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Abstract

Climate change is increasing fire risk in tropical forests traditionally consid-
ered fire-resilient, as demonstrated by recent fire events within Cleopatra’s
Needle Critical Habitat (CNCH), Palawan. This study developed the FIRE-
TROPICS framework, a rapid and scalable forest fire susceptibility mapping
system integrating open-access climatic, topographic, vegetation, moisture, wind,
and anthropogenic datasets within machine learning and geospatial workflows.
Logistic Regression (LR) and Random Forest (RF) models were implemented to
identify dominant fire predictors and generate spatial susceptibility maps. Cor-
relation analysis revealed four major environmental clusters linking elevation,
temperature, wind, vegetation-moisture indices, and anthropogenic accessibility
variables. Multicollinearity analysis reduced the LR model to five independent
predictors: elevation, aspect eastness, aspect northness, slope, and logarithm of
distance to roads. The LR model identified elevation as the strongest predictor
(β = −2.14), indicating greater fire susceptibility at lower elevations. In the
RF model, land surface temperature (0.21), elevation (0.14), and NDWI (0.12)
emerged as the most important predictors, while anthropogenic variables such
as distance to roads (0.04) and structures (0.03) showed weaker influence. Both
models consistently identified temperature-, elevation-, and wind-related vari-
ables as dominant controls on fire occurrence. Susceptibility maps highlighted
similar hotspot regions, with RF producing sharper localized hotspots and LR
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generating smoother susceptibility gradients. The framework demonstrates the
value of integrating machine learning and geospatial systems for rapid wildfire
hotspot identification and decision support in tropical conservation landscapes
facing increasing climate-driven fire risk.

Keywords: forest fire susceptibility, machine learning, geospatial analysis, remote
sensing

1 Introduction

Climate change is dramatically reshaping global environmental dynamics—altering
temperature regimes, disrupting precipitation patterns, and intensifying weather
extremes (Intergovernmental Panel on Climate Change, 2022). These shifts give rise
to novel environmental threats in regions where such hazards were once uncommon,
undermining ecological equilibrium and increasing the vulnerability of human and nat-
ural systems (Diffenbaugh & Burke, 2019). In many tropical landscapes—historically
characterized by humid climates and lush vegetation—the combined effects of extended
dry spells, diminished soil moisture, and erratic rainfall create unprecedented ecolog-
ical stress (Malhi et al., 2008). As a direct consequence, the risk of forest fires—a
hazard once considered rare or localized in tropical regions—is now being exacerbated
by the warming climate and shifting environmental conditions (Cochrane, 2003).

Emerging research underscores this growing concern. The latest findings from the
Intergovernmental Panel on Climate Change (IPCC) indicate that rising temperatures
and prolonged droughts are elevating fire risk in tropical and peatland ecosystems
across Southeast Asia and the Amazon, even outside classic El Niño years; fire-induced
tree mortality has also increased notably in recent decades (Intergovernmental Panel
on Climate Change, 2022). In Borneo, the convergence of deforestation, peatland
drainage, and drier climates has led to significant spikes in fire frequency and intensity,
notably during El Niño-associated droughts (Davies-Barnard, Catto, Harper, Imron, &
van Veen, 2023). Studies in Bolivia’s Chiquitania region reveal that extreme dry condi-
tions alone doubled high fire-risk areas, indicating how severe drought alone can drive
fire expansion in tropical forests (Devisscher, Anderson, Aragão, Galván, & Malhi,
2016). Across Amazonia, accumulated forest loss has altered hydrological cycles—
reducing moisture recycling and increasing drought severity—further elevating fire
susceptibility across broad swathes of the basin (Xu et al., 2020). More broadly, global
modeling shows that tropical ecoregions are seeing a more than fourfold increase in
the likelihood of extreme fire-weather events today compared to pre-industrial climate
baselines (Abatzoglou et al., 2025).

These global and regional patterns underscore that even relatively intact forests
are increasingly exposed to fire risk. Localized in the study area, this concern is
reflected in Cleopatra’s Needle Critical Habitat (CNCH), where 17 fire occurrences
were detected using VIIRS in March 2024. This satellite evidence is further cor-
roborated by community-level reports on social media, including live footage of fire
outbreaks in barangays straddling the CNCH boundary. Together, these observations
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suggest that CNCH is not immune to the global trajectory of intensifying fire regimes
and may be entering a period of heightened vulnerability.

