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ABSTRACT

This study aims to analyze factors influencing wildfire occurrence and generate a wildfire risk map for Thung
Salaeng Luang National Park. Hotspot data were acquired using the satellite sensor of Suomi NPP and the VIIRS
system over the study period ranging from 2021 to 2025, having a total of 420 hotspot records. Maximum Entropy
Modeling was conducted on the relationship between the presence of wildfire hotspot occurrences and five
environmental geographic variables extracted from the remote sensing data such as Elevation Above Sea Level,
Slope, Aspect, NDVI, and LST. It is observed that the statistical model performed well in terms of prediction
of wildfire risk with an AUC value of 0.812. The most influential factors for wildfire occurrence and spatial
distribution were NDVI, LST, Slope, Elevation Above Sea Level, and Aspect. Based on the analysis of the wildfire
risk assessment model, the wildfire risk zones of Thung Salaeng Luang National Park were divided into five
different levels: very high/extreme risk, high risk, moderate risk, low risk, and lowest risk, which belong to
the very low-risk level and cover 724.77 km2 (58.22%) of the total area. Following this, there are low-risk areas,
which cover an area of 227.16 km2 (18.25%), moderate-risk areas, which cover 177.12 km2 (14.23%), high-risk
areas, which cover 97.47 km2 (7.83%), and very high-risk areas, which cover 18.45 km2 (1.48%). The very high-
risk zones are predominantly distributed in Wang Thong District and Noen Maprang District. These findings
provide essential spatial information for wildfire risk management planning by ranking the relative importance
of environmental and geographic factors, thereby enabling more efficient mitigation of wildfire occurrence
and reducing potential damage and associated impacts within this study area.

Keywords: Wildfire risk assessment, Environmental variables, Spatial distribution analysis, Thung Salaeng
Luang National Park, VIIRS hotspot data

INTRODUCTION

Many protected forests in Thailand are subject
to periodic forest fires annually. From the information
about fires in Thailand from 2013 to 2025 over 13 years,
more than 67,000 forest fires occurred, affecting about
2,613.43 square kilometers of forest areas [1]. However,
while there is a need for wildfires in some ecosystems,
which are capable of adaptation to the effects of wildfires
such as stimulating the process of seed germination
and forest structure maintenance in deciduous and
mixed deciduous forests, the problem of uncontrolled
and excessive wildfires results in serious harm to the
ecosystem. Forest fires negatively affect biodiversity,
water and soil resources, habitats of wildlife [2],
and people's health due to the formation of haze
and fine particulate matter (PM2.5) [3]. One of the
regions that suffer from forest fires is Thung Salaeng
Luang National Park, which is located in Phitsanulok
and Phetchabun provinces. This region is of extreme
significance in terms of preserving natural resources

and biodiversity and acting as wildlife habitat. It
also helps in the maintenance of natural environment
and watershed areas, conducting research and education
programs, as well as functioning as a recreational
area based on nature. It is therefore imperative to
understand the extent and makeup of the park, due
to these existing wildfires. The park covers approximately
1,262.40 square kilometers (126,240 hectares) and
spans three districts in Phitsanulok Province: Noen
Maprang, Wang Thong, and Nakhon Thai, as well as
three districts in Phetchabun Province: Khao Kho,
Mueang Phetchabun, and Wang Pong.

The forest covers an area of 85.4% (1,063.60
square kilometers). The community land that is
provided for by Section 64 of the National Park Act
B.E. 2562 (2019) occupies 14.60% (181.84 square
kilometers) of the total area of the park [4]. There
have been 475 wildfire spots recorded in the last five
years (2021-2025). In 2023 (B.E. 2566), the burned
area reached a peak of 185.60 square kilometers [1].
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The park comprises evergreen forest types (dry
evergreen forest, coniferous forest) and particularly
deciduous forest (mixed deciduous forest, deciduous
dipterocarp forest, savanna forest), which is the area
most prone to wildfires during the fire season [5].
Thung Salaeng Luang National Park is therefore an
area of importance, suitable and highly necessary for
studying the spatial wildfire risk assessment from
remote sensing data, for which there has been no
research related to fire risk assessment in this area.

