7(R),5(G),4(B) 

created from data obtained from Landsat 8 satellite for inspecting burning areas 

caused by forest fire was shown in purple to dark purple in the manner of 

spreading from the center of a forest fire or the direction of active fire's spreading 

that were shown with orange to red. Forest areas were shown with green. 

Deciduous forest areas were shown with light purple, pink, and white. Open areas 

were shown with white, pink, or light orange. Water sources were shown with 

dark blue, and agricultural areas were shown with white, light green, or dark 

green based on the types and appearance of plants and the density of cover crops. 

Moreover, when analyzing the results of false color composite 7(R), 5(G), 

and 4(B) from Landsat 8 satellite data with ∆NBR through 60 random points, it 

was found that there were 49 points of 60 points of burning areas that were results 

of analysis on ∆NBR in 2017 calculated to be 81.66%. 

Results of the analysis on ∆NBR in 2018 revealed that 49 points of 60 

points of burning areas were calculated to be 81.66%. Results of the analysis on 

∆NBR in 2019 revealed that there were 50 points out of 60 points of burning 

areas calculated to be 83.33%. Results of the analysis on ∆NBR in 2020 revealed 

that 49 points of 60 points of burning areas were calculated to be 81.66%. Results 

of the analysis on ∆NBR in 2021 revealed that there were 52 points out of 60 

points of burning areas calculated to be 86.66%. 
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NBR pre-fire in 2017 NBR postfire in 2017 ∆NBR in 2017 

   
NBR pre-fire in 2018 NBR postfire in 2018 ∆NBR in 2018 

   
NBR pre-fire in 2019 NBR postfire in 2019 ∆NBR in 2019 

   
NBR pre-fire in 2020 NBR postfire in 2020 ∆NBR in 2020 
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NBR pre-fire in 2021 NBR postfire in 2021 ∆NBR in 2021 

   
Figure 2. NBR pre-fire, NBR postfire, and ∆NBR between 2017 and 2021 

 

Results of False Color Composite for Inspecting Burning Areas 

In this research, results of analysis on data obtained from Landsat 8 

satellite (false color composite) and ∆NBR between 2017 and 2021 were tested 

on consistency using Kappa. From a total of 60 random points, they were divided 

into 20 points of burning areas, 20 non-burning areas, and 20 forest areas. 

Random points were determined by creating random points in the ArcGIS 

program (Data Management Tools > Feature Class > Create Random Points) 

(ArcGIS Desktop, 2021) and comparing them with point-by-point by visual 

analysis. Results of the consistency test with Kappa are shown in Table 1. 

From ∆NBR 2017 data, it was found that overall accuracy was 81.66%. It 

was also found that the Kappa coefficient was 0.78. When considering the class 

of the burning areas, it was found that the producer's accuracy was 73.91%, with 

an omission error of 26.09%, a user's accuracy of 85%, and commission error of 

15%. 

From ∆NBR 2018 data, it was found that overall accuracy was 81.66%. It 

was also found that the Kappa coefficient was 0.81. When considering the class 

of burning areas, it was found that the producer's accuracy was 78.94 %, with an 

omission error of 21.06%, a user's accuracy of 75%, and commission error of 

25%. 
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Table 1. Consistency test with Kappa 
∆NBR in 2017 

∆NBR Forest area Non-forest area Burning area Sum 

User's 

accuracy 

 

Forest area 17 1 2 20 85% 

Non-forest area 1 15 4 20 75% 

Burning area 1 2 17 20 85% 

Sum 19 18 23 60  

Producer's accuracy 89.47% 83.33% 73.91% 

Kappa statistics 0.78 

∆NBR in 2018 

∆NBR Forest area Non-forest area Burning area Sum 

User's 

accuracy 

 

Forest area 18 1 1 20 90% 

Non-forest area 1 16 3 20 80% 

Burning area 3 2 15 20 75% 

Sum 22 19 19 60  

Producer's accuracy 81.81% 84.21% 78.94% 

Kappa statistics 0.81 

∆NBR in 2019 

∆NBR Forest area Non-forest area Burning area Sum 

User's 

accuracy 

 

Forest area 17 2 1 20 85% 

Non-forest area 2 18 0 20 90 

Burning area 1 4 15 20 75% 

Sum 20 24 16 60  

Producer's accuracy 85% 75 93.75% 

Kappa statistics 0.82 

∆NBR in 2020 

∆NBR Forest area Non-forest area Burning area Sum 

User's 

accuracy 

 

Forest area 16 1 3 20 80% 

Non-forest area 5 14 1 20 70% 

Burning area 0 1 19 20 95% 

Sum 21 16 23 60  

Producer's accuracy 76.19% 87.5% 82.60% 

Kappa statistics 0.84 

∆NBR in 2021 

∆NBR Forest area Non-forest area Burning area Sum 

User's 

accuracy 

 

Forest area 18 0 2 20 90% 

Non-forest area 1 16 3 20 80% 

Burning area 0 2 18 20 90% 

Sum 19 18 23 60  

Producer's accuracy 94.73% 88.88% 78.26% 

Kappa statistics 0.82 
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From ∆NBR 2019 data, it was found that overall accuracy was 83.33%, 

and it was also found that the Kappa coefficient was 0.82. When considering the 

class of burning areas, it was found that the producer's accuracy was 93.75%, 

with an omission error of 6.25%, a user's accuracy of 75%, and a commission 

error of 25%. 

