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Abstract 

Wildfire detection and burn scar mapping in the mountainous areas of Northern Thailand remain challenging 

due to cloud cover, smoke, revisit intervals, and complex terrain, making index and sensor selection critical 

for reliable fire monitoring. This study aimed to evaluate and compare the performance of three remote sensing 

indices for classifying Active Fire and Burn Scar areas in Chiang Mai Province, Thailand, and to identify the 

most appropriate index and satellite platform for each burned area category. The tested indices included the 

Burned Area Index (BAI) derived from Landsat 8–9 and Sentinel-2 imagery, the Burned Area Index for Sentinel-

2 (BAIS2), and the Normalized Burn Ratio Thermal (NBRT) derived from Landsat 8–9 imagery. Reference 

areas were prepared by visual interpretation of false-color composite images, supported by hotspot data and 

wildfire suppression coordinates. Optimal index ranges were determined using a statistical thresholding 

approach, and classification accuracy was assessed using error matrices. NBRT from Landsat 8–9 performed 

best for active fire detection, with an optimal range of -0.289–0.260, a thematic coverage of 70.54%, and an 

Overall Accuracy of 88.16%. NBRT also classified burn scars effectively, with an optimal range of 0.326–0.543, 

a thematic coverage of 77.14%, and an Overall Accuracy of 91.84%. The Sentinel-2 reflectance-based indices 

did not provide reliable active fire classification under the applied thresholding approach, possibly because 

they lack the thermal infrared data needed to capture fire-emitted heat. For burn scar mapping, BAIS2 showed 

the highest performance, with an optimal range of 0.860–1.031, a thematic coverage of 77.14%, and an Overall 

Accuracy of 96.58%. These findings demonstrate that an index effective for burn scar mapping is not 

necessarily suitable for active fire detection, underscoring the need to match index and sensor selection to the 

intended monitoring objective. 
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1. Introduction 

Wildfires are a natural phenomenon in many parts of 

the world and occur due to both natural processes and 

human activities. The role of fire differs among 

ecosystems and regions. Fires caused by lightning 

are an important natural occurrence of fire in boreal 

and temperate forest ecosystems [1]. In contrast, 

many wildfires in tropical regions and Southeast Asia 

are often associated with human activities such as 

agricultural burning, land preparation for cultivation, 

and forest clearing or land-use conversion [2] and 

[3]. Climate change has led to increasingly severe 

and prolonged fire-conducive weather conditions, 

while land-use change and human activities continue 

to influence fire occurrence patterns in different 

regions [2] and [4].  

This trend is evident in Thailand, where wildfires 

remain a persistent issue. According to the 

Department of National Parks, Wildlife and Plant 

Conservation, the cumulative burned area in 

Thailand during 1992–2021 was approximately 

79,952 km², with most affected areas concentrated in 

the northern region [5]. A 2024 report by the Geo-

Informatics and Space Technology Development 

Agency (GISTDA), based on VIIRS hotspot data 

recorded from January to May 2024, identified 

Chiang Mai, Mae Hong Son, and Tak as the 
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provinces with the highest cumulative numbers of 

hotspots [6]. Approximately 70% of all detected 

hotspots were located within forested areas, 

indicating that forests were the primary locations 

affected by wildfires during the reporting period. 

Hotspot data have been widely used as supporting 

information for spatial wildfire monitoring. VIIRS 

hotspots represent locations where satellite sensors 

detect thermal anomalies and provide valuable 

information for near-real-time fire monitoring. 

However, detection capability depends on several 

factors, including the spatial resolution of the sensor, 

fire size, cloud cover, smoke conditions, and satellite 

overpass timing [7] and [8]. These limitations, VIIRS 

hotspot data remain an important supporting dataset 

for wildfire monitoring and spatial wildfire 

management. 

Satellite-based wildfire monitoring plays an 

important role in burned area mapping, active fire 

detection, and post-fire impact assessment, 

particularly in large and inaccessible areas. Satellite 

image-derived indices have been widely used for 

monitoring burned areas and assessing burn severity 

such as Burned Area Index (BAI) [9], Burned Area 

Index for Sentinel-2 (BAIS2) [10], differenced 

Normalized Burn Ratio (dNBR) [11] and 

Normalized Burn Ratio Thermal (NBRT) [12]. 

During 2020–2026, several studies were conducted 

to evaluate and compare spectral Indices for burned 

area mapping, active fire detection, and burn severity 

assessment by using Sentinel-2 and Landsat in many 

contexts [13] [14] [15] and [16]. For instance, 

Sentinel-2 imagery and NBR-based GIS analysis 

have been used to support burned area detection and 

mapping at the study-area scale [17].  

However, many studies continue to use dNBR, 

which is calculated from the difference in NBR 

values between pre-fire and post-fire images [18] 

[19] and [20]. Although this approach is effective for 

burn severity assessment, it requires cloud-free 

imagery acquired both before and after fire 

occurrence, as well as appropriate image acquisition 

timing. In practice, such data may not be available 

for all periods. While the combined use of Landsat 8 

and Landsat 9 reduces the Landsat revisit interval to 

approximately 8 days, and Sentinel-2 provides a 

revisit interval of approximately 5 days [21] and [22], 

image availability remains dependent on satellite 

acquisition paths, cloud conditions, and the timing of 

fire occurrence in each area. Image differencing 

approaches based on two acquisition dates may have 

limitations for timely wildfire detection in many 

regions. 

 

 

In response to these limitations, studies 

conducted in recent years have developed 

approaches for burned area analysis using more 

diverse and technical indices and techniques. These 

include the use of Sentinel-2-derived indices 

combined with thresholding approach for mapping 

burned area [23], the assessment of post-fire damage 

and vegetation recovery using spectral indices and 

machine learning techniques [24] and [25], the 

integration of Sentinel-2 and Landsat data for 

regional wildfire mapping [26], as well as the 

comparison of indices and machine learning methods 

for burned area classification [27] [28] and [29]. 

Nonetheless, direct Active Fire detection using 

Sentinel-2 data normally requires specialized 

classification methods, such as active-fire detection 

frameworks or deep learning approaches, rather than 

the direct application of conventional burned area 

indices [30]. Consequently, studies evaluating and 

comparing the performance of BAI, BAIS2, and 

NBRT for the classification of Active Fire and Burn 

Scar from single-date imagery in mountainous 

tropical forest environments remain limited, 

especially for studies that systematically compare all 

three indices under separate Active Fire and Burn 

Scar classification frameworks in the context of 

northern Thailand. 

The selection of BAI, BAIS2, and NBRT in this 

study was based on different comparative rationales. 

BAI is a widely used index for burned area 

classification based on the red and near-infrared 

(NIR) bands [9]. In contrast, BAIS2 is an index 

developed specifically for Sentinel-2, utilizing the 

red-edge, NIR, and shortwave infrared (SWIR) 

bands, which are sensitive to changes in vegetation 

and surface conditions following fire [10]. NBRT, on 

the other hand, was developed as an extension of 

NBR by incorporating thermal infrared data into the 

calculation [12]. This index was applied only to 

Landsat 8–9 imagery because it requires a thermal 

infrared band, which Sentinel-2 does not provide. 

