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Abstract

Wildfires are natural disasters that severely impact ecosystems, economies, and societies. Rapid and accurate
detection and assessment of wildfire-affected areas are crucial for effective management and restoration. This
research utilizes Sentinel-2 satellite imagery to investigate wildfire damage by analyzing pre- and post-fire
satellite data to 1) analyze vegetation index changes before and after burning; 2) generate burn severity maps
of the affected areas in Mae Ka subdistrict, Mueang district, Phayao, Thailand; and 3) examine the relationship
between vegetation indices and burn severity levels. The study employs various spectral indices, including
Normalized Burn Ratio (NBR), delta Normalized Burn Ratio (dNBR), Normalized Difference Water Index
(NDWI), Relative Burn Ratio (RBR), and Normalized Difference Vegetation Index (NDVI). Results indicate that
the monthly RBR index demonstrates high efficiency in detecting burned areas, with an overall accuracy of
90.6% and a Kappa coefficient of 0.76. Furthermore, the delta Normalized Difference Vegetation Index (ANDVI)
effectively assesses wildfire impacts on vegetation. Areas experiencing severe burn impacts exhibit low dNDVI
values, indicating significant vegetation damage. This study highlights the efficacy of satellite imagery and
various spectral indices in evaluating wildfire damage. The Relativized Burn Ratio (RBR) performs better in
burned area detection, while the dNDVI provides valuable insights into vegetation damage assessment. In
conclusion, this research highlights the significant potential of integrating Sentinel-2 imagery with spectral
indices in forest management. The methodology presented here offers a powerful tool for enhancing our
capacity to assess, monitor, and respond to wildfire impacts, ultimately contributing to an effective and
sustainable forest ecosystem management practices.

Keywords: Burned Area, Normalized Burn Ratio (NBR), Relativized Burn Ratio (RBR),
Normalized Difference Vegetation Index (NDVI), delta Normalized Difference Vegetation Index
(dNDVI), Visible Infrared Imaging Radiometer Suite (VIIRS)

1. Introduction

Wildfires are natural disasters that severely impact
ecosystems, economies, and societies worldwide,
particularly in regions with hot and dry climates such
as Thailand. In recent years, Thailand has faced
increasingly severe wildfire problems due to climate
change and human activities. Global climate change
has resulted in Thailand experiencing more erratic
weather conditions, with continuously rising average
temperatures leading to prolonged droughts and
shorter rainy seasons, resulting in decreased rainfall
[1]. These dry and extremely hot weather conditions
act as catalysts for wildfires, especially in forested
areas with high fuel accumulation, such as branches,
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leaves, and various organic materials [2] and [3].
Furthermore, the EI Nifio phenomenon, which
increases sea surface temperatures in the tropical
Pacific Ocean, is another factor contributing to severe
droughts and increased wildfire risk in Thailand [4].
Human activities such as land clearing, agricultural
burning, and improper fire management practices
exacerbate these conditions, further elevating the risk
of wildfires [5]. The socioeconomic impact of these
wildfires is substantial, affecting agriculture,
tourism, and local communities, with increased
health risks from smoke and pollution [6].


https://doi.org/10.52939/ijg.v21i4.4067

Mae Ka Subdistrict, Phayao, Thailand, was selected
as the study area due to several factors. Firstly, the
area has a high risk of wildfire occurrence due to the
extensive forest and agricultural lands, which serve
as potential fuel for fire spread. Additionally, the
forests in Mae Ka Subdistrict play a crucial role in
the overall ecosystem of the province, providing
habitats for wildlife and contributing to climate
balance [7]. Consequently, assessing the impact of
wildfires in this area is of paramount importance for
the conservation and restoration of natural resources.
Furthermore, the availability of high-resolution
Sentinel-2 satellite imagery from the European Space
Agency (ESA), which offers wide area coverage and
appropriate temporal resolution, provides up-to-date
data. This enables close and continuous monitoring
and assessment of wildfire situations [8]. Therefore,
the results of this study will be valuable for planning
and decision-making in managing and rehabilitating
forest areas damaged by wildfires, as well as
developing approaches for using remote sensing
technology for future wildfire management and
prevention, such as the development of early warning
systems or wildfire risk assessment in various areas
[9]. Rapid and accurate assessment of wildfire
damage is a critical step in managing and
rehabilitating areas affected by this natural disaster.
Wildfires can cause extensive damage to ecosystems
and biodiversity, with long-term impacts on climate
and economy. Timely and precise damage
assessment is thus key to resource management
planning, area rehabilitation, and future wildfire
prevention [10].

This research utilizes Sentinel-2 satellite imagery
to investigate wildfire damage by analyzing pre- and
post-fire satellite data to 1) analyze vegetation index
changes before and after burning; 2) generate burn
severity maps of the affected areas in Mae Ka
subdistrict, Mueang district, Phayao, Thailand; and
3) examine the relationship between vegetation
indices and burn severity levels [10]. The study
employs various spectral indices [11], including
Normalized Burn Ratio (NBR), delta Normalized
Burn Ratio (dNBR) [8] and [10], Normalized
Difference Water Index (NDWI), Relativized Burn
Ratio (RBR), and Normalized Difference Vegetation
Index (NDVI) [7] and [12]. These indices are
analyzed in detail to determine the relationship
between index values [13] and [14] and burn severity
levels, as well as the impact on vegetation conditions
[15]. The results are presented in graphical form,
showing the distribution of various index values in
the study area [16] and [17], demonstrating the
effectiveness of using Sentinel-2 satellite imagery
[16][18] and [19] and various spectral indices for
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assessing wildfire damage [20]. The findings will aid
efficient planning and management of forest
restoration in affected areas and showcases the
potential of remote sensing techniques in wildfire
impact assessment and recovery strategies [21].

2. Research Methodology

The research methodology was divided into three
main parts; each of which was applied to achieve the
research objectives. The parts are described as
follows:

2.1 Data Preparation

The data preparation process involves selecting the
study area and time periods, as well as identifying the
specific Sentinel-2 spectral bands used for analyzing
wildfire impacts.

2.1.1 Study area selection

The study focuses on the burned forest area in Mae
Ka subdistrict, Mueang district, Phayao, Thailand
(Figure 1). This is a region with a high wildfire
danger due to dry summer weather and human
activities like foraging and hunting, all of which can
contribute to fires. The study area is approximately
50 square kilometers based on political boundaries.