Despite these emerging threats, there is a significant data gap: fire hazard infor-
mation remains sparse in regions where fire has only recently become a concern. The
novelty of fire risk in many tropical areas means that long-term records, monitoring
systems, and localized models are underdeveloped, leading to critical blind spots in
both hazard assessment and preparedness.

This gap underscores the urgency and relevance of the Development of Forest Fire
Hotspot Identification and Rapid Evaluation Technique for Tropical Landscapes Uti-
lizing Open-access Climatic and Soil Data (FIRE-TROPICS) project. By leveraging
freely available climatic and soil datasets, FIRE-TROPICS aims to pioneer a cost-
effective, scalable methodology for pinpointing emerging fire-prone areas and swiftly
assessing their vulnerability—filling a crucial knowledge void and supporting proactive
fire prevention in vulnerable tropical regions.

2 Materials and Methods

2.1 Study Area

Fig. 1 A topographic map of CNCH.
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The study was conducted in the CNCH, located in Puerto Princesa City, Palawan,
Philippines. Covering approximately 41,350 hectares, CNCH is one of the largest and
most ecologically significant forest landscapes in the country.

It was officially declared a Critical Habitat in 2017 under the Philippine Wildlife
Resources Conservation and Protection Act (Republic Act 9147), recognizing its high
biodiversity value and importance for long-term ecological sustainability.

CNCH is dominated by lowland dipterocarp forests, montane forests, and limestone
karst ecosystems, which serve as habitat for numerous endemic and threatened species
of flora and fauna. It is also a vital watershed area, providing freshwater resources
to surrounding communities and contributing to the ecological stability of Puerto
Princesa City. The area is home to the indigenous Batak and Tagbanua peoples, who
rely on its natural resources for sustenance and cultural practices.

The topography of CNCH is characterized by rugged mountains, rolling terrain,
and steep slopes, with Mount Cleopatra’s Needle rising as the highest peak at 1,593
meters above sea level. The region has a tropical climate with distinct wet and dry
seasons, conditions that influence vegetation cover, soil moisture, and susceptibility
to forest fires. While fire occurrence in CNCH has historically been low, increasing
climatic variability and human activities, such as road development and encroachment,
have heightened the potential risks.

Given its ecological, cultural, and hydrological significance, CNCH provides an
ideal site for developing and testing a forest fire hotspot identification and evaluation
technique. Protecting this landscape is critical not only for biodiversity conserva-
tion but also for safeguarding the livelihoods of local communities and ensuring the
resilience of ecosystem services in Palawan.

2.2 Data Utilized

Fig. 2 The study flowchart.
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This study utilized open-access datasets from reputable global repositories to
ensure a cost-effective and scalable approach for identifying forest fire hotspots in the
CNCH. Selected datasets represent four major categories: climate, vegetation, topog-
raphy, and anthropogenic factors, which have been widely recognized as significant
drivers influencing fire occurrence and spread within forested landscapes.

Climate-related variables include mean wind power and mean wind speed obtained
from the Global Wind Atlas. Land Surface Temperature (LST) was derived from
Landsat 9 imagery accessed through the United States Geological Survey (USGS)
Earth Explorer platform.

Vegetation-related information was also generated from Landsat 9 imagery. Several
spectral indices were calculated, including the Normalized Difference Moisture Index
(NDMI), the Normalized Difference Vegetation Index (NDVI), and the Normalized
Difference Water Index (NDWI).

Topographic variables such as elevation, slope, and aspect were obtained from the
Shuttle Radar Topography Mission (SRTM) 30-meter resolution dataset through the
NASA Land Processes Distributed Active Archive Center (LP DAAC).

To represent anthropogenic influences, spatial information on roads and man-
made structures was collected from OpenStreetMap (OSM). Human-related features
are incorporated because proximity to anthropogenic activities often increases the
likelihood of fire ignition and associated disturbances.

By integrating these environmental and anthropogenic datasets, the study estab-
lishes a comprehensive framework for systematically identifying and mapping forest
fire hotspots within the study area.