Therefore, it is suitable for evaluating the 

contribution of thermal data to the classification of 

Active Fire. The comparison of these three indices 

provides an opportunity to evaluate the differences 

between reflectance-based indices and an index 

incorporating thermal data for the classification of 

Active Fire and Burn Scar. Accordingly, this study 

aims to evaluate the performance of BAI, BAIS2, and 

NBRT derived from Sentinel-2 and Landsat 8–9 

satellite data for the classification of two burned area 

classes, namely Active Fire and Burn Scar, using 

single-date imagery in the mountainous tropical 

forest areas of Chiang Mai Province, Thailand.  
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The study also seeks to determine the optimal index 

ranges for application within the study area.  A key 

feature of this study is the direct classification of 

Active Fire and Burn Scar from single-date imagery 

without the need for pre-fire imagery. The study 

compares indices derived from different spectral 

regions and sensor characteristics, namely BAI, 

BAIS2, and NBRT, within the same study area. 

 

2. Methodology 

2.1 Study Area 

The study was conducted in Chiang Mai Province 

(Figure 1), located in Northern Thailand. It covers an 

area of approximately 20,107 km2, making it the 

largest province in the north and the second largest 

province in the country. The province consists of two 

major topographic zones: Mountainous areas, which 

account for approximately 80% of the province and 

are primarily watershed forests, unsuitable for 

cultivation, and Foothill plains spanning from north 

to south. The province’s total forest area is 15,403.77 

km², which constitutes 69.59% of the total provincial 

area, and 9.39% of Thailand’s total forest area. 

Chiang Mai is home to diverse types of forests 

including hill evergreen forest, dry evergreen forest, 

mixed deciduous forest, dry dipterocarp forest, 

mixed deciduous-coniferous forest, and dry 

dipterocarp forest. The forest areas comprise natural 

forests, forest plantations, and regrowth forests. 

Additionally, agricultural land covers 12.82% 

(2,936.68 km²) of the area, while residential and 

other lands cover 17.26% (3,468.75 km²) [31]. 
 

2.2 Data Collection 

To study applicable indices for detecting active fire 

and burn scar areas in Chiang Mai, the following data 

were used: 

 

2.2.1 Hotspot data 

Hotspot data for Chiang Mai Province during 2019–

2023 were obtained from the Geo-Informatics and 

Space Technology Development Agency (Public 

Organization) (GISTDA). The dataset was derived 

from thermal anomaly detections by the Visible 

Infrared Imaging Radiometer Suite (VIIRS) sensor at 

a spatial resolution of 375 m and is used for wildfire 

monitoring. These data were analyzed together with 

wildfire suppression coordinates collected in Chiang 

Mai Province during the same period by the Forest 

Fire Control and Operations Division, Protected Area 

Regional Office 16 (Chiang Mai). The suppression 

coordinates were derived from field-based wildfire 

suppression operations conducted by field officers 

and were used to support the identification of wildfire 

locations. Hotspot data were used only as supporting 

reference information and not as direct 

representations of burned areas. This is because 

hotspots indicate locations where thermal anomalies 

were detected at the time of satellite image 

acquisition and may be influenced by fire size, cloud 

cover, smoke, and satellite overpass timing. 

Therefore, hotspot data and wildfire suppression 

coordinates were used as supporting information for 

the development of the burned area reference 

database in this study, as shown in Figure 2. 

 
 

Figure 1: Location of the study area in Chiang Mai Province, northern Thailand 
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Figure 2: Spatial distribution of GISTDA VIIRS 

hotspot density and wildfire suppression locations in 

Chiang Mai Province during January–April 2019–

2023 

 

2.2.2 Satellite imagery data 

The satellite imagery used in this study consisted of 

Sentinel-2, Landsat 8, and Landsat 9 data. Surface 

reflectance products were used because they are 

suitable for spectral analysis and index calculation. 

The imagery covered the period from January to 

April during 2019–2023 (5 years) within the study 

area of Chiang Mai Province. This period 

corresponds to the peak wildfire season in Northern 

Thailand, during which extensive burning and a high 

number of hotspots are typically observed. For 

Landsat 8–9, one image per month was used because 

a single image could cover the entire study area. In 

contrast, two Sentinel-2 images acquired within a 

two-day interval during the same monthly 

observation period were required each month and 

were mosaicked to achieve complete coverage of 

Chiang Mai Province, as a single Sentinel-2 image 

could not fully cover the study area. The satellite 

imagery used in this study is summarized in Table 1.  

 

2.2.3 Active fire and burn scar reference data 

Data on actively burning areas (Active Fire) and burn 

scar areas (Burn Scar) observed in Sentinel-2, 

Landsat 8, and Landsat 9 satellite images from 

January to April, 2019 - 2023, were collected through 

visual interpretation of false-color composite images. 

Digitizing was performed to ensure that sample areas 

were distributed throughout the study area, and that 

for each month, unique sample areas were selected, 

thereby creating a spatial reference database for 

subsequent index threshold determination and 

classification accuracy assessment. To minimize 

interpretation bias associated with visual 

interpretation, all digitization was performed by the 

same researcher throughout the study period to 

ensure consistency in image interpretation criteria 

and delineation of area boundaries. GISTDA hotspot 

data and wildfire suppression coordinates were used 

to support verification of the reference areas. Details 

of the reference data preparation process and 

consistency verification are provided in Section 

2.3.1.  

 

2.3 Methods 

2.3.1 Reference database of burned areas 

A burned area reference database was developed for 

forest areas to support index threshold determination 

and classification accuracy assessment. The database 

was generated through visual interpretation of 

satellite imagery together with hotspot data and 

wildfire suppression coordinates, which were used as 

spatial reference information for the analysis. The 

reference data were classified into two classes: 

Active Fire and Burn Scar. For the development of 

the reference database, visual interpretation was 

performed using false-color composite images. 

Sentinel-2 imagery was displayed using Bands 12 

(SWIR2), 8 (NIR), and 4 (Red), while Landsat 8–9 

imagery was displayed using Bands 7 (SWIR2), 5 

(NIR), and 4 (Red), respectively. The use of SWIR2, 

NIR, and Red bands enhances the discrimination of 

burned areas from surrounding land cover. Visual 

interpretation was based on color characteristics 

observed in the false-color composite images. Active 

Fire areas commonly appeared in shades of red, 

orange, or magenta due to the strong spectral 

response of actively burning areas in the SWIR 

region when displayed in the selected band 

combination. Burn Scar areas generally appeared as 

dark purple tones, providing clear visual contrast 

with the surrounding unburned vegetation, which 

appeared in shades of green. Positional uncertainty 

may be associated with the hotspot data and wildfire 

suppression coordinates used to support visual 

interpretation. In addition, visual interpretation may 

introduce thematic uncertainty, especially where the 

spectral signatures of Active Fire and Burn Scar are 

similar.  
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Table 1: Acquisition dates of Sentinel-2 and Landsat 8-9 images used for active fire and burn scar  