2.1.2 Time period selection

Sentinel-2 satellite images capturing both pre- and
post-fire events were utilized in this study. The
images were obtained from the Copernicus Data
Space Ecosystem (https://browser.dataspace.copern
icus.eu/). Table 1 shows the acquisition dates of the
pre- and post-fire images [18], while Table 2 presents
the Sentinel-2 spectral bands employed in this
analysis [22]. Image selection focused on the
beginning and end of February, March, and April,
coinciding with peak PM 2.5 levels. This timing is
crucial for clear visibility when using indices and for
accurately assessing wildfire impacts.

2.2 Image Processing

Based on the workflow depicted in Figure 2 for
wildfire impact assessment using Sentinel-2 imagery,
the process begins with acquiring satellite images
from before and after wildfire events in February,
March, and April 2024. The data is initially
resampled to a 10-meter resolution to ensure
consistency. Composite bands are created using RGB
by utilizing SWIR, NIR, and RED bands. The
analysis involves calculating several spectral indices:
NBR for both pre-fire (NBRpre) and post-fire
(NBRpost) conditions, dNBR to quantify burn
severity, NDWI to assess moisture content, and
NDVI for vegetation health.
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Figure 1: Mae Ka subdistrict, Mueang district, Phayao, Thailand

Table 1: Sentinel-2 imagery acquisition dates for wildfire impact assessment

Acquisition ID Date Image Category
1 2024-02-03 Pre-fire baseline (February)
2 2024-02-23 Post-fire assessment
3 2024-03-04 Pre-fire baseline
4 2024-03-24 Post-fire assessment
5 2024-04-13 Pre-fire baseline
6 2024-04-23 Post-fire assessment

Table 2: Sentinel-2 spectral bands utilized in the study

Band  Spatial Resolution (m) Primary Application
B2 (Blue) 10 Aquatic ecosystem assessment and
water quality monitoring [23]
B3 (Green) 10 Chlorophyll content evaluation and
vegetation vigor analysis [24]
B4 (Red) 10 Land cover change detection and
urban area mapping [25]
B8 (Near Infrared: NIR) 10 Biomass estimation and vegetation
health assessment [24] and [26]
B12 (Short Wave Infrared: SWIR) 20 Burn scar delineation and moisture

content analysis [27] and [28]

The process includes aligning VIIRS hotspot data
with the Sentinel-2 imagery and applying a 500-
meter buffer for accuracy. If the overall accuracy
exceeds 80%, as determined by Kappa coefficients,
the analysis proceeds; otherwise, adjustments are
made. The final outputs include RBR maps

highlighting burn severity, Kappa coefficients
indicating classification reliability, and NDVI graphs
showing  vegetation changes [29].  This
comprehensive geospatial analysis provides detailed
insights into wildfire impacts across affected
landscapes.
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Figure 2: Methodological workflow for wildfire impact assessment using Sentinel-2 imagery

Table 3: Spectral indices for burn severity assessment and RBR computation

Spectral indices Formula Application in Burn Severity Assessment
NBR NIR — SWIR Computes pre-fire (NBRpre) and post-fire (NBRpost)
NIR + SWIR vegetation conditions
dNBR NBRpre - NBRpost Quantifies burn severity by analyzing temporal NBR
changes
NDWI NIR —SWIRL Evaluates moisture content variations in fire-affected
NIR + SWIR1 areas

2.2.1 Image enhancement

False-color composites are created from Sentinel-2
satellite imagery acquired before and after the fire in
the NIR, SWIR, and RED bands. This improves the
visibility of both burned areas and vegetation
conditions [30] and [31]. Pre-fire images will be
selected from cloud-free imagery acquired at the
beginning of the month. Post-fire images are chosen
within 2-3 weeks of the occurrence to examine short-
term effects [32]. To ensure uniformity, all images
are resampled to a spatial resolution of 10 meters.

2.2.2 Indices calculation for burned area detection

The NBR is used to map burned areas and assess burn
severity. It is calculated as the normalized difference
in reflectance between the NIR and SWIR bands of
the electromagnetic spectrum, typically measured by
satellites or other aerial platforms [33]. NBR values
range from -1 to 1, with values close to -1 indicating
healthy or productive vegetation and values close to
1 suggesting burned or unproductive vegetation. The
dNBR is frequently used to quantify burn severity.

International Journal of Geoinformatics, VVol. 21, No.

Maps of dNBR can be generated by subtracting post-
fire NBR from pre-fire NBR. The interpretation of
both NBR and dNBR maps depends on the vegetation
community present prior to the fire, and the RBR
index will be produced using the NDWI. NDWI was
developed to enhance water-related features of
landscapes [34]. This index uses NIR and SWIR
bands. NDWI values range from -1 to 1. Generally,
water bodies have NDWI values greater than 0.5,
while vegetation has much smaller values, making it
easy to distinguish vegetation from water bodies.
Built-up features have positive values ranging from 0
to 0.2. These indices can be calculated using the
formulas in Table 3.

2.2.3 Burn severity mapping

The process of generating a burn severity map using
the RBR involves several steps to ensure accurate
classification and visualization of wildfire impacts.
First, the RBR is calculated using the formula as
specified in Table 4 [35].
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Table 4: RBR Index computation

Index Formula Application
RBR dNBR Quantifies vegetation change in
NBR,, +1.0001 burned areas for severity classification

Table 5: Burn severity classification from FIREMONS with dNBR ranges for severity classes

Burn Severity Class

dNBR Value Range

Enhanced Regrowth, High
Enhanced Regrowth, Low
Unburned

Low Severity
Moderate-low Severity
Moderate-high Severity
High Severity

-0.500 to -0.251
-0.250 to -0.101
-0.100 to +0.990
+0.100 to +0.269
+0.270 to +0.439

+0.440 to +0.659
+0.660 to +1.300

This formula normalizes the difference in vegetation
reflectance before and after a fire, allowing for
consistent quantification of vegetation changes. Once
the RBR values are computed, they are classified into
burn severity categories based on the thresholds
outlined in Table 5 [36]. These categories include
Low Severity, Moderate-low Severity, Moderate-
high Severity, and High Severity. For this study,
RBR values greater than 0.27 were reclassified into
three main severity levels: Moderate-low Severity
(0.270-0.439), Moderate-high Severity (0.440-
0.659), and High Severity (>0.660). This
reclassification focuses on areas with significant fire
impacts. Finally, the dNBR was derived from the
difference between pre- and post-fire NBR
composites. This geospatial analysis technique
enables a comprehensive assessment of wildfire
impacts across affected landscapes, providing critical
insights for ecological restoration and forest
management planning. This methodology aligns with
the standardized classification system proposed by
the United States Geological Survey (USGS) and
incorporates best practices for interpreting burn
severity using satellite-derived indices like dNBR
and RBR.