From ∆NBR 2020 data, it was found that overall accuracy was 81.66%. It 

was also found that the Kappa coefficient was 0.84. When considering the class 

of burning areas, it was found that the producer's accuracy was 82.60%, with an 

omission error of 17.40%, a user's accuracy of 95%, and commission error of 5%.  

From ∆NBR 2021 data 2022, it was found that overall accuracy was 

86.66%. It was also found that the Kappa coefficient was 0.82. When considering 

the class of burning areas, it was found that the producer's accuracy was 78.26%, 

with an omission error of 21.74%, a user's accuracy of 90%, and commission 

error of 5%. 

The burning index that uses 2 data periods before and after the burning 

area is analyzed, such as the ∆NBR index, provides the results of the analysis of 

the burning area that is more accurate than using data at a single period to 

calculate. Schepers et al. (2014) and Liu et al. (2020) concluded that the burning 

index was used from satellite images recorded during the visible and near-

infrared waves. Intense than the combustion index that uses the near-infrared 

wave with middle infrared. In addition, the accuracy of the analysis of the 

combustion area depends on the selection of the index that uses the wave range to 

analyze the appropriate combustion space, with the time of the analyzed data 

must be appropriate as well. 

However, if the rehabilitation of the burned area, there should be a distance 

between the data that is analyzed and compared with the NBR and the ∆NBR 

index and, therefore, should be more than one year apart because it will be able to 

monitor the rehabilitation, including the violence of combustion. In addition, this 

study is in line with the research on “A New Metric for Quantifying Burn 

Severity: The Relativized Burn Ratio” (Parks et al., 2014), the study “Evaluation 

of Spectral Indices for Assessing Fire Severity in Australian Temperate Forests” 

(Tran et al., 2018), and The study “Evaluating the Differenced Normalized Burn 

Ratio for Assessing Fire Severity Using Sentinel-2 Imagery in Northeast Siberian 

Larch Forests” (Delcourt et al., 2021), concluded that NBR and ∆NBR can 

identify burning areas caused by forest fire effectively. 

 

CONCLUSIONS 

Usually, in the event of any combustion caused by any cause, poor 

management or control may lead to spreading. After burning, the soil's color will 

be changed to grey or even black due to heat on the soil caused by the burning of 

leaves or scraps from harvesting crops that covers the soil. After burning, these 

fuels will leave black soot and ashes. If satellite data are used for inspecting areas 

after the scene, burned areas will be able to be visually observed and separated 

more clearly. However, visual interpretation may be insufficient to survey and 
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inspect for assess damages because each wildfire can cause massive damage. As a 

result, researchers and related persons often use data from aerial photography or 

satellite to inspect or assess initial damages. This research aims to apply 

Normalized Burn Ratio (NBR), and Difference Normalized Burn Ratio (∆NBR) 

because many researchers have applied them to analyze burned areas via satellite 

data. Normalized Burn Ratio, or NBR, was designed to focus on burned areas, 

and its calculation was similar to that of the Normalized Difference Vegetation 

Index (NDVI). However, NBR uses Nir Infrared (NIR) and Short Wave Infrared 

(SWIR) because plentiful plants will have a high reflection in NIR wavelength, 

but its reflection will be low in SWIR wavelength. Therefore, we can separate 

burned areas from other areas correctly. 

This research was conducted to inspect burning areas caused by forest fires 

in the national park through data obtained from Landsat 8 satellite and 

Normalized Burn Ratio in the area of Doi Suthep-Pui National Park in Muang 

Chiang Mai District, Mae Rin District, and Hang Dong District in Chiang Mai 

province during 2018–2021. The study concluded that data from Landsat 8 

satellite and Normalized Burn Ratio could specify burning areas that occurred in 

the research area and false color composite 7(R), 5(G), 4(B), NBR, and ∆NBR 

from data obtained from Landsat 8 satellite could represent burning areas. 

Moreover, results of the consistency test with Kappa between 2018 and 2021 

revealed high accuracy, with an overall accuracy of 81.66%, 81.66%, 83.33%, 

81.66%, and 86.66%, respectively. In addition, it was also found that the Kappa 

coefficient was 0.78, 0.81, 0.82, 0.82, and 0.84, respectively. Anyone interested 

and related agencies could efficiently apply this method to inspect further burning 

areas caused by forest fires. 
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