analysis in Chiang Mai Province, 2019–2023 
 

Year Month Satellite Sensor Acquisition dates 

2019 

January Landsat 8 OLI/TIRS 29 January 

February Landsat 8 OLI/TIRS 14 February 

February Sentinel-2 MSI 22 and 24 February 

March Landsat 8 OLI/TIRS 2 March 

March Sentinel-2 MSI 9 and 11 March 

April Landsat 8 OLI/TIRS 3 April 

April Sentinel-2 MSI 8 and 10 April 

2020 

January Landsat 8 OLI/TIRS 16 January 

January Sentinel-2 MSI 28 and 30 January 

February Sentinel-2 MSI 12 and 14 February 

February Landsat 8 OLI/TIRS 17 February 

March Landsat 8 OLI/TIRS 4 March 

March Sentinel-2 MSI 28 and 30 March 

April Sentinel-2 MSI 17 and 19 April 

April Landsat 8 OLI/TIRS 21 April 

2021 

January Landsat 8 OLI/TIRS 2 January 

January Sentinel-2 MSI 22 and 24 January 

February Sentinel-2 MSI 1 and 3 February 

February Landsat 8 OLI/TIRS 3 February 

March Sentinel-2 MSI 3 and 5 March 

March Landsat 8 OLI/TIRS 7 March 

April Sentinel-2 MSI 22 and 24 April 

April Landsat 8 OLI/TIRS 24 April 

2022 

January Sentinel-2 MSI 22 and 24 January 

February Sentinel-2 MSI 11 and 13 February 

February Landsat 9 OLI-2/TIRS-2 14 February 

March Sentinel-2 MSI 3 and 5 March 

March Landsat 8 OLI/TIRS 26 March 

April Landsat 8 OLI/TIRS 11 April 

April Sentinel-2 MSI 12 and 14 April 

2023 

January Sentinel-2 MSI 22 and 24 January 

January Landsat 8 OLI/TIRS 24 January 

February Sentinel-2 MSI 11 and 13 February 

February Landsat 8 OLI/TIRS 25 February 

March Sentinel-2 MSI 28 and 30 March 

March Landsat 8 OLI/TIRS 29 March 

April Landsat 9 OLI-2/TIRS-2 6 April 

April Sentinel-2 MSI 7 and 9 April 

 

To minimize sources of uncertainty, all digitization 

was performed by the same researcher throughout the 

entire study period to maintain consistency in 

interpretation criteria and boundary delineation.  

In addition, multiple sources of information were 

used including the GISTDA hotspot data, wildfire 

suppression coordinates, and temporal analysis of 

satellite imagery to examine changes in surface 
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conditions before and after fire occurrence. These 

datasets were utilized collectively to support 

classification decisions. Areas affected by clouds, 

cloud shadows, or smoke were excluded from the 

reference dataset. 

For the development of the reference dataset, 

imagery acquired during January–April 2019–2023 

was used to identify and digitize burned areas, which 

were subsequently stored as spatial data. A total of 

10 sample areas were selected per month, covering 

both Active Fire and Burn Scar classes. The sample 

size was determined based on the availability of 

cloud-free satellite imagery and the number of 

wildfire events that could be reliably identified 

during each period. A total of 190 reference samples 

were collected for each satellite dataset, consisting of 

95 Active Fire samples and 95 Burn Scar samples. 

These samples were spatially and temporally 

distributed throughout the study period, with unique 

sample areas selected each month to reduce repeated 

sampling and spatial–temporal sampling bias. The 

190 reference samples were therefore considered 

appropriate for the objectives of this study, which 

focused on site-specific index threshold 

determination and comparative classification 

accuracy assessment. Although the samples may not 

fully represent the observed variability of fire-

affected areas characteristics across Chiang Mai 

Province in a statistical sense, they were carefully 

selected to serve as reference data for index threshold 

determination and classification accuracy assessment 

within the scope of this study. Nevertheless, the 

sample size may not fully represent the variability of 

burned areas across different forest types, 

topographic conditions, fire intensities, and 

atmospheric conditions. Therefore, the results should 

be interpreted within the context of Chiang Mai 

Province and the 2019–2023 study period. 

In this study, visual interpretation was used solely 

for the development of reference data for index 

threshold determination and classification accuracy 

assessment. The primary burned area classification 

was performed using satellite-derived indices, 

enabling a systematic evaluation and comparison of 

the performance of different indices. This approach 

also facilitates application to larger areas and 

multiple time periods more efficiently than visual 

interpretation alone. 
 

2.3.2 Burned area analysis  

Burned area analysis was conducted using Sentinel-

2 and Landsat 8–9 surface reflectance imagery, 

which is suitable for spectral analysis and index 

calculation. Cloud and cloud shadow masking were 

performed prior to analysis. Pixels affected by 

clouds, cloud shadows, and smoke were designated 

as NoData values and excluded from further analysis. 

No gap-filling was performed using imagery 

acquired on other dates in order to avoid temporal 

inconsistencies that could affect burned area 

analysis. As a result, actively burning areas or burn 

scars obscured by cloud cover may not have been 

detected in some cases. Three spectral indices were 

subsequently calculated, namely the Burned Area 

Index (BAI), Burned Area Index for Sentinel-2 

(BAIS2), and Normalized Burn Ratio Thermal 

(NBRT), to evaluate their ability to classify wildfire-

affected areas, including Active Fire and Burn Scar. 

 

1) Burned Area Index (BAI): An index that uses the 

reflectance values of the Red visible light waveband 

and the Near-Infrared (NIR) waveband to identify 

areas affected by fire and was calculated using 

Equation 1: 

 

2 2

1

(0.1 ) (0.06 )
BAI

RED NIR
=

− + −
 

Equation 1 
 

Where:  

BAI  = Burned Area Index 

RED = Surface reflectance of the red band 

NIR  = Surface reflectance of the near 

             infrared band 

 

In general, burned areas exhibit higher reflectance in 

the Red band and lower reflectance in the Near-

Infrared (NIR) band compared with unburned 

vegetation. This is because burning reduces 

chlorophyll content and alters vegetation structure, 

resulting in changes to spectral reflectance 

characteristics. Consequently, the BAI can be used to 

distinguish wildfire-affected areas from unburned 

areas [9]. 

 

2) The Burned Area Index for Sentinel-2 (BAIS2) is 

a modified version of the Burned Area Index (BAI) 

designed specifically for Sentinel-2 imagery. It 

utilizes reflectance data from the Red-edge, Red, 

Near-Infrared (NIR), and Shortwave Infrared (SWIR) 

bands to improve sensitivity to changes in vegetation 

condition and surface moisture. BAIS2 was 

calculated using Equation 2: 

 

740 7832 1 1
RE RE NIR SWIR NIR

BAIS
RED SWIR NIR

   − 
= −  +     +  

 

 

 

Equation 2 
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Where:  

BAIS2  = Burned Area Index 

   RED = Surface reflectance of the red band  

RE740    = Surface reflectance of the red-edge band  

               (Central Wavelength = 740nm) 

RE783   = Surface reflectance of the red-edge band  

              (Central Wavelength = 783nm) 

    NIR = Surface reflectance of the near  

               infrared band  

 SWIR = Surface reflectance of the short-wave  

               infrared band 2 

 

The Red-edge bands are sensitive to changes in 

chlorophyll content and vegetation canopy condition, 

while the SWIR bands are sensitive to moisture loss 

caused by heat and burning. These characteristics 

improve the discrimination of burned areas from 

unburned areas [10]. 

 

3) Normalized Burn Ratio - Thermal (NBRT) was 

developed as an extension of the Normalized Burn 

Ratio (NBR) by incorporating thermal infrared data 

into the calculation to improve the detection of 

burned areas. NBRT was calculated using Equation 

3:   

 

(0.001 )

(0.001 )

NIR SWIR Thermal
NBRT

NIR SWIR Thermal

−  
=

+  
 

Equation 3 

 

Where:  

NBRT = Normalized Burn Ratio - Thermal Index 

   NIR = Surface reflectance of the near  

              infrared band 

SWIR = Surface reflectance of the short-wave  

              infrared band  

  Thermal= Brightness temperature derived from  

                   Landsat 8-9 TIRS Band 10 

 

Prior to NBRT calculation, the thermal band was 

converted to brightness temperature. The resulting 

brightness temperature data were then integrated 

with surface reflectance values from the near-

Infrared (NIR) and shortwave Infrared (SWIR) bands 

to enhance the detection of thermal anomalies 

associated with actively burning areas. In this study, 

no additional emissivity correction was applied, and 

the thermal component was not used to estimate 

absolute kinetic temperature or land surface 

temperature. Instead, it was used as a relative thermal 

indicator for comparative burned area detection, 

following the concept of thermally enhanced spectral 

indices [12] and [21]. 