This study aimed to 1) to develop a spatial
model and evaluate the performance of the model, 2)
to analyze the relationship of environmental variables
influencing the distribution of wildfires, and 3) to create
a wildfire risk map of Thung Salaeng Luang National
Park, Phitsanulok Province. Therefore, the study on
spatial assessment of wildfire risk using remote sensing
and environmental variables in Thung Salaeng Luang
National Park can be applied for planning spatial wildfire
management.

MATERIALS AND METHODS
1. Study area

The study site is located in the Thung Salaeng
Luang National Park, which can be found in the
Phetchabun mountain range that includes parts of
the provinces of Phitsanulok and Phetchabun in lower
northern Thailand. It was established in 1963 and
occupies an area of about 1,262.40 square kilometers
with UTM coordinates of 47Q 700262 E 1863061 N.
Elevations vary from under 100 meters up to about
1,000 meters. Most of the land was covered by altitude
ranges from 500 to 750 meters which formed the
largest portion (40.75%), 24.89% from 750 to 1,000
meters, 24.71% from 250 to 500 meters, 8.25% between
100 to 250 meters, and 1.40% Less than 100 meters
(Figure 1). It indicates that the elevation is relatively
high in this terrain. Weathering and erosion of sandstones
have formed sharp mountain tops, cliffs, and difficult
slopes. Some parts of this terrain have caves and karst
topography due to water erosion along the fractures
of rocks that cause variations in the slope of the terrain
(Figure 1). Most part of the park has slopes ranging
from 15% to 35% (38.28%), then 5%-15% (27.68%), 0%-
5% (20.55%), and slopes above 60% (0.66%). These
geomorphological characteristics help form headwater
streams of some watersheds. Between 1992 and 2021,
the average temperature per year was 28°C; the average
maximum temperature and minimum temperature
were 33.5°C and 23.3°C, respectively. The month of April
had the highest average monthly temperature and
maximum temperature at 30.7°C and 37.1°C, respectively.
However, January had the lowest mean monthly
temperature (24.8°C) and minimum temperature
(19.1°C). The park averages 9.9 rainy days per month,
with August the wettest (20 days) and December
the driest (1.4 days). Average annual rainfall is about

\ AND TEGHNOLGY

110.8 millimeters. September gets the highest
precipitation (278.4 millimeters), January gets the
lowest (7.5 millimeters), while October experiences
the highest daily rainfall (197.1 millimeters).

8 665000 £8G000 695000 714000 725000 g
E=s = =]
8 ~ N Nakbon Thai 8
2| Scale1:500,000 2
i i
Wang Thong
g £
g B
r-/\{'.‘.'ang Pong '— 0 5 10 20
Legend
I: Thung Salaeng Luang
Mational Park
:] Province
District
~" Phatchabun

Figure 1 The study area of Thung Salaeng Luang National
Park, Phitsanulok, Thailand (Elevation map).

Thung Salaeng Luang National Park covers
different kinds of forest areas including dry evergreen,
mixed deciduous, deciduous dipterocarp, coniferous,
and savanna forests, with a total area of 1,245.44 kmz2.
Dry evergreen forest makes up 624.08 km2 (50.11%)
of the park, while mixed deciduous forest occupies
344.93 km2 (27.70%). Secondary forest covers 41.27 km?2
(3.31%) of the park, while coniferous forest takes up
31.44 km2 (2.52%). Savanna forest and open grasslands
make up 19.47 km2 (1.56%), whereas deciduous
dipterocarp forest constitutes 2.41 km2 (0.19%) of the
park. Moreover, 181.84 km? of the park is designated
for residential and agricultural purposes under Section
64 of the National Park Act, B.E. 2562 [4].

Therefore, Thung Salaeng Luang National Park
is highly suitable and essential for studying spatial
forest fire risk assessment in conjunction with related
environmental factors, as it was continuously affected
by forest fires every year. In addition, this area also
serves as a source of streams and a habitat for wildlife.
Spatial risk assessments were used remote sensing
data in this area and enable the development of fire
risk models and maps that can serve as guidelines
for fuel management planning, fire monitoring, and
effective firefighting in the future, helping alleviate
wildfire impacts in the area.