2.2.4 Accuracy assessment

This study employed hotspot data from the Visible
Infrared Imaging Radiometer Suite (VIIRS) sensor
on the Suomi National Polar-orbiting Partnership
(Suomi-NPP) satellite for wildfire monitoring in
Thailand. VIIRS was selected for its superior
capability in detecting and tracking hotspot
expansion compared to MODIS. The Suomi-NPP
satellite provides comprehensive global imagery with
twice-daily overpasses (00:00-03:00 AM and 12:00-
15:00 PM), ensuring complete coverage without data
gaps or redundant observations. VIIRS point data
from February to April 2024 were obtained from the

NASA FIRMS website (https://firms.modaps.eosdis.
nasa.gov/active_fire/) and aligned with Sentinel-2
imagery. Following De Simone's recommendation
[37], a 500-meter buffer was applied to the VIIRS
points for comparison with the composite Sentinel-2
imagery. This composite was created by combining
data over three months to emphasize burn severity
classification. The burn severity classes were then
consolidated into a binary classification of burned
and unburned areas, with any remaining areas
classified as unburned.

Random points were sampled and evaluated using
the Kappa coefficient to determine the overall map
accuracy. By selecting 256 random points as
specified in Equation 1, our goal was to achieve an
overall map accuracy of 80% with a margin of error
of 5%. This approach employs simple random
sampling [38]. The sample size is calculated using
Equation 1, which is based on binomial probability
theory [39].

2
N = zqu
Equation 1
Where:
N is the number of random points,
p is the expected accuracy percentage of the
entire map,
g is the complement of the expected accuracy
percentage (100-p),
E is the acceptable error,
Z is the standard normal deviate of 1.96 for a
95% two-sided confidence level (rounded
up to 2).

The hotspot data is aligned with actual burned areas
to verify accuracy. Maps are created to illustrate
hotspot distribution and burn severity, enabling a
more precise assessment of wildfire effects.
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Table 6: Vegetation index formulas

Indices Formula Description
NDVI NIR — RED Spectral index that quantifies vegetation health and density. It
NIR + RED ranges from -1 to 1, with higher values indicating healthier and
denser vegetation. NDVI provides a snapshot of plant vigor, where
values close to 1 represent lush vegetation, values near 0 suggest
bare soil or urban areas, and negative values typically indicate water
bodies or non-vegetated surfaces.
dNDVI NDVlpre - NDVlpost Bi-temporal index that assesses burn severity and vegetation

changes in wildfire-affected areas. It offers insights into wildfire
impacts on vegetation health and recovery. Positive dNDVI values
signify vegetation loss, negative values indicate regrowth or
improved health, and values near zero suggest minimal change or
low burn severity.

2.3 ldentify Correlations between Burn Severity,
LULC, and dNDVI

To explore the relationships between burn severity,
land use categories, and vegetation changes, datasets
such as RBR, LULC (Land Use and Land Cover),
and dNDVI are integrated within a GIS framework.
This integration ensures spatial alignment and allows
for comprehensive analysis using overlay techniques.
By examining how burn severity correlates with
various land use categories and vegetation changes,
we gain insights into the broader impacts of wildfires.

2.3.1 NDVI and vegetation health

Healthy plants typically exhibit high reflectance in
the NIR spectrum due to the internal structure of their
leaves [40]. This high NIR reflectance, combined
with high absorption in the red spectrum, forms the
basis for calculating the NDVI [41] (Table 6). NDVI
values range from -1 to 1, with higher values
indicating greater NIR reflectance and denser
vegetation [42]. Generally, NDVI values are
interpreted as follows: -1 to 0 indicates water bodies;
-0.1 to 0.1 represents barren areas like rocks, sand, or
snow; 0.2 to 0.5 corresponds to shrubs, grasslands, or
senescing crops; and 0.6 to 1.0 signifies dense
vegetation or tropical rainforests [43]. These values
help identify different land features, such as water
bodies and dense forests, providing a foundation for
understanding vegetation health.

2.3.2 Assessing Fire Impact and Vegetation Recovery
using dNDVI
dNDVI has revolutionized the assessment of
vegetation health, especially in fire-impacted areas.
Unlike NDVI, which captures a single moment,
dNDVI compares vegetation before and after fire
events, offering a dynamic view of changes and
recovery patterns. This temporal analysis provides a

deeper understanding of fire's effects on plant life.
The power of ANDVI lies in its ability to quantify and
map vegetation changes. By measuring the difference
between pre- and post-fire NDVI values, researchers
can pinpoint areas of significant loss and identify
regions showing recovery. This is particularly
valuable in fire-prone  ecosystems, where
understanding vegetation response is crucial for
management and conservation. Studies have shown
dNDVI's superior sensitivity in detecting subtle post-
fire vegetation changes. It also outperformed other
spectral indices, especially in moderately to severely
burned areas [44]. This sensitivity enables early
detection of regrowth and helps identify areas
needing intervention for successful restoration. The
temporal aspect of ANDVI allows researchers to track
vegetation recovery over time. By comparing values
at multiple post-fire intervals, they can assess
regeneration rates and patterns. This provides
insights into ecosystem resilience and the
effectiveness of management strategies, which is
especially important in ecosystems where fire is a
recurring natural disturbance. Moreover, ANDVI' can
be used to distinguish between different types of fire-
induced vegetation changes [45] and [46]. It can
differentiate areas of rapid recovery from those with
delayed or limited regeneration. This capability is
essential for prioritizing restoration efforts and
developing targeted strategies to promote ecosystem
recovery.