 

 

 

2.3.3 Determination of optimal index ranges 

Following the burned area index analysis described 

in Section 2.3.2, optimal index ranges were 

determined for the classification of two burned area 

classes: Active Fire and Burn Scar. A statistical 

thresholding approach based on the mean and 

standard deviation (S.D.) of burned area index values 

was applied. The reference dataset was divided into 

two subsets: 70% of the samples were used for index 

threshold determination, while the remaining 30% 

were reserved for classification accuracy assessment. 

To determine the index ranges, the mean and 

standard deviation of index values were calculated 

from the 70% subset separately for each burned area 

class and for each index. The resulting statistics were 

then used to define the index ranges according to 

Equation 4. 

 

Range = Mean ± S.D 

Equation 4 

 

The use of Mean ± 1.0 S.D. as the primary criterion 

for index threshold determination was based on the 

application of the mean and standard deviation to 

describe the distribution of index values within the 

reference samples. This range constrains the 

classification threshold to values close to the central 

tendency of the data and reduces the risk of selecting 

overly broad thresholds that may result in non-target 

areas being classified as burned areas. The approach 

was used to establish preliminary threshold ranges 

prior to evaluation with the testing dataset and is 

consistent with previous studies that used mean and 

standard deviation for burned area threshold 

determination [32] and [33].  

 

In addition, a sensitivity analysis was conducted 

using four threshold levels: Mean ± 0.5 S.D., Mean 

± ⅔ S.D., Mean ± 1.0 S.D., and Mean ± 1.5 S.D. The 

threshold ranges derived from each level were 

evaluated using the remaining 30% of the reference 

dataset. The evaluation considered both thematic 

coverage of the reference burned areas and the degree 

of over-classification in non-burned areas. It should 

be noted that thematic coverage was used only to 

assess the proportion of reference areas captured by 

each threshold range and was not used as the sole 

criterion for evaluating index performance. 

Comparative results for the tested threshold levels 

are presented in Section 3. Based on the comparison, 

Mean ± 1.0 S.D. was selected because it provided the 

most balanced trade-off between reference burned 

area coverage and the reduction of over-

classification compared with the other threshold 

levels tested. 
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2.3.4 Accuracy assessment 

The burned area classification results derived from 

the optimal index ranges for each index using 

Sentinel-2 and Landsat 8–9 imagery were evaluated 

using an error matrix. Four classification accuracy 

metrics were considered: (1) Producer’s Accuracy 

(PA), (2) User’s Accuracy (UA), (3) Overall 

Accuracy (OA), and (4) the Kappa statistic (K), 

following the approach of [34]. The assessment was 

conducted separately for the two burned area classes, 

namely Active Fire and Burn Scar, to compare the 

classification performance of each index. In this 

study, an OA value greater than 85% was used as a 

reference criterion for assessing classification 

quality, consistent with commonly adopted practices 

in remote sensing classification studies [35]. A 

Kappa value greater than 0.80 was considered 

indicative of almost perfect agreement according to 

the criteria proposed by [36]. However, the 

interpretation of classification performance was not 

based solely on OA and Kappa values. Producer’s 

Accuracy and User’s Accuracy were also considered 

to evaluate the classification accuracy of each burned 

area class. Since Kappa values may be influenced by 

the distribution of observations within the error 

matrix, the Kappa statistic was reported primarily to 

facilitate comparison with previous studies in the 

same field. The workflow of this study is illustrated 

in Figure 3. The process began with the development 

of a reference burned area database through visual 

interpretation of false-color composite satellite 

imagery, supported by hotspot data and wildfire 

suppression coordinates. The reference data were 

then classified into two classes: Active Fire and Burn 

Scar. Subsequently, the dataset was divided into two 

subsets, consisting of training data and testing data in 

a 70:30 ratio. The training dataset was used to 

determine the optimal index ranges for each burned 

area index, whereas the testing dataset was used to 

assess classification accuracy and compare the 

performance of different indices in burned area 

classification. 

 

3. Results  

The results of the study to evaluate applicable indices 

for detecting active fires and burn scars in Chiang 

Mai Province can be divided into following three 

points:  

 

3.1 Burned Area Database Results 

For the visualization and interpretation of burned 

areas, false-color composite imagery was generated 

using the band combination of SWIR2 (Red), NIR 

(Green), and Red (Blue) to enhance fire-related 

characteristics. Active Fire areas in the satellite 

imagery appeared as bright red to dark pink tones 

(Figure 4), indicating ongoing combustion and strong 

SWIR response associated with active combustion.  

 

 
 

Figure 3: Workflow for reference burned area database construction, training–testing dataset partitioning, 

optimal index range determination, and classification accuracy assessment 
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Active Fire 

9 and 11 March 2019 28 and 30 March 2020 11 and 13 February 2022 

   

Burn Scar 

17 and 19 April 2020 22 and 24 January 2022 11 and 13 February 2023 

   
 

Figure 4: Examples of active fire and burn scar areas from Sentinel-2 imagery using a false-color composite 

(SWIR2–NIR–Red; Bands 12–8–4). White pixels indicate areas affected by clouds, cloud shadows, or smoke, 

and black outlines show reference burned area polygons 

 

In contrast, Burn Scar areas appeared as dark purple 

tones (Figure 5), reflecting vegetation with reduced 

moisture content and the presence of residual ash 

following fire events. Pixels displayed in white 

represent masked areas that were assigned as NoData 

values due to the effects of clouds, cloud shadows, or 

smoke, as described in the data preparation 

procedures (Section 2.3.2). These areas were 

excluded from the development of the burned area 

reference database.  

A total of 380 burned area reference samples 

were identified within forest areas (Table 2), 

consisting of 95 Active Fire samples and 95 Burn 

Scar samples from each satellite dataset. The results 

indicate that Burn Scar areas were substantially 

larger than Active Fire areas. This suggests that most 

satellite images were acquired after fire events had 

ceased, allowing burn scars from previous fire events 

to be identified more frequently than actively burning 

areas at the time of image acquisition. This pattern is 

consistent with the nature of wildfires, where the 

duration of active burning is generally shorter than 

the satellite revisit interval, thereby limiting the 

opportunity to capture fires while they are actively 

burning. A comparison between the two satellite 

platforms showed that Landsat 8–9 resulted in larger 

mapped burned area extents than Sentinel-2. This 

difference may be partly attributed to the coarser 

spatial resolution of Landsat 8–9, which increases the 

likelihood of mixed pixels and may result in burn 

scar areas being represented as larger and more 

aggregated patches compared with Sentinel-2 

imagery, which has a finer spatial resolution. In 

addition, differences in image acquisition timing 

between the two satellite systems may also influence 

their ability to identify burn scars. 