2. Hotspot data acquisition and preparation

Wildfire hotspot data came from the Visible
Infrared Imaging Radiometer Suite (VIIRS) sensor

©2026 Institute of Research and Development, RMUTT, Thailand

N

J Appl Res Sci Tech 2026

DOI: 10.60101/jarst.2026.268932



https://ird.rmutt.ac.th/
https://doi.org/10.60101/jarst.2026.268932

JOURNAL OF

APPLIED RESEARGH ON SCIENCE

onboard Suomi NPP, and were accessed via the Fire
Information for Resource Management System
(FIRMS) developed and operated by NASA [6]. This
dataset covers 2021-2025, a total of 475 hotspot
locations, representing wildfire events in Thung Salaeng
Luang National Park (Figure 2)
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Figure 2 The map of hotspot locations with the period
from 2021 to 2025 at Thung Salaeng Luang
National Park, Phitsanulok, Thailand (Source:
VIIRS sensor onboard the Suomi NPP satellite,
NASA FIRMS).
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Figure 3 Data download request of the Fire Information
for Resource Management System.

VIIRS detected thermal anomalies at about 375-
meter resolution, making it good for mapping
wildfires. Of the 475 hotspot locations, 420 filtered
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hotspots were used to build and validate the model
[7]. The dataset was randomly divided, where 75%
(315 points) was employed for training and modeling,
while 25% (105 points) for testing purposes.
Download Request for the Fire Information
for Resource Management System (FIRMS) dataset
has pre-defined criteria in order to make sure the
data is reliable and accurate in terms of its geographic
location, time span, and data reliability. Download
Criteria were as follows: 1) Area type: Protected Area.
2) Country: Thailand. 3) WPAID: 929 (Thung Salaeng
Luang). 4) Buffer = 10 km (to search within 10 km in
order to avoid any problems with the boundaries of
the study area) [8]. 5) Fire Source: VIIRS S-NPP were
used Suomi satellite as a source to identify hot spots.
6) Search period: from January 1, 2021, to December
31, 2025. 7) Choose the file type to download: Shapefile
(.shp) or Comma-Separated Values (.CSV) (Figure 3).

3. Environmental variables

In wildfire risk assessment using remote sensing
data, the key step that most significantly affects the
accuracy of the results is the preparation of data and
the management of environmental factor layers. Data
obtained from remote sensing had different scales,
formats, and coordinate reference systems. Therefore,
in order for the model to process them efficiently, all
environmental factor layers must be prepared in a
uniform format.

The selection of environmental variables was
based on a comprehensive literature review of wildfire
risk modeling, conducted by selecting 10 environmental
factors; elevation, slope, aspect, temperature, normalized
difference vegetation index, distance from water body,
distance from road, distance from village, land use and
land cover, and distance from agriculture that influence
the spread of wildfires. Although ten environmental
and geographic variables were initially considered,
the final model was optimized to retain only the five
most influential variables based on their contributions
and performance metrics. Pearson Correlation
Assessment: It is clear from the analysis that there is
significant redundancy among spatial distance
variables, namely distance from village and distance
from agriculture, as they have very high correlation
(r=0911, p <0.001), whereas moderate to high correlations
are seen with distance from road (r = 0.578-0.604)
and elevation (r = 0.503-0.578). Moreover, land use
and land cover (land use category) are also correlated
with continuous physical parameters like LST (r =
-0.396) and NDVI (r = 0.269). Hence, redundant
distance variables and land use were discarded to
overcome the issue of multicollinearity. With respect
to the VIF analysis for five variables selected, the
values are between 1.089 and 1.689, which are below
the caution level of 5.0 and the critical level of 10.0,
respectively, with all Tolerance values above 0.10
(Table 1).
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Table 1 Multicollinearity test results.

Variables Tolerance VIF Assessment
No

LST 0.59 1.69 Multicollinearity
No

Slope 0.77 1.30 Multicollinearity
No

Aspect 0.90 1.12 Multicollinearity
No

NDVI 0.90 1.11 Multicollinearity
No

Elevation 0.92 1.09 Multicollinearity

Elevation

Figure 4 Selected environmental variables for wildfire
hotspot analysis using the Maximum Entropy
model.