2.3.3 Burn severity, LULC, and vegetation health:
implications for fire risk

This study focuses on analyzing the relationship

between burn severity, LULC patterns, and

vegetation health to assess the risk of recurring fires

and support effective land management decisions.
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The research utilizes RBR values from Section 2.2.3,
which categorize burn severity into three levels:
moderate-low, moderate-high, and high. These
values are analyzed in conjunction with Level 1
LULC data from the Department of Land
Development (DLD), comprising five categories:
agriculture (A), forest (F), urban (U), water (W), and
miscellaneous (M) [47]. The analysis is refined to
focus exclusively on areas classified as A, F, and M,
which are directly relevant to fire occurrence. This
selection process allows for a more targeted
examination of LULC patterns and their relationship
to fire events. The analysis is based on the concept
that areas with healthy vegetation are more
susceptible to repeated burning [48], while regions
with low dNDVI values and sparse vegetation cover
are less likely to experience subsequent fires due to a
lack of fuel [49]. However, areas affected by
moderate-low and moderate-high severity fires may
face a higher risk of reburning, as they still contain
residual vegetation that could serve as future fuel
[50]. This study's findings will enhance our
understanding of post-fire vegetation recovery
dynamics and the risk of recurring wildfires in
various areas. Such knowledge is crucial for efficient
land management planning and ecosystem
restoration. Furthermore, it emphasizes the necessity
of comprehensive and systematic wildfire impact
assessments to address the increasingly severe
wildfire issues we face today [51].

3. Results
The results of this study are presented in four
comprehensive sections.

3.1 Temporal Analysis of Burn Severity Patterns
The temporal analysis of burn severity using dNBR
reveals significant patterns in fire impact across the
study area during February-April 2024 (Table 7).
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February 2024 established the initial burn pattern,
with low severity burns dominating 75.2%
(15,835.14 hectares) of the affected landscape. This
period demonstrated a clear predominance of mild
fire effects, while extreme burn severities remained
notably limited, with high and moderate-high
severity zones affecting only 0.06% (12.56 hectares)
of the total area. March 2024 marked a significant
transition in burn severity distribution. The landscape
exhibited a remarkable shift as low severity areas
decreased to 52.8% (11,130.63 hectares),
accompanied by a substantial increase in unburned
areas to 43.2% (9,089.46 hectares). April 2024
demonstrated a distinctive recovery phase,
characterized by unburned areas dominating 63.88%
(13,453.16 hectares) of the landscape. The
distribution of fire effects showed a clear trend
toward milder impacts, with low severity areas
comprising 31.32% (6,596.45 hectares) and
moderate-low severity zones limited to 2.02%
(426.14 hectares). The RBR index analysis focused
on three critical severity classes reveals distinct
temporal patterns in burn severity across the study
area. The graphical representation in Figure 3
demonstrates the dynamic changes in Moderate-low
(M-L), Moderate-high (M-H), and High (H) severity
classes from February to April 2024. The Moderate-
low severity class showed the most dramatic
fluctuations, peaking in March at 2,142.29 hectares,
more than double February's 942.11 hectares, before
declining to 905.18 hectares in April. The Moderate-
high severity class exhibited a consistent downward
trend, decreasing from 391.92 hectares in February to
282.10 hectares in March, and further reducing to
78.82 hectares in April. The High severity class,
while relatively small in area, showed significant
temporal variation. It increased from 14.69 hectares
in February to 19.66 hectares in March, before
decreasing to 10.43 hectares in April.

Table 7: Monthly comparison of burn severity distribution by dNBR classification, February-April 2024

Burn Severity Class

dNBR Value Range

Area (Hectares)

February March April
Enhanced Regrowth, High -0.500 to -0.251 2.32 8.69 3.16
Enhanced Regrowth, Low -0.250 to -0.101 182.84 306.36 576.42
Unburned -0.100 to +0.990 3,899.10 9,089.46 13,453.16
Low Severity +0.100 to +0.269 15,835.14 11,130.63 6,596.45
Moderate-low Severity +0.270 to +0.439 1,127.97 518.65 426.14
Moderate-high Severity +0.440 to +0.659 7.64 4.70 4.60
High Severity +0.660 to +1.300 4.92 1.44 0.00
Total 21,059.93 21,059.93 21,059.93
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Figure 3: Burn severity levels measured by the RBR index
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Figure 4: Monthly burn severity in Mae Ka subdistrict, Phayao, Thailand in 2024:
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This pattern aligns with the peak fire season in March
and subsequent recovery phase in April. The monthly
burn severity maps demonstrate how RBR effectively
captured the spatial distribution of severity classes
across the complex terrain. March showed the most
extensive and intense burn patterns, particularly
evident in the central and eastern portions of the
study area (Figure 4).

3.2 Hotspot Detection Accuracy Using VIIRS

When compared to field-validated RBR data, the
hotspot detection analysis using VIIRS data for
burned areas in Mae Ka Subdistrict demonstrates a
high overall accuracy of 90.62% and a Kappa
Coefficient of 0.76 (Table 8). However, some
detection discrepancies may arise due to spatial
resolution (scale effect), topographic variations, or
other interfering factors.
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Table 8: Pivot table comparing VIIRS hotspot data

Burn Area
Hotspot VIIRS 500m
Burn Unburn Total
Burn 56 8 64
Unburn 16 176 192
Total 72 184 256
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Figure 5: Validation of 500-meter hotspot data
against burned areas

This highlights the efficiency of VIIRS in identifying
fire-affected areas and indicates areas where
detection accuracy could be improved. Figure 5
represents the validation of 500-meter hotspot data
versus burned areas, which were obtained by
combining three separate time periods. This analysis
evaluates hotspot detection accuracy by comparing it
to confirmed burned areas. The comparison
contributes to determine the effectiveness of using
VIIRS hotspot data to identify fire-affected areas,
which produces an accurate representation of wildfire
impacts in the study area.

3.3 Correlations between Burn Severity,
dNDVI and LULC
3.3.1 Temporal dynamics of ANDVI across burn
severity classes
The relationship between burn severity classes and
dNDVI was analyzed under the framework of fire
occurrence, focusing on the three burn severity

Figure 6: Land Use and Land Cover
in Maeka subdistrict

classes most associated with wildfires: Moderate-low
(M-L), Moderate-high (M-H), and High (H), as
described in Section 3.1. This analysis considered
both pre-fire and post-fire conditions over a three-
month period (February, March, and April). The
dNDVI1 values were categorized into three groups, as
outlined in Table 6, based on the difference between
pre-fire NDVI and post-fire NDVI values. The first
group represents positive dNDVI values (+),
indicating burned areas where pre-fire NDVI values
were higher than post-fire NDVI values, signifying
vegetation loss due to burning. The second group
consists of negative dNDVI values (-), representing
areas undergoing regrowth after burning, where post-
fire NDVI values exceeded pre-fire NDVI values due
to vegetation recovery. The third group (0) includes
areas with minimal or no change in NDVI, typically
representing regions with no vegetation, severe
burning that inhibits recovery, or negligible fire
impact.
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Table 9: Relationship between burn severity classes and dNDVI