 

3.2 Optimal Index Ranges for Burned Area 

Classification 

The analysis of burned area classification using the 

three indices, namely the Burned Area Index (BAI) 

derived from Sentinel-2 and Landsat 8–9 imagery, 

the Burned Area Index for Sentinel-2 (BAIS2) 

derived from Sentinel-2 imagery, and the 

Normalized Burn Ratio Thermal (NBRT) derived 

from Landsat 8–9 imagery, indicated that the index 

ranges derived using Mean ± 1.0 S.D. were the most 

suitable for burned area classification in this study. 

This finding is consistent with the procedure 

described in Section 2.3.3, in which four threshold 

levels (Mean ± 0.5 S.D., Mean ± 0.67 S.D., Mean ± 

1.0 S.D., and Mean ± 1.5 S.D.) were evaluated to 

determine the most appropriate threshold range. The 

comparative results of the tested threshold levels are 

presented in Tables 3 and 4. 
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Figure 5: Examples of active fire and burn scar areas from Landsat 8-9 imagery using a false-color composite 

(SWIR2–NIR–Red; Bands 7–5–4). White pixels indicate areas affected by clouds, cloud shadows, or smoke, 

and black outlines show reference burned area polygons 

 

Table 2: Reference burned area database by satellite and burned area class used for index  

range determination and accuracy assessment 
 

 

Burned Area 

Sentinel-2 Landsat 8-9 

Area Count Area (km²) Area Count Area (km²) 

Active Fire 95 0.94 95 1.29 

Burn Scar 95 2.27 95 6.27 

Total 190 3.27 190 7.56 

 

Table 3: Optimal index ranges for each index from Sentinel-2 imagery 
 

Sentinel-2 

Burned Area Index for Sentinel-2 (BAIS2) Burn Area Index (BAI) 

Active Fire Burn Scar Active Fire Burn Scar 

Optimal 

Range 

Thematic 

Coverage 

(%) 

Optimal 

Range 

Thematic 

Coverage  

(%) 

Optimal 

Range 

Thematic 

Coverage 

(%) 

Optimal 

Range 

Thematic 

Coverage 

(%) 

½ S.D. 1.044  

to 1.312 

43.57 0.903  

to 0.988 

42.73 38.335  

to 159.933 

44.02 124.997 

to 233.593 

43.93 

⅔ S.D. 0.999  

to 1.357 

55.09 0.889  

to 1.002 

54.70 18.069 to 

180.199 

70.20 106.898  

to 251.692 

55.12 

S.D. 0.910  

 to 1.446 

74.20 0.860  

to 1.031 

76.18 -22.463  

to 220.732 

88.93 70.699 

 to 287.891 

67.94 

1.5 S.D. 0.776  

to 1.581 

90.96 0.818  

to 1.073 

88.92 -83.262  

to 281.531 

91.96 16.401  

to 342.189 

93.57 

 

Analysis of the narrow threshold ranges, namely 

Mean ± 0.5 S.D. and Mean ± 0.67 S.D., showed 

thematic coverage values below 60% for several 

indices, particularly BAIS2 and NBRT (Tables 3 and 

4). This indicates that the threshold ranges were too 

restrictive, resulting in some burned areas having 

index values outside the defined thresholds and 

consequently being omitted from the classification. 

This effect was especially evident for Burn Scar 

areas, where burn severity and post-fire conditions 

varied across locations. 

Active Fire 

17 February 2020 7 March 2021 14 February 2022 

   
Burn Scar 

29 January 2019 7 March 2021 6 April 2023 
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Table 4: Optimal index ranges for each index from Landsat 8-9 imagery 
 

Landsat  

8-9 

Normalized Burn Ratio - Thermal (NBRT) Burned Area Index (BAI) 

Active Fire Burn Scar Active Fire Burn Scar 

Optimal 

Range 

Thematic 

Coverage 

(%) 

Optimal 

Range 

Thematic 

Coverage 

(%) 

Optimal 

Range 

Thematic 

Coverage 

(%) 

Optimal 

Range 

Thematic 

Coverage 

(%) 

½ S.D. -0.147 

to 0.125 

34.50 0.380 

to 0.490 

39.50 75.773 

to 132.029 

39.92 140.959 

to 211.759 

37.73 

⅔ S.D. -0.192 

to 0.170 

47.09 0.362 

to 0.507 

51.49 66.397 

to 141.405 

55.43 129.159 

to 223.559 

49.25 

S.D. -0.283  

to 0.260 

70.54 0.326 

to 0.543 

77.14 47.652 

to 160.156 

79.07 105.559 

to 247.159 

69.80 

1.5 S.D. -0.419 

to 0.396 

93.60 0.271 

to 0.598 

94.20 19.517 

to 188.284 

98.26 70.158 

to 282.559 

90.61 

 

   
 

Figure 6: Comparison of burned area thematic coverage (%) at different standard deviation (S.D.) thresholds 

for burned area indices (a) Sentinel-2, and (b) Landsat 8–9 

 

In contrast, although the Mean ± 1.5 S.D. threshold 

provided the highest thematic coverage, it produced 

the widest threshold range among the tested levels, 

increasing the likelihood of non-burned areas being 

classified as burned areas and resulting in over-

classification. This tendency was particularly 

apparent for BAI, which showed a greater propensity 

to classify forested and open areas as burned areas. 

Therefore, the selection of an appropriate threshold 

range was not based solely on maximizing thematic 

coverage, but rather on achieving a balance between 

burned area coverage and the reduction of over-

classification. Based on these considerations, the 

threshold ranges derived using Mean ± 1.0 S.D. were 

selected as the most suitable for burned area 

classification in this study. In this study, thematic 

coverage refers to the percentage of reference burned 

areas with index values falling within a specified 

threshold range. Thematic coverage was used only to 

evaluate the ability of each threshold range to capture 

the reference dataset during the threshold 

determination stage and was not considered a 

measure of final classification accuracy. The 

accuracy assessment of the classification results is 

presented in Section 3.3. As shown in Figure 6, 

thematic coverage generally increased with higher 

S.D. values, but at the expense of an increased risk of 

over-classification. Based on the spatial 

classification results from the selected examples, 

BAI derived from Sentinel-2 imagery tended to 

classify some non-active fire areas, including burn 

scars and portions of the surrounding landscape, as 

Active Fire to a greater extent than BAIS2. In 

contrast, NBRT derived from Landsat 8–9 imagery 

showed a clearer separation between Active Fire and 

surrounding areas than BAI, as illustrated in Figure 

7. For Burn Scar classification, Figure 8 shows that 

BAIS2 provided a clearer representation of burn 

scars and exhibited better agreement with the 

reference areas than BAI. In the selected example, 

BAI was unable to effectively identify the burn scar 

area. Similarly, NBRT derived from Landsat 8–9 

imagery showed better agreement with the reference 

burn scar boundaries than BAI. It should be noted 

that Figure 7 presents Active Fire examples selected 

from different locations in Sentinel-2 and Landsat 8–

9 imagery because Active Fire is a rapidly changing 

event and the image acquisition dates of the two 

satellite systems were not identical. In contrast, 

Figure 8 presents Burn Scar examples from the same 

area and from similar acquisition periods to facilitate 

a clearer comparison of classification results among 

the indices. 