Five spatial variables known to influence
wildfire occurrence were selected: 1) Elevation above
mean sea level, which affects humidity and forest
type. 2) Slope, which directly impacts the direction
and speed at which fires spread, with fires on sloped
landscapes being more severe and spreading faster
than fires on flat lands. 3) Aspect, referring to the
direction in which a slope faces; southwest-facing
slopes receive sunlight during the day and therefore
tend to be drier than slopes facing other directions
[9, 10]. The above three variables were obtained from
SRTM1 with a 30-meter resolution. 4) Normalized
Difference Vegetation Index (NDVI) from Sentinel-2
(MultiSpectral Instrument — MSI) satellite imagery
with 10-meter resolution [11, 12], where NDVI is
considered as a criterion for the assessment of fuel
condition and represents plant greenness, density
and biomass. During leaf drop and plants dehydration
in the dry season, NDVI will reduce, and this way will
correlate with an amount of dry fuel on the ground
[12, 13, 14, 15]. 5) Land Surface Temperature (LST)
from Landsat 8 (OLI/TIRS) with a 30-meter resolution
[8, 16], which is one of the main parameters that
affected the moisture in the fuel as an increase in
temperature causes reduction in moisture and
increases fuel ignitability [17] (Figure 4).

All environmental variables were assigned
to a UTM WGS 1984 Zone 47 coordinate system and
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resampled. They were processed into raster format
with a uniform spatial resolution of 300 x 300 meters.
Following that, the data set was transformed into
ESRI ASCII Grid by means of Geographical Information
System (QGIS 3.26.1 [ ArcScene 10.4.1) for model creation
through a software package Maximum Entropy Species
Distribution Modeling (MaxEnt), version 3.4.4.

4. Model development (MaxEnt)

Wildfire occurrence probability was modeled
using the Maximum Entropy (MaxEnt) algorithm, a
presence-only statistical modeling approach widely
used for species distribution and environmental risk
analysis [18]. The calculation of spatial probabilities
was done by integrating hotspots' presence information
with environmental variables. The model was set up
based on logistic output where continuous values
from O to 1 are generated. Calibration and validation
of the model were performed through the use of training
dataset, which consists of 75% of the total data, while
the rest (25%) of the data is used for model testing.
Default parameter setting was used in MaxEnt [18,
19, 20].

5. Model performance and environmental variables
importance

The importance of each of the environmental
variables was determined through the Jackknife
procedure, which evaluates the importance of each
variable to the model accuracy. Model evaluation
was done using the ROC curve, which displays the
sensitivity plotted against 1-specificity. The Area
Under the Curve (AUC), ranging from 0 to 1, was used
as the primary measure for evaluating the performance
of the model [19, 21]. Model accuracy was further
classified based on established criteria [22, 23]. To
improve classification accuracy, six commonly used
threshold methods were applied such as 1) Minimum
Training Presence (MTP) 2) 10t Percentile Training
Presence (PTP) 3) Equal Training Sensitivity and
Specificity (ETRSAS) 4) Maximum Training Sensitivity
Plus Specificity (MTRSPS) 5) Equal test sensitivity
and specificity (ETESAS) and 6) Maximum Test
Sensitivity Plus Specificity (MTESPS). The model with
the highest predictive accuracy was selected for
wildfire risk mapping [20, 24, 25].

6. Mapping risk of wildfire

For wildfire occurrence, the probabilities were
obtained through MaxEnt method and ranged from
0to 1 for all grid cells. The probability of 0 is an indication
that there is low likelihood of wildfire occurrence in
the particular grid cell whereas 1 represents high
probability, as indicated in Table 2. The probability
outputs were classified into five wildfire risk levels
using the equal-interval classification method [12]. The
final wildfire risk map was generated in a Geographic
Information System (GIS) environment and constrained

©2026 Institute of Research and Development, RMUTT, Thailand

%

J Appl Res Sci Tech 2026

DOI: 10.60101/jarst.2026.268932



https://ird.rmutt.ac.th/
https://doi.org/10.60101/jarst.2026.268932

JOURNAL OF

APPLIED RESEARGH ON SCIENCE

to the boundary of Thung Salaeng Luang National
Park in Phitsanulok, Thailand.

Table 2 Performance evaluation criteria for the MaxEnt
model based on AUC values.

Model performance Weight
Excellent 097-1.0
Very Good 0.90-0.97
Good 0.75-0.90
Fair 0.6 -0.75
Poor 0.5-0.6
RESULTS AND DISCUSSION

1. Model performance evaluation

Average Sensitivity vs. 1 - Specificity for wildfire
[ [ [ [ [ [ | | ] Mean (AUG = 0.812) =
Mean +/- one stddev ®
Random Prediction ®

Sensitivity (1 - Omission Rate)
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Figure 5 The predictive performance of wildfire risk
model in Thung Salaeng Luang National Park.