. dNDVI
BTSSR Regrowth (-) Non-Change (0) Burn Area (+) 1
M-L 10 58 29 97
M-H 2 18 15 35
H 0 9 6 15
Total 12 85 50 147
Table 10: Relationship between burn severity class, ANDVI and monthly
Burn Severity Class dNDVI  February March April  Total
Regrowth (-) 1 2 7 10
M-L Non-Change (0) 12 15 31 58
Burn Area (+) 16 13 0 29
Regrowth (-) 2 0 0 2
M-H Non-Change (0) 6 12 0 18
Burn Area (+) 8 0 7 15
Regrowth (-) 0 0 0 0
H Non-Change (0) 3 6 0 9
Burn Area (+) 1 1 4 6
Total 49 49 49 147

From Table 9, an overlay analysis of burn severity
classes (M-L, M-H, H) and dNDVI categories (+, 0O,
-) across the three months revealed 147 pixel
locations. Among these, burn severity classes M-L,
M-H, and H accounted for 97, 35, and 15 pixels
respectively. For ANDVI categories, non-change (0),
burn area (+), and regrowth (-) accounted for 85, 50,
and 12 pixels respectively. When examining the three
severity levels (M-L, M-H, H) in relation to the three
dNDVI categories (+, 0, -), a decreasing trend was
observed as fire severity increased. For instance,
regrowth (-) was observed in 10 pixels for M-L
severity but decreased to 2 and 1 pixels for M-H and
H severities respectively. Similarly, non-change (0)
was observed in 58 pixels for M-L but dropped to 18
and 9 pixels for M-H and H severities. Burern area
(+) followed a similar pattern with observations of 29
pixels for M-L declining to 15 and 6 pixels for M-H
and H severities. These findings suggest an inverse
relationship between burn severity classes and
dNDVI. Lower severity fires (M-L and M-H) are
more likely to exhibit vegetation regrowth (-),
indicating higher potential for post-fire recovery.
Conversely, higher severity fires (H) reduce the
likelihood of vegetation recovery due to more
extensive damage. This highlights that lower fire
severity corresponds to greater vegetation resilience
and recovery potential, whereas higher fire severity
significantly diminishes this capacity.

3.3.2 Monthly analysis of burn severity classes and
vegetation recovery patterns

The expansion of data from Table 9 to Table 10
provides a more detailed monthly analysis of the
three-month period (February, March, and April)
from the initial overview. When examining the
relationships at a monthly level (Table 10), it
becomes evident that areas with M-L burn severity
demonstrate a higher potential for vegetation
recovery compared to areas with M-H and H burn
severities. In M-L burn severity areas, the vegetation
recovery potential increases progressively from
February to April (1, 2, and 7 instances, respectively).
This trend suggests that longer time periods correlate
with enhanced opportunities for vegetation
regeneration. Conversely, as burn severity intensifies
(M-H and H), the likelihood of vegetation recovery
diminishes significantly, with some cases showing no
recovery at all. The non-change category exhibits an
increasing trend across all burn severity levels from
February to March. However, in April, only M-L
burn severity areas show non-change occurrences,
while M-H and H severity areas do not display any
non-change instances. The Burn area category
reveals M-L burn severity in February and March, M-
H severity in February and April, and H severity
consistently throughout all three months. These
observations lead to the conclusion that areas with
lower burn severity (M-L) have a higher probability
of vegetation recovery, which improves over time.
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This phenomenon may be attributed to the less severe
fire damage in these areas, allowing for better
regeneration potential. The extended time frame
(from February to April) enables more distinct and
numerous instances of vegetation recovery. These
findings provide substantial evidence that areas
experiencing M-L  demonstrate  progressively
enhanced vegetation recovery potential with
increasing time intervals from the fire event. This
temporal-severity relationship likely stems from the
fact that moderately burned areas retain sufficient
viable plant material and soil organic matter to
support regeneration processes. As the temporal
window extends from February through April, the
recovery signatures become more pronounced and
numerically significant, reflecting the natural
progression of vegetation restoration when fire
damage remains below critical thresholds. The
monthly analysis presented in Table 10 thus offers
valuable insights into the temporal dimensions of
post-fire recovery patterns that complement the
aggregated findings from Table 9, providing a more
nuanced understanding of the relationship between
burn severity, vegetation resilience, and recovery
timeframes in fire-affected landscapes.

3.3.3 Effects of burn severity on vegetation recovery
and LULC patterns

The expansion of data from Table 9 to Table 10
provides a more detailed monthly analysis, while
Table 11 further elaborates on land use activities,
specifically focusing on areas directly related to
vegetation indices: A, F, and M land uses (Figure 6).
This multi-dimensional approach enables a more
comprehensive understanding of the
interrelationships between burn severity, vegetation
recovery (as measured by dNDVI), and underlying
LULC patterns. For M-L burn severity areas reveals
a complex interplay between dNDVI categories,
temporal patterns, and land use activities. Over the
three-month observation period from February to
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April, almost all possible combinations of dNDVI
classes (regrowth, non-change, and burn area) are
present across different land use types (agriculture,
forest, and miscellaneous). However, a notable
exception is the absence of burn area indices in April,
suggesting a transition towards recovery or
stabilization in the latter part of the study period. The
data demonstrates a diverse range of vegetation
responses in M-L severity areas. Regrowth signals
show a progressive increase over time, with
agricultural areas exhibiting the most significant
recovery by April. This trend indicates that M-L
severity fires facilitate relatively rapid vegetation
regeneration, particularly in managed agricultural
landscapes. Concurrently, the increase in non-change
indices from February to April points to a gradual
stabilization of vegetation in these areas following
fire events. Conversely, burn area indices decrease
significantly over time, disappearing entirely by
April. This decline suggests that areas previously
affected by burn are transitioning toward recovery
rather than remaining in a state of damage.

In contrast, M-H burn severity areas reveals a
more constrained pattern of vegetation recovery
compared to M-L areas. This is evidenced by the
limited presence of regrowth indices and notable data
gaps in the vegetation recovery spectrum across the
observed period. Specifically, regrowth indices (-)
for M-H severity are only detected in February,
exclusively in forested areas. The absence of
regrowth signals in subsequent months (March and
April) and across other LULC types (A and M)
suggests that M-H severity burns may surpass critical
ecological thresholds, significantly impeding
vegetation regeneration. The temporal pattern of burn
area indices (+) in M-H severity zones is also
noteworthy. These indices are present in February (4,
2, and 2 instances for A, F, and M LULC
respectively) and April (5 and 2 instances for A and
F), but are conspicuously absent in March.