 

(a) (b) 
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Sentinel-2 BAIS2 BAI 

   
Landsat 8-9 NBRT BAI 

 

Figure 7: Examples of Active Fire classification results derived from Sentinel-2 and Landsat 8–9 imagery 

using the optimal index ranges 

 

   

Sentinel-2  BAIS2 BAI 

   

Landsat 8-9  NBRT BAI 
 

Figure 8: Examples of Burn Scar classification results derived from Sentinel-2 and Landsat 8–9 imagery 

using the optimal index ranges 

 

After determining the optimal index ranges, sample 

images with similar acquisition dates were selected 

to produce example maps of Active Fire 

classification (Figure 9) and Burn Scar classification 

(Figure 10) in the forest areas of Chiang Mai 

Province. From the examination of the sample 

classification maps in Figures 9 and 10, BAI tended 

to display larger classified areas than BAIS2 and 

NBRT in several locations. This is consistent with 

the over-classification observed from the index 

threshold evaluation results. These maps help 

illustrate the spatial distribution patterns of the 

classification results at the study area scale and 

support the comparison of spatial classification 

characteristics among different indices and satellite 

imagery datasets. In addition to determining optimal 

index ranges using the mean and standard deviation 

approach, other threshold determination methods 
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commonly used in remote sensing include ROC 

analysis and the Otsu method. However, this study 

selected the Mean ± S.D. approach as a consistent 

statistical thresholding approach based on the 

distribution of reference sample values, which 

allowed multiple indices to be compared using the 

same reference dataset and selection criteria. 

 

 
 

 

 
 

 

Figure 9: Example maps of Active Fire classification in the forest areas of Chiang Mai Province using the 

optimal index ranges: (a) Sentinel-2 BAIS2, (b) Sentinel-2 BAI, (c) Landsat 8–9 NBRT, and (d) Landsat 8–9 

BAI (3 and 5 March 2021 imagery for Sentinel-2 and 7 March 2021 imagery for Landsat 8–9)  

 

 

(b) (a) 

(c) (d) 
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Figure 10: Example maps of Burn Scar classification results in the forest areas of Chiang Mai Province using 

the optimal index ranges: (a) Sentinel-2 BAIS2, (b) Sentinel-2 BAI, (c) Landsat 8–9 NBRT, and (d) Landsat 

8–9 BAI (imagery acquired on 3 and 5 March 2021 for Sentinel-2 and on 7 March 2021 for Landsat 8–9)  

 

3.3 Classification Accuracy Results 

The accuracy assessment results of the three indices, 

namely BAI, BAIS2, and NBRT, derived from 

Sentinel-2 and Landsat 8–9 imagery, are presented in 

Table 5. The results demonstrate the performance of 

each index in classifying Burn Scar and Active Fire 

areas, which is related to the reflectance data and, 

where applicable, thermal infrared data used in the 

calculation of each index.  

 

(b) (a) 

(c) (d) 
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Table 5: Accuracy assessment of burned area classification 
 

BURN INDEX 
Burned 

Area 

Accuracy Assessment  

PA (%) UA (%) OA (%) Kappa 

BAIS2 

Sentinel-2 

Active Fire 15.26 100.00 57.63 0.15 

Burn Scar 95.79 97.33 96.58 0.93 

BAI 

Sentinel-2 

Active Fire 0.00 0.00 49.74 -0.005 

Burn Scar 75.00 53.16 94.39 0.50 

BAI 

Landsat 8-9 

Active Fire 2.63 83.33 51.05 0.02 

Burn Scar 53.16 97.12 75.79 0.51 

NBRT 

Landsat 8-9 

Active Fire 76.32 100.00 88.16 0.77 

Burn Scar 85.26 98.18 91.84 0.84 

 

For Burn Scar classification, BAIS2 derived from 

Sentinel-2 imagery provided the highest 

classification accuracy among the tested indices. 

This is because post-fire areas generally exhibit 

distinct reflectance characteristics in the NIR and 

SWIR bands, allowing BAIS2 to distinguish burned 

areas from surrounding areas more effectively than 

the other indices. In contrast, BAI derived from 

Sentinel-2 and Landsat 8–9 imagery produced lower 

Burn Scar classification performance than BAIS2 

and NBRT, particularly when considering PA, UA, 

and Kappa values. Although OA remained high in 

some cases, BAI was still able to identify burn scars 

under certain conditions. Since BAI primarily relies 

on reflectance data from the Red and NIR bands, it 

may have limitations in distinguishing burned areas 

from other land cover types with similar spectral 

characteristics, particularly when compared with 

indices that incorporate SWIR bands as a major 

component of the classification process, such as 

BAIS2 and NBRT. Meanwhile, NBRT derived from 

Landsat 8–9 imagery performed well across all 

evaluation metrics and achieved overall 

classification results comparable to those of BAIS2. 

For Active Fire classification, the results indicate 

that BAI and BAIS2, which rely only on reflectance 

data, provided low performance in distinguishing 

actively burning areas. This is because Active Fire 

areas contain thermal signals generated by 

combustion, which cannot be directly detected using 

indices based only on reflectance data. In particular, 

Sentinel-2 imagery does not contain thermal bands, 

resulting in lower classification accuracy for Active 

Fire than for Burn Scar and lower accuracy than 

NBRT, as shown by the accuracy assessment results 

in Table 5. Most notably, BAI derived from Sentinel-

2 imagery yielded PA and UA values of 0.00% for 

Active Fire, indicating that this index was unable to 

detect Active Fire areas within the dataset used in 

this study. This result suggests that reflectance data 

alone is insufficient for detecting actively burning 

areas. In contrast, BAI derived from Landsat 8–9 

imagery produced a PA value of 2.63% and a UA 

value of 83.33%, indicating that although the areas 

classified as Active Fire were relatively consistent 

with the reference data, only a small proportion of 

the actual Active Fire areas was detected. In addition, 

Active Fire areas are typically small in size and 

change rapidly over time, making them susceptible 

to mixed-pixel effects, particularly in moderate-

spatial-resolution satellite imagery. Therefore, 

NBRT derived from Landsat 8–9 imagery provided 

better Active Fire classification performance than the 

other indices evaluated in this study when 

considering PA, UA, OA, and Kappa values 

together. Since NBRT incorporates thermal data in 

addition to reflectance data, it is better able to detect 

actively burning areas than the other indices under 

the same dataset conditions. Furthermore, NBRT 

produced Burn Scar classification accuracies 

comparable to those of BAIS2 and higher than those 

of BAI according to the values reported in Table 5. 

These results demonstrate that thermal infrared data 

substantially improve Active Fire classification 

because they directly capture thermal signals 

associated with combustion, whereas Burn Scar 

classification remains primarily dependent on post-

fire changes in spectral reflectance characteristics. 

When considering classification accuracy 

metrics, OA and Kappa showed inconsistent trends 

in some cases, particularly for the Burn Scar 

classification results of BAI derived from Sentinel-2 

imagery, which produced a high OA value but a 

moderate Kappa value (K = 0.50, which falls within 

the moderate agreement range of K = 0.41–0.60 

according to the criteria of [36]). This reflects that 

OA alone may not fully explain classification 

performance and is consistent with the 

characteristics of the Kappa paradox, which occurs 

when the number of samples or pixels in each class 

of the reference data and classification results is 

clearly imbalanced. This can cause the Kappa value 

to appear lower than expected when compared with 

a high OA value [37] and [38]. Therefore, the 
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interpretation of classification results should 

consider PA, UA, OA, and Kappa together, as well 

as the context of the classified data, because these 

metrics reflect different aspects of classification 

accuracy, such as the ability to detect reference areas, 

the reliability of classified areas, overall accuracy, 

and the level of agreement of the classification 

results [38] and [39]. When considered together with 

the classification results in Table 5, the reflectance-

based indices, namely BAI and BAIS2, clearly 

produced lower Active Fire classification 

performance than the index using thermal data. 