In the study and analysis of the distribution of
wildfire-risk areas in Thung Salaeng Luang National
Park, the researchers applied the Maximum Entropy
Model (MaxEnt), a highly efficient tool for analyzing
the spatial distribution of events. Based on the evaluation
of the model's prediction accuracy through the analysis
of the Area Under the Receiver Operating Characteristic
Curve (AUC), it was found that the developed model
has a good ability to predict the risk of forest fires
(0.75-0.90), with an AUC value of 0.812, which is
significantly higher than the random baseline threshold
(Figure 5) [23]. When examining the details of the
results shown in Figure 5, the red curve representing
the model average (Mean AUC = 0.812) always lies
above the black diagonal line, which is the benchmark
for random prediction (Random Prediction) with an
AUC of 0.50. This result demonstrates the model's
reliability in predicting wildfire risk. Additionally,
the blue band surrounding the red curve represents
the standard deviation (Mean + 1 stddev), which is
narrow and clustered, indicating that the model has
low variance and high stability when tested repeatedly.
Based on these results, the MaxEnt model can effectively
detect and learn spatial relationship patterns between
various environmental factors and wildfire occurrence
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points and can accurately and reliably distinguish
between high- and low-risk areas.

2. Model validation and threshold optimization

Model validation was conducted using 25% of
hotspot data, including both presence and pseudo-
absence points. Since the logistic output of MaxEnt
produces continuous probability values (0-1), it was
necessary to define a threshold to convert these values
into binary predictions (presence/absence of wildfire
occurrence). The number of points in the validation
data set was 210, with an equal number of presence
(P =105) and pseudo-absence (A = 105), referring to
data absence generated from sites other than the sites
affected by wildfire. In this case, the Smart Patrol data
were collected randomly at survey points having
wildlife in the Thung Salaeng Luang National Park. Six
commonly applied threshold criteria were considered
in this analysis based on previous research works
[20, 24, 26]. Among these, the 10™ Percentile Training
Presence (PTP) threshold yielded the highest
classification accuracy, with an overall accuracy of
73.81% by correctly identifying 92 presence points
and 63 absence points (Table 3). This result indicates
that the PTP threshold provides an optimal balance
between omission and commission errors, making
it the most appropriate threshold for wildfire risk
classification in this study. The use of multiple
threshold criteria enhances the reliability of model
interpretation and reduces uncertainty associated
with binary classification, where selecting an appropriate
threshold is another crucial step in producing accurate
MaxEnt predictions and subsequently generating
wildfire risk map.

Table 3 The accuracy assessment of threshold-based
contingency model analysis.

Hotspots Threshold (%)
Types of data

P A o
Total 105 105 210
MTP 103 14 55.71
PTP 92 63 73.81
ETRSAS 73 71 68.57
MTRSPS 81 66 70.00
ETESAS 75 68 68.10
MTESPS 80 67 70.00

Note: P = presence points; A = absence points; O =
observed values derived from totals and overall
accuracy (%).

3. Impact of environmental variables on wildfire events

The impact analysis of the environmental
variables showed that the most impactful variable
is NDVI, with 66.8% contribution and 70.3% permutation
importance. The next most influential environmental
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factors in wildfire occurrence are Land Surface
Temperature (LST), Slope, Elevation, and Aspect,
respectively. Aspect appeared the lowest correlation
with wildfire risk (Table 4).

Table 4 The correlation analysis of environmental
factors influencing wildfire distribution.

Percentage of

. Percentage .
Environmental of importance
factors . factors changes
correlation
(%)

NDVI 66.8 70.3
LST 15.3 11.9
Slope 13.8 11.8
Elevation 3.1 5.1
Aspect 1.0 0.9

\ AND TEGHNOLGY

The Jackknife test showed that NDVI is the
most important predictor in the model. Only NDVI
gave the highest training gain, and removing it caused
the biggest drop in gain. It implies that NDVI offers
the necessary information for predicting wildfires. This
variable is significant due to the relevance of vegetation
because NDVI is an indicator of canopy greenness
and plant biomass growth, which have a link to the
dry fuel volume during the dry season. The second
most significant predictor was the Land Surface
Temperature (LST), as it was indicated the surface
temperature and the dryness of the fuel. High LST
implies dryness, hence the higher chance of ignition
and fire spread. Lastly, slope and elevation showed
moderate significance in line with the fire behavior
theory [27, 28]. Aspect had the least effect in this area,
matters less than vegetation and temperature (Figure 6).
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Figure 6 The results of jackknife test to measure the relationship between environmental factors and wildfire

occurrence.
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Figure 7 Environmental variables and their relation
with wildfire occurrences.