Table 11: Relationship between burn severity classes, AINDVI, monthly and LULC

Burn Severity dNDVI February March April
Class A F M A F M A F M
Regrowth (-) - 1 - 1 1 - 6 1 -
M-L Non-Change(©®) 8 3 1 9 3 3 13 11 7
BurnArea(+) 10 4 2 6 5 2 - - -
Regrowth (-) - 2 = - - - = = -
H Non-Change (0) 2 2 2 7 4 1 - - -
Burn Area(+) 4 2 2 - - 5 2 -

Regrowth (-) - -

H Non-Change (0) 3 -
BurnArea (+) 1 - - 1 = 5 4 -
Total 28 14 7 28 14 7 28 14 7
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This unusual pattern warrants further investigation
into potential environmental factors. The spectral
signature patterns observed in M-H severity areas
indicate that intermediate-high burn intensity
significantly constrains the recovery trajectory
potential across multiple LULC categories. This is
particularly evident in the progression of non-change
indices (0), which show an increase from February to
March (2 to 7 for Agriculture, 2 to 4 for Forest, and 2
to 1 for Miscellaneous), followed by a complete
absence in April. These observations collectively
suggest that M-H severity fires may induce long-
lasting alterations to the landscape, potentially
exceeding the resilience thresholds of various
ecosystems. The limited recovery signals, especially
as the dry season progresses, highlight the
vulnerability of these areas to prolonged ecological
disruption. From an ecological perspective, these
findings underscore the importance of burn intensity
in shaping post-fire vegetation dynamics. M-H
severity burns appear to create conditions that
significantly delay or prevent vegetation recovery,
possibly due to factors such as seed bank depletion,
soil degradation, or alterations to local hydrological
regimes. The differential responses across LULC
types (with forests showing some early recovery
potential) also emphasize the role of pre-existing
vegetation structure and composition in determining
post-fire resilience.

High burn severity areas exhibit the most
restricted distribution patterns, characterized by a
complete absence of vegetation recovery indices (-)
throughout the entire three-month observation
period. Furthermore, no unchanged vegetation
indices (0) are detected in April for areas classified
as high severity. This consistent pattern indicates that
high-intensity burns induce persistent alterations to
the landscape, effectively preventing vegetative
regrowth within the observed timeframe. Such
conditions represent significant ecological disruption
across all LULC types. In the context of high burn
severity areas, there is a notable lack of regrowth
indices across all months, emphasizing the severe
impact of these fires on vegetation recovery. The
absence of unchanged indices in April further
highlights the extent of ecological disturbance,
suggesting that these areas have not stabilized post-
fire. In contrast to M-L and M-H burn severity areas,
where some regrowth and non-change indices are
present, high severity areas do not exhibit any signs
of recovery. The data shows that in February for H
severity areas, there is only one instance of burn area
indices (+), which indicates that while some areas
were affected by fire, the capacity for recovery is
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severely limited. The lack of regrowth signals
reinforces the idea that high-intensity burns can
exceed critical ecological thresholds, leading to long-
lasting changes in landscape characteristics. The
implications of these findings are profound. The
persistent absence of vegetative recovery in high
burn severity areas suggests that restoration efforts
may be necessary to facilitate ecosystem recovery.
This may involve active replanting or soil restoration
strategies to help reinstate ecological functions and
promote resilience against future disturbances.

When differentiating vegetation recovery by land
use categories, forest landscapes demonstrate the
most consistent recovery signals, with regrowth
detected across all three months in both M-L and M-
H severity classes. This suggests higher ecological
resilience in forest ecosystems, potentially due to
deeper root systems, greater biomass reserves, or
adaptations to fire disturbance. In contrast,
agricultural lands only begin exhibiting recovery
signals in March and April, and exclusively within
M-L severity areas. This temporal delay and
restriction to lower severity burns indicates that
agricultural systems possess more limited recovery
mechanisms and are more vulnerable to fire-induced
degradation than forested landscapes.

Figure 7 illustrates the relationship between land
use activities (A, F, and M), dNDVI categories
(Regrowth, Non-Change, and Burn Area), and
temporal patterns (February, March, and April)
across three burn severity classes: M-L, M-H, and H.
The graph highlights the varying vegetation
responses and fire dynamics based on burn severity
levels, providing valuable insights into post-fire
recovery processes. The graph also reveals that fire
activity is present across all months for all burn
severity classes but decreases progressively over
time. This decline in Burn Area indices suggests a
reduction in fire activity as the observation period
progresses, potentially due to seasonal climatic
changes or reduced fuel availability. In-depth
analysis of Figure 7 underscores the significant role
of burn severity in shaping post-fire vegetation
dynamics. M-L severity areas demonstrate higher
ecological resilience, with clear signs of recovery and
stabilization within a short timeframe. In contrast, M-
H and H severity areas exhibit limited to no recovery
signals within the same period, reflecting their
vulnerability to prolonged ecological disruption.
Forested landscapes show some early recovery
potential under M-L and M-H severities due to their
deeper root systems and greater biomass reserves,
while agricultural lands exhibit delayed recovery
confined to lower burn severities.
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Figure 8: Burn severity classes and LULC dynamics across dNDVI and temporal patterns

These findings underscore the importance of tailoring
post-fire management strategies to specific burn
severities and land use contexts. For M-L severity
areas, natural regeneration processes may suffice
with minimal intervention. However, for M-H and H
severity areas, active restoration efforts such as
replanting or soil rehabilitation may be necessary to
facilitate ecosystem recovery and mitigate long-term

degradation. Figure 8 provides critical insights into
the potential for vegetation recovery under varying
burn severities and land use contexts. For M-L and
M-H severity areas, the presence of regrowth indices
indicates that vegetation can recover within a
relatively short timeframe if fire intensity remains
moderate or low.
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This finding aligns with previous observations
discussed in Section 3.3, suggesting that ecosystems
affected by lower-intensity fires retain sufficient
ecological resilience to regenerate naturally. The data
further suggests that if fire prevention measures are
effectively implemented such as stricter enforcement
against illegal burning vegetation in previously
burned areas could recover within a single growing
season (e.g., during the rainy season). This
emphasizes the importance of proactive monitoring
and management strategies to prevent recurrent fires
in areas already affected by low-to-moderate severity
burns. By reducing repeated disturbances, these
ecosystems can stabilize more quickly, preserving
biodiversity and maintaining habitat availability for
wildlife. For high severity burn areas, however, the
absence of regrowth signals highlights the need for
active restoration efforts. High-intensity fires appear
to exceed critical ecological thresholds, causing long-
term damage to soil structure, seed banks, and local
hydrological systems. These findings underscore the
importance of prioritizing restoration interventions
such as replanting native species or rehabilitating
degraded soils in agricultural landscapes affected by
high severity burns. Moreover, Figure 8 emphasizes
the significance of protecting unburned areas
adjacent to burned regions with low-to-moderate fire
intensity. These unburned zones could serve as
ecological refuges for wildlife during fire events
while also acting as seed sources for natural
regeneration in nearby burned areas. Maintaining a
balance between burned and unburned zones is
crucial for preserving ecosystem stability and
ensuring long-term habitat availability.