NBRT derived from Landsat 8–9 imagery provided 

better Active Fire classification performance than the 

other indices in this study. For Burn Scar 

classification, NBRT produced accuracy assessment 

results comparable to BAIS2 in several metrics and 

had a higher Kappa value than BAI. In addition, the 

Kappa value of NBRT for Active Fire was 0.77, 

which falls within the substantial agreement range 

(K = 0.61–0.80) according to the criteria of [36]. 

When considered together with PA, UA, and OA, 

this indicates that the inclusion of thermal infrared 

data clearly improves the capability to classify 

Active Fire, whereas Burn Scar classification 

remains primarily dependent on post-fire changes in 

spectral reflectance characteristics. The findings of 

this study therefore support that thermal infrared data 

play an important role in Active Fire classification in 

tropical forest areas. 

 

4. Discussion 

The results showed that reflectance-based indices 

and indices incorporating thermal infrared data 

produced clearly different performance in 

classifying Active Fire and Burn Scar areas. The 

Burned Area Index for Sentinel-2 (BAIS2) derived 

from Sentinel-2 imagery performed best for Burn 

Scar classification but had limitations in classifying 

Active Fire. In contrast, the Normalized Burn Ratio 

Thermal (NBRT) derived from Landsat 8–9 imagery 

performed best for Active Fire classification 

compared with the indices evaluated in this study and 

also performed well for Burn Scar classification. 

These results indicate that the selection of a burned 

area index should be considered according to the 

type of area to be classified, rather than based solely 

on threshold values or the percentage of burned area 

coverage from the reference data. The optimal 

BAIS2 index range in this study was 0.860–1.446, 

which is partly consistent with previous findings that 

BAIS2 values for burned areas are generally higher 

than 1 [10]. The lower boundary value below 1 in 

this study may reflect variations in site conditions, 

burn severity levels, and the characteristics of the 

reference data used for threshold determination. In 

addition, this range partially overlaps with the 

BAIS2 index range of 0.730–1.230 reported by [40] 

for classifying burn severity levels from Sentinel-2 

data. For BAI derived from Landsat 8–9 imagery, the 

optimal range identified in this study differed from 

some previous studies [15]. In the case of NBRT, the 

range identified in this study also differed from a 

study of burn indices derived from Landsat 8 

imagery in Mae Hong Son Province [41]. These 

differences indicate that thresholds for burned area 

indices may be sensitive to site context, vegetation 

type, canopy density, terrain conditions, post-fire 

surface conditions, and the time elapsed after fire 

occurrence. Therefore, the determination of site-

specific optimal index ranges should be considered 

carefully, particularly when applying these indices in 

mountainous forest areas of Thailand. 

For Sentinel-2 imagery, BAIS2 gave the best 

results for Burn Scar classification as compared with 

BAI. This is because BAIS2 was designed to utilize 

the spectral characteristics of Sentinel-2 by including 

the red-edge, near-infrared (NIR), and shortwave 

infrared (SWIR) bands, which are sensitive to 

changes in vegetation, moisture, and post-fire 

surface conditions [10]. In contrast, BAI was 

designed to classify burned areas using the red and 

NIR bands and primarily emphasizes the signal of 

post-fire surfaces [9]. However, although BAIS2 

performed well for Burn Scar classification, its 

Active Fire assessment produced an OA of only 

57.63% and a Kappa value of 0.15, indicating that 

the index range defined for Active Fire was not 

sufficiently appropriate and that BAIS2 could not 

classify Active Fire areas effectively when compared 

with its Burn Scar classification performance. The 

difference is probably caused by the difference in 

spectral response between post-fire areas and 

actively burning areas. Burn Scar areas are due to 

changes in vegetation, moisture, and surface 

conditions after fire, which can be reflected 

relatively clear through the reflectance values in the 

red edge, NIR, and SWIR bands. The red edge and 

NIR bands play a role in the differentiation of burned 

areas based on changes in vegetation and canopy 

structure, while the SWIR band plays a role in 

reflecting changes in post-fire surface conditions. 

Post-fire areas generally show increased reflectance 

in the SWIR region while reflectance in the NIR 

region generally decreases [42][43] and [44]. This 

response therefore mainly reflects the characteristics 

of post-fire areas and does not necessarily mean that 

indices using red-edge, NIR, and SWIR bands can 

always detect actively burning fires effectively. 

Active Fire is a phenomenon occurring during 

combustion and is directly associated with thermal 

energy emitted from fire, rather than post-fire 
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changes in reflectance values [45]. Although 

Sentinel-2 data in the reflective wavelengths can be 

used to detect Active Fire in some cases, this 

generally requires classification methods 

specifically designed for Active Fire areas rather 

than the direct use of burned-area indices [46]. 

When considering the Active Fire assessment 

results from Sentinel-2 imagery, BAI produced PA 

and UA values of 0%, whereas BAIS2, although 

producing a high UA value of 100%, had a PA value 

of only 15.26% and a Kappa value of 0.15. This 

reflects that BAIS2 detected only a limited 

proportion of Active Fire areas, and that the index 

range used was not sufficiently effective for 

classifying actively burning areas. These results 

indicate that many pixels defined as Active Fire in 

the reference data did not fall within the index range 

specified for actively burning fire classification. This 

was particularly evident for BAI, which was unable 

to classify Active Fire areas from Sentinel-2 

imagery. This is because BAI and BAIS2 were 

designed to emphasize changes in surface reflectance 

after burning [9] and [10]. When Active Fire occurs 

only within part of a pixel, the recorded reflectance 

value becomes a mixed signal from actively burning 

areas, unburned vegetation, partial burn scars, and 

surrounding surfaces. In addition, the SWIR values 

recorded from fire-affected pixels in daytime 

imagery may be obscured or mixed with solar 

radiation reflected from surrounding surfaces if the 

fire does not occupy a sufficiently large proportion 

of the pixel [45]. Without thermal infrared data to 

separate thermal energy emitted from fire from such 

mixed signals, the index values of Active Fire pixels 

are likely to fall outside the defined threshold range. 

This results in a very high omission error, leading to 

PA and UA values of 0% in the case of BAI derived 

from Sentinel-2 imagery. These results therefore 

reflect the limitations of indices based solely on 

reflectance data for Active Fire classification and 

support that the thermal band is an important 

component for improving the ability to detect 

actively burning areas. 

On the other hand, NBRT derived from Landsat 

8–9 imagery produced clearly better Active Fire 

classification results than BAI. For Active Fire, 

NBRT produced an OA of 88.16% and a Kappa 

value of 0.77, whereas BAI produced an OA of 

51.05% and a Kappa value of 0.02. For Burn Scar, 

NBRT produced an OA of 91.84% and a Kappa 

value of 0.84, which were higher than those of BAI, 

which produced an OA of 75.79% and a Kappa value 

of 0.51. These results are consistent with the burned 

area classification study of [47], which found that 

NBRT produced higher accuracy than BAI in the 

context of Landsat 8 imagery. The findings are also 

consistent with [48], which reported that NBRT was 

one of the highly effective indices for burned area 

classification using Landsat 8 OLI/TIRS imagery. 

The advantage of NBRT may be related to its 

development as an extension of NBR by 

incorporating thermal infrared data into the 

calculation [11]. The inclusion of thermal infrared 

data therefore improves the ability of NBRT to 

respond to actively burning areas when compared 

with indices based solely on reflectance data. 