(¢) Aspect

Wildfire hotspots showed clear patterns across
different environmental factors. The highest number
of hotspots appeared where NDVI values ranged
from about 0.25 to 0.58 (Figure 7a). This implies that
regions with a moderate amount of vegetation cover
were more likely to be affected by the wildfire as there
would be enough dry fuel to cause fires when the dry
season occurs. Majority of the hotspots for LST
temperatures were within the range of 30- 37°C (Figure
7b); these were temperatures which increase probability
of ignition. Majority of the fires occurred on land with
slope values of 35- 42% (Figure 7c), similar to what

previous literature indicated where fires can be easily
propagated by steeper slopes [29]. Maximum hotspots
were located at elevations from 150 to 400 meters
above sea level (Figure 7d). This was in agreement with
past literature which indicates that low lying areas are
more prone to wildfires due to their high temperature.
Lastly, majority of the hotspots were located on south-
facing slopes (Figure 7e) which were sunnier and
therefore prone to fires (Figure 7) [27, 28, 30].

4. Mapping of wildfire risks

The best model which was chosen based on
MaxEnt analysis was employed to make a wildfire risk
map. This model utilizes a training presence threshold
of 10™ percentile value with a cutoff value of 0.218.
Wildfire risk zones in Thung Salaeng Luang National
Park have been classified into five classes: extremely/
very high risk, high risk, moderate risk, low risk, and
lowest risk. Thung Salaeng Luang National Park were
classified as having the lowest risk level, with an area
of 724.77 square kilometers (58.22% of the whole
area). The findings are similar to those found in other
researches indicating lower risks for wildfires [12, 29,
31]. The low-risk areas cover 227.16 square kilometers
(18.25%), while the moderate-risk areas cover 177.12

©2026 Institute of Research and Development, RMUTT, Thailand

i

J Appl Res Sci Tech 2026

DOI: 10.60101/jarst.2026.268932



https://ird.rmutt.ac.th/
https://doi.org/10.60101/jarst.2026.268932

JOURNAL OF

APPLIED RESEARGH ON SCIENCE

square kilometers (14.23%). High-risk areas account
for 97.47 square kilometers (7.83%), and very high-risk
areas cover about 18.45 square kilometers (1.48%) of
the national park. High- and very-high-risk areas are
mainly found in the upper and certain boundary zones
of the park. Spatial analysis shows that wildfire risk
density is highest along the western boundary, especially
in the upper area. Next is the northern aspect, where
risk areas cluster in the upper region. The southern
aspect has limited risk areas at its lowest point, and the
eastern aspect has the lowest wildfire risk (Figure 8).
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Figure 8 Map of wildfire risk areas in Thung Salaeng
Luang National Park, Phitsanulok Province.
The spatial pattern is determined by variation
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in the environmental factors in terms of the vegetation
attributes, topographical complexities, and micro-
climatic variation in the landscape. The high-risk zone
in the northern and western parts could be due to the
dryness in these regions, availability of more fuels,
and high solar exposure, increasing the possibility
of wildfire ignition and spread. The zones of high
risk for wildfire need to be prioritized for management
of wildfires through fuel management, surveillance,
and early warning systems.

Analysis of the spatial variation of wildfires
risks within the six districts of Thung Salaeng Luang
National Park indicated an uneven distribution of the
very high-risk areas. It was found that Wang Thong
District located in Phitsanulok Province had the largest
wildfire risk, which covered 9.45 square kilometers
or 51.22% of the entire very high-risk area. Another
district, Noen Maprang in Phitsanulok Province ranked
second in terms of very high-risk area coverage at 7.38
square kilometers (40%). Overall, these two districts
made up over 90% of the entire high-risk areas, thus
being the main target of wildfire prevention measures.
Khao Kho District accounts for 1.17 square kilometers
(6.34%), followed by Mueang Phetchabun District
with 0.27 square kilometers (1.46%). Nakhon Thai
District contributes 0.18 square kilometers (0.98%), and
Wang Pong District has the lowest wildfire risk (Table
5). However, what this research did not do was compare
the results obtained through the analysis of the application
of a single model of the MaxEnt algorithm model to the
results of other models on the risk of wildfires. This
would have been an important recommendation for
future research that could have compared the results
from other models as well in order to verify and compare
test results and reduce errors in spatial models.