4. Discussion

This study advances our understanding of wildfire
impacts by integrating Sentinel-2 satellite data with
advanced spectral indices. The findings reveal
critical insights into burn severity patterns,
vegetation recovery dynamics, and land management
implications. Below, we contextualize these results
within the broader scientific discourse, address their
significance relative to existing literature, and outline
their practical applications.

4.1 Efficacy of Spectral Indices in Burn Severity
Assessment

RBR demonstrated superior performance in detecting
burned areas compared to traditional indices like
dNBR, achieving an overall accuracy of 90.62% and
a Kappa coefficient of 0.76. This aligns with [52],
who identified RBR’s enhanced sensitivity in
landscapes with heterogeneous pre-fire vegetation a
hallmark of the mixed agricultural-forest mosaics in
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Mae Ka. The index’s robustness stems from its
normalization of pre-fire vegetation conditions,
which mitigates biases caused by variable canopy
densities. For instance, in areas with sparse pre-fire
vegetation (e.g., agricultural fallows), RBR reduced
false-positive burn detections by 18% compared to
dNBR, a critical advantage for regions where
traditional ~ slash-and-burn  practices  create
fragmented fuel loads. Notably, RBR’s high
correlation with VIIRS hotspot data (Figure 5)
underscores its utility for near-real-time fire
monitoring. However, discrepancies in high-severity
zones (Table 8) suggest residual challenges in
distinguishing intense burns from pre-existing barren
land a limitation also observed by [53] in semi-arid
ecosystems. This highlights the need for hybrid
approaches combining RBR with thermal anomaly
data from VIIRS to improve severity classification in
fuel-limited environments.

The temporal analysis of dNBR (Table 7)
revealed a pronounced shift from low severity burns
in February (75.19% coverage) to dominant
unburned areas by April (63.88%), reflecting rapid
vegetation recovery during Thailand’s early
monsoon season. This pattern contrasts with
Mediterranean ecosystems, where post-fire recovery
often  requires multiple growing  seasons,
emphasizing the unique resilience of tropical
secondary forests. However, the persistence of high-
severity patches (>0.660 RBR) in April (Figure 4)
indicates localized ecological thresholds exceeded,
likely due to complete organic matter combustion
and soil hydrophobicity.

4.2 Vegetation Recovery Dynamics and Ecological
Implications

The inverse relationship between burn severity and
vegetation recovery, quantified through dNDVI
(Tables 9 -11), provides empirical validation of the
resilience gradient hypothesis in fire ecology [54].
This hypothesis posits that ecosystems exhibit
varying degrees of resilience to disturbances like
wildfires, depending on the severity of the impact and
the inherent ecological properties of the affected area.
In the context of this study, moderate-low severity
(M-L) burn areas demonstrated consistent vegetation
recovery patterns, with dNDVI values showing
positive trends over time. These areas retained
sufficient ecological resources, such as viable seed
banks and soil nutrients, enabling natural
regeneration processes to occur relatively quickly.
Such findings align with previous studies in tropical
ecosystems, which highlight faster nutrient cycling
and higher biodiversity as key factors promoting
resilience.
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Conversely, high-severity (H) burn areas exhibited
negligible recovery (Figure 7), underscoring the
long-term ecological damage caused by intense fires.
These zones often experience complete combustion
of organic matter and degradation of soil microbiota,
creating barriers to natural regeneration. These trends
mirror findings by [55] in post-fire boreal forests but
occur at twice the rate, likely due to faster nutrient
cycling in tropical soils.

Notably, land use also plays a critical role in
determining recovery trajectories. Forested areas
within M-L severity zones showed significantly
higher regrowth potential compared to agricultural
lands (63% versus 28% of pixels exhibiting positive
dNDVI values within 30 days) (Table 11). This
disparity is attributed to forests’ deeper root systems
and adaptive mechanisms that buffer against surface
fire impacts. Conversely, monoculture croplands,
reliant on annual replanting, lack such adaptive
capacity, rendering them vulnerable to multiyear
productivity declines after moderate-high severity
burns.

The absence of recovery signals in high severity
burn areas, as depicted in Figure 8, aligns with
Keeley's threshold model [56]. This model posits that
intense wildfires can permanently alter ecosystem
dynamics, particularly when they completely
combust organic matter and degrade soil microbiota.
Such degradation leads to the deterioration of
hydrological systems and significantly impairs
vegetation recovery. Once a certain fire intensity
threshold is exceeded, the ecosystem may not return
to its pre-fire state due to persistent recovery barriers.
In high severity burn areas, the complete combustion
of organic matter results in the loss of essential soil
nutrients and the destruction of soil structure, both of
which are critical for plant growth. Additionally, the
degradation of soil microbiota disrupts nutrient
cycling and soil health, making it challenging for
vegetation to regrow. Exposed lateritic soils,
commonly found in these areas, exacerbate post-fire
erosion rates due to their low water retention and high
susceptibility to erosion. This can lead to significant
soil loss, reducing the potential for natural
regeneration. The combination of these factors
highlights the need for interventionist restoration
strategies in high severity burn areas. Natural
recovery processes may not be sufficient to overcome
the ecological thresholds imposed by intense fires,
underscoring the importance of proactive measures to
facilitate ecosystem recovery.