Differences in sensor type and spatial resolution 

also play a role in the classification results. Sentinel-

2 imagery has a spatial resolution of 10–20 m for the 

main bands used in the analysis, making it suitable 

for detecting details of Burn Scar areas at a sub-area 

level, particularly when considered together with the 

characteristics of BAIS2, which was designed to 

utilize the red-edge, NIR, and SWIR bands of 

Sentinel-2 for burned area mapping [10] and [22]. In 

contrast, Landsat 8–9 OLI imagery has a spatial 

resolution of 30 m and includes thermal bands from 

the TIRS sensor with an original sensor spatial 

resolution of 100 m, which are resampled to 30 m in 

the data products used together with the reflective 

bands [21]. Therefore, the interpretation of NBRT 

should consider both the advantages of the thermal 

band and the spatial resolution limitation of the 

thermal band, particularly in cases where burned 

areas are small or distributed in patches. Spatial 

resolution limitations may increase the likelihood of 

mixed pixels and affect errors in identifying or 

calculating burned areas [49]. However, Landsat 8–

9 imagery includes thermal bands from the TIRS 

sensor, which Sentinel-2 imagery does not have. 

This allows NBRT to respond to signals related to 

the heat of Active Fire areas, even though the 

Landsat thermal band has a lower spatial resolution 

than the reflective bands. In terms of its effect on 

Active Fire classification, atmospheric conditions 

such as clouds, smoke, or haze may obscure actively 

burning areas, causing such areas to be assigned as 

cloud/smoke masks and leading to the omission of 

Active Fire areas. In addition, in this study, areas 

affected by clouds, cloud shadows, or smoke were 

assigned as masked or NoData areas according to the 

data preparation procedure. This may reduce the area 

available for classification assessment, particularly 

in the case of Active Fire areas, which occur over a 

short period and change rapidly. Therefore, the 

effects of spatial resolution, sensor type, and 

atmospheric conditions should be considered 

together when interpreting burned area index values, 

rather than relying solely on threshold values or 

statistical accuracy metrics. 

A key strength of this study is the evaluation of 

burned area index performance by clearly separating 
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Active Fire and Burn Scar areas. This differs from 

previous studies, which have often evaluated burned 

areas as a whole or mainly focused on burned area 

mapping, burn severity assessment, or post-fire 

impact assessment [48] [50] and [51]. This study 

therefore helps fill this gap by systematically 

evaluating the two types of burned areas separately 

under the same context. This allows the differences 

in the strengths and limitations of each index to be 

analyzed between the detection of actively burning 

fires and post-fire burn scars. The results 

demonstrate that an index that performs well for 

post-fire burn scars does not necessarily perform 

well for actively burning areas. Specifically, BAIS2 

is suitable for Burn Scar mapping using Sentinel-2 

data because it responds well to changes in 

vegetation and surface conditions after burning. In 

contrast, NBRT is more suitable for Active Fire 

classification because it incorporates thermal 

infrared data. Therefore, an important contribution of 

this study is that it highlights the functional 

limitations of different burned area indices and 

suggests that index selection should correspond to 

the objective of wildfire monitoring, whether for 

detecting actively burning fires or mapping post-fire 

burn scars. In terms of application, the findings 

indicate that selecting sensors and indices according 

to wildfire monitoring objectives can support a two-

step workflow. This includes using data from sensors 

with thermal bands, such as Landsat 8–9 together 

with NBRT, to support the detection or confirmation 

of Active Fire locations when suitable satellite 

imagery is available and using Sentinel-2 together 

with BAIS2 to map Burn Scar areas after fire events 

at a higher spatial detail. 

However, this study has some limitations that 

should be considered. These include differences in 

image acquisition timing between Sentinel-2 and 

Landsat 8–9 imagery, which may affect the 

comparison of classification results across sensors, 

particularly in the case of Active Fire. The results 

were also affected by clouds, smoke, and 

masked/NoData areas, which are specific limitations 

of the dataset used in this study. In addition, some 

reference data may contain positional and temporal 

uncertainties, although the combined use of image 

interpretation, hotspot data, and wildfire suppression 

coordinates helped increase confidence in the 

identification of burned areas. These limitations may 

affect the identification of actively burning pixels 

and the accuracy assessment of the classification 

results, particularly for Active Fire, which is a short-

duration and rapidly changing phenomenon. 

 

 

 

5. Conclusion 

This study demonstrates that the performance of 

burned area indices depends on the spectral 

characteristics of the indices and the capability of 

satellite sensors to respond to fire-related signals. A 

key scientific contribution of this study is that Active 

Fire and Burn Scar should be considered as distinct 

classification problems: NBRT derived from 

Landsat 8–9 imagery outperforms BAI and BAIS2 

for Active Fire classification in tropical mountainous 

forest areas, whereas BAIS2 derived from Sentinel-

2 imagery provides superior performance for post-

fire Burn Scar mapping.  

For Active Fire classification, NBRT derived 

from Landsat 8–9 imagery provided the highest 

performance (OA = 88.16%, Kappa = 0.77). This is 

because NBRT incorporates thermal infrared data 

from the TIRS sensor in the analysis, which helps 

directly detect thermal signals generated during 

combustion. For Burn Scar classification, BAIS2 

derived from Sentinel-2 imagery provided the 

highest performance (OA = 96.58%, Kappa = 0.93), 

using the red-edge, NIR, and SWIR bands, which are 

sensitive to changes in post-fire surface conditions. 

This performance is further supported by Sentinel-

2’s relatively fine spatial resolution (10 m for the 

visible/NIR bands and 20 m for the red-edge/SWIR 

bands). However, because Sentinel-2 does not 

provide thermal infrared bands, BAIS2 has limited 

capability for Active Fire classification. These 

results indicate that, under the conditions of this 

study, selecting an appropriate index together with a 

suitable sensor is important for burned area 

classification in the context of mountainous tropical 

forest areas in Northern Thailand.  

The findings of this study can be applied as 

preliminary guidance for selecting indices and 

satellite data for wildfire monitoring. For Active Fire 

mapping, NBRT derived from Landsat 8–9 data 

should be used to support Active Fire detection and 

wildfire response planning. For Burn Scar mapping, 

BAIS2 derived from Sentinel-2 data should be used 

to support post-fire area assessment and the 

identification of targets for restoration. This 

complementary two-sensor approach can be 

integrated with existing wildfire monitoring systems 

to improve the efficiency of fire detection, impact 

assessment, and prioritization of areas for field 

operations. 

However, this study has limitations related to 

cloud, cloud shadow, and smoke cover, which may 

reduce the continuity of detection, particularly for 

Active Fire, which occurs over a short period. In 

addition, the optimal index ranges presented in this 

study are specific to Chiang Mai Province and the 

period from 2019 to 2023. Therefore, they may not 
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be directly applicable to other areas or time periods. 

Applying these ranges to areas with different fire 

regimes, vegetation types, or image acquisition 

conditions may require recalibration. Future studies 

should test these index ranges in other areas by 

comparing the classification results with burned area 

data from MODIS and VIIRS, as well as considering 

additional indices such as MIRBI, NDSWIR, and 

ABAI. Furthermore, the integration of field data, 

satellite data with higher temporal resolution, and 

machine learning may help improve the accuracy of 

burned area classification in mountainous tropical 

forest contexts. 
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