Table 5 Wildfire risk levels in Thung Salaeng Luang National Park classified by district.

Y:‘l,l::?re risk Unit ’}‘,1\11?)?1§ Ml:l(:::ng Khao Kho Phl\gtuc;a;:lngu n NakhonThai WangPong Total
. . km? 9.45 7.38 1.17 0.27 0.18 0.00 18.45

Very High risk
% 51.22 40.00 6.34 1.46 0.98 0.00 100.00
High risk km? 32.40 44.73 11.88 1.89 6.48 0.09 97.47
% 33.24 45.89 12.19 1.94 6.65 0.09 100.00
Moderate risk km? 65.61 50.94 18.90 0.90 40.77 0.00 177.12
% 37.04 28.76 10.67 0.51 23.02 0.00 100.00
Low risk km? 94.95 82.26 19.89 4.05 26.01 0.00 227.16
% 41.80 36.21 8.76 1.78 11.45 0.00 100.00
Lowest risk km? 180.63 334.8 134.28 24.84 48.60 1.62 724.77
% 24.92 46.19 18.53 343 6.71 0.22 100.00

CONCLUSIONS value of 0.812, indicating good predictive performance.

1. Model performance and accuracy

In the analysis of the wildfire risk modeling
performance in the Thung Salaeng Luang National Park,
it is evident that the model was able to attain an AUC

Model accuracy was further evaluated on 25% of the
test data, including both wildfire-present and wildfire-
absent cases. Six different logistic threshold criteria
were tested. The results indicate that the 10™ Percentile
Training Presence (PTP) threshold is the most suitable
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for generating the wildfire risk map. From this criterion,
a cutoff value of 0.218 was arrived at, producing the
highest accuracy of the models at 73.81%.

2. Significant environmental factors contributing to
wildfires

The analysis of the environmental factors using
the Jackknife test revealed that NDVI is the most significant
environmental variable contributing to the distribution
of wildfires. This highlights the significance of vegetative
characteristics such as the amount of fuel and moisture
content in determining fire risks. Some of the variables
influencing fires include LST, slope, and elevation, which
determine the fuel dryness, heat accumulation, and
topographic configuration of the landscape. Aspect was
found to have the least contribution to the wildfire
occurrence, thus pointing out the limited significance
of this variable in the studied environment.

3. Spatial distribution of wildfire risk

In this research, the wildfire risk areas in Thung
Salaeng Luang National Park were divided into five levels.
Most of these areas were classified as very low wildfire
risk areas and consisted of 724.77 km2 (58.22% of the
total area). This is followed by low and moderate risk of
wildfire with 18.25% and 14.23% respectively. The high
wildfire risk covers a total of 97.47 square kilometers
(7.83%), while the very high wildfire risk covers around
18.45 square kilometers (1.48%). Based on the district-
level analysis done for the six districts located in Thung
Salaeng Luang National Park, it was found out that the
two districts with the highest risk of wildfires are Noen
Maprang and Wang Thong. More than 90% of the total
area of wildfire risk belongs to those two districts.

In this study, a complete analysis of fire risk
mapping and its influencing parameters in Thung Salaeng
Luang National Park was conducted. The combination
of remote sensing data with the MaxEnt model is an
efficient approach that could be used for detecting high-
risk regions and environmental factors responsible
for wildfires. The wildfire risk map developed in this
study could help in managing the wildfire in a spatially
distributed way by providing the necessary tools for
prioritizing those high-risk regions for preventive actions.
Such preventive actions could include management of
fuel, monitoring of vegetative environment, development
of early warning systems, etc. In conclusion, this work
can be considered as an important step towards improving
forest fire risk management. However, this study relies
solely on the MaxEnt model. Future research should use
comparisons of multiple models to increase prediction
accuracy and reduce errors in generating wildfire risk
maps.
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