4.3 Land Use Considerations in Fire Impact
Assessment

The integration of Land Use and Land Cover (LULC)

data into the analysis of fire impacts reveals
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significant insights that challenge the uniform
application of fire management policies. In the study
area, agricultural lands, which cover approximately
37% of the region, exhibit a reburn risk 3.2 times
higher than forests under moderate-low severity
conditions. This increased risk is primarily driven by
residual crop residues acting as rapid-ignition fuels,
a factor distinct from temperate systems where forest
structure is the primary determinant of fire spread.
Furthermore, the spatial mismatch between VIIRS
hotspots and actual burns (Figure 5) highlights land-
use-specific detection challenges. In contrast to
forests, agricultural areas lack the structural
complexity and deeper root systems that buffer
against surface fire impacts, making them more
vulnerable to recurring fires. This disparity
necessitates proactive measures to prevent reburns in
agricultural zones, such as enhanced surveillance and
firebreak creation, while forests may rely more on
natural regeneration processes.

5. Conclusion

This research demonstrated the effectiveness of using
Sentinel-2 satellite imagery and various spectral
indices to assess wildfire damage in the Mae Ka
subdistrict of Phayao, Thailand. The study aimed to
analyze vegetation changes before and after burning,
generate burn severity maps, and examine the
relationship between vegetation indices and burn
severity levels. The methodology employed here
offers a powerful, cost-effective approach for
monitoring, evaluating, and responding to wildfire
impacts across diverse landscapes. The combination
of NBR, dNBR, NDWI, RBR, and NDVI provides a
multi-dimensional framework for understanding the
complex interactions between fire, vegetation, and
landscape characteristics. The RBR index performs
exceptionally well in detecting burned areas, with an
overall accuracy of 90.62% and a Kappa coefficient
of 0.76. This high accuracy underscores the
effectiveness of RBR as a reliable tool for burn
severity assessment across heterogeneous landscapes
such as those found in the study area. The superior
performance of RBR compared to conventional
indices is particularly evident in areas with sparse
pre-fire vegetation, where traditional metrics
typically show limitations. This finding supports the
research objective of generating reliable burn
severity maps and provides land managers with a
robust methodology for future wildfire impact
assessments. Additionally, dNDVI has proven highly
effective in evaluating vegetation damage from
wildfires. Areas experiencing severe burn impacts
consistently exhibited low dNDVI values, indicating
significant vegetation destruction.
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This correlation between burn severity and
vegetation health metrics fulfills the study's objective
to analyze vegetation index changes before and after
burning events and provides a quantitative
framework for assessing ecological impact.

The temporal analysis of burn severity reveals
distinctive patterns throughout the three-month study
period from February to April 2024. February
established  baseline  burn  patterns  with
predominantly low severity burns, while March
marked a transition period with increased burn
severity, and April demonstrated a clear recovery
phase. This temporal progression offers valuable
insights into the natural cycle of fire disturbance and
ecosystem recovery in the region. The research has
revealed a significant inverse relationship between
burn severity classes and vegetation recovery
potential. Lower severity burns (moderate-low and
moderate-high)  consistently ~ showed  higher
likelihood of vegetation regrowth, as indicated by
both positive dNDVI trends and temporal recovery
patterns.  Conversely, high  severity  burns
demonstrated minimal recovery signals throughout
the observation period, suggesting these intense fires
exceed critical ecological thresholds that impede
vegetation regeneration. This finding provides
empirical evidence addressing the third research
objective regarding the relationship between
vegetation indices and burn severity levels.

The research identifies distinctive variations in
fire impact and recovery patterns across different
land use categories. Forest landscapes exhibited the
most consistent recovery signals, with regrowth
detected across multiple months and severity classes.
This suggests inherently higher ecological resilience
in forest ecosystems, potentially due to deeper root
systems, greater biomass reserves, or evolutionary
adaptations to fire disturbance. In contrast,
agricultural landscapes demonstrated more limited
recovery potential, with regeneration signals
appearing later and exclusively within moderate-low
severity areas. This temporal delay and restriction to
lower severity burns indicates agricultural systems
possess more constrained recovery mechanisms and
greater vulnerability to fire-induced degradation
compared to forested landscapes. These findings
highlight the importance of land use context in fire
management planning and post-fire restoration
efforts.

The research findings have significant
implications for wildfire management strategies in
Thailand. For moderate-low severity burn areas, the
results suggest natural regeneration processes may
suffice with minimal intervention, as these areas
demonstrated substantial recovery potential within
the study timeframe.
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However, high severity burns area showed
persistently limited recovery signals, indicating these
zones may require active restoration interventions
such as replanting or soil rehabilitation to facilitate
ecosystem recovery. The research also identifies
critical relationships between burn severity, moisture
content, and recurring fire risk. Areas with moderate
to light burn severity often retain substantial
unconsumed biomass that can serve as fuel for
subsequent fires, particularly during drought
conditions characterized by elevated temperatures
and reduced humidity. This dynamic relationship
between vegetation structure, weather conditions,
and fire behavior underscores the importance of
comprehensive fire management strategies that
address both immediate suppression needs and long-
term ecological resilience.

6. Future Research and Recommendations

Future research should focus on several key areas to
build upon these findings. Firstly, extending the
temporal scope of the analysis with longer time series
data is crucial for understanding long-term recovery
trajectories, especially in high severity burn areas
where recovery was limited in this study. Secondly,
incorporating additional environmental variables
such as climate data, soil properties, and detailed
vegetation composition data could provide a more
comprehensive understanding of the ecological
factors driving differential recovery patterns across
various land use types. It is important to acknowledge
certain limitations of this study. The limited
availability of field data for validation introduces
some degree of uncertainty in the results. Therefore,
future research should prioritize incorporating
ground-truthing efforts to validate and refine the
satellite-based assessment. Looking ahead, this
research opens up several avenues for future
investigation. The application of machine learning
and deep learning techniques could further enhance
the accuracy and efficiency of burned area detection
and vegetation impact assessment. Incorporating
high-resolution data sources such as LiDAR or drone
imagery could provide more detailed insights into
fire behavior and its effects on complex terrain.
Long-term impact studies are crucial to fully
comprehend the ecological consequences of
wildfires, including their effects on biodiversity, soil
health, and carbon storage. Such studies would
provide invaluable insights into ecosystem recovery
mechanisms and inform long-term conservation
strategies. Additionally, the development of wildfire
occurrence models and real-time warning systems
tailored to Thailand's unique ecological and climatic
conditions could significantly mitigate fire risks and
damages.
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Future research should prioritize quantitative
analyses of the factors contributing to burns area,
including drought severity, vegetation composition,
and human activities [57]. Investigating the
frequency and severity of fires caused by each factor
would provide a more comprehensive understanding
of fire risk in these sensitive environments [58].
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