2.3 Fire Susceptibility Map

2.3.1 Data Pre-processing

The current study utilized 17 fire occurrences at the CNCH in the month of March,
2024. In light of the tiny sample size, the researchers employed several models to con-
struct the susceptibility map, including logistic regression, random forest, Bayesian
model, and an ensemble of the three models. To improve the accuracy, expert knowl-
edge and ground validation was used to supplement each model whenever possible. The
target variable for this study is the fire occurrence considered as a categorical variable
with values of 1 and 0. The predictors are the environmental variables categorized into
the following factors: topographical, vegetation/fuel, climatic, and anthropogenic.

Table 1 Environmental variables categorized into different factor groups

Environmental Factors Predictors

Topographical Elevation, Slope, Aspect
Vegetation NDVI, NDMI, NDWI
Climatic LST, Wind Speed, Wind Power
Anthropogenic Distance from roads (DFR), Distance from structures (DFS)
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Circular variables such as aspect were converted to continuous values using the
sine and cosine functions. Additionally, skewed variables such as wind power, distance
from roads (DFR), and distance from structures (DFS) were transformed using the
logarithm function and the predictors were re-scaled using their z-scores before fitting
into each model.

The logarithmic transformation used was,

x′ = log(x + c) (1)

where x′ is the transformed value, x is the raw value, and c is a small constant (1
in the present study).

The z-scores of each predictors were calculated using the following equation,

z =
x− µ

σ
(2)

where z is the rescaled value (z-score), x is the initial value, µ is the mean of the
predictor, and σ is the standard deviation of the predictor.

The correlation matrix of the predictors was first examined to identify and either
combine or remove highly correlated variables. Decisions on variable removal were
guided not only by the statistical results but also by expert judgment regarding the
relative importance of each predictor. After this step, a multicollinearity test using
the Variance Inflation Factor (VIF) was conducted to further eliminate variables that
exhibited strong dependence on others. A threshold of VIF < 10.0 was adopted to
indicate acceptable levels of collinearity. The procedure was carried out iteratively,
with the variable showing the highest VIF dropped in each round until all remaining
predictors satisfied the criterion.

The target variable, fire occurrences, only has 17 data points. Negative samples
were randomly selected from the area and assigned with the value of 0.

2.3.2 Correlation matrix

Linear-Linear Correlation

The Pearson correlation coefficient was used to calculate the pair-wise correlation
between two linear variables X and Y ,

rX,Y =
n
∑

xiyi − (
∑

xi) (
∑

yi)
√

[

n
∑

x2

i − (
∑

xi)
2

] [

n
∑

y2i − (
∑

yi)
2
]

(3)

Where,

rX,Y = Pearson correlation coefficient between variables X and Y

n = number of samples

xi = ith sample in X

yi = ith sample in Y
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Circular-Linear Correlation

Circular Statistics was used to calculate the pair-wise correlation between a linear
variable X and a circular variable θ,

rX,θ =

√

r2X,sin θ + r2X,cos θ − 2rX,sin θrX,cos θrsin θ,cos θ

1 − r2
sin θ,cos θ

(4)

Where,

rX,θ = correlation coefficient between variables X and θ

rX,sin θ = Pearson correlation coefficient between variables X and sin θ

rX,cos θ = Pearson correlation coefficient between variables X and cos θ

rsin θ,cos θ = Pearson correlation coefficient between variables sin θ and cos θ

Circular-Circular Correlation

Circular Statistics was used to calculate the pair-wise correlation between two circular
variables θ1 and θ2,

rθ1,θ2 =

∑n

i=1
sin(θ1i − θ̄1) sin(θ2i − θ̄2)

√

∑n

i=1
sin2(θ1i − θ̄1)

∑n

i=1
sin2(θ2i − θ̄2)

(5)

Where,

rθ1,θ2 = correlation coefficient between variables θ1 and θ2

n = number of samples

θ1i = ith sample in θ1

θ2i = ith sample in θ2

θ̄1 = mean of θ1

θ̄2 = mean of θ2

2.3.3 Multicollinearity Test using Variance Inflation Factor (VIF)

Multicollinearity occurs when predictor variables in a regression model are highly cor-
related, making it difficult to isolate their individual effects on the dependent variable.
To assess multicollinearity, the VIF is commonly used. VIF measures how much the
variance of a regression coefficient is inflated due to correlation with other predictors.

The VIF for the i-th predictor was computed as:

VIFi =
1

1 −R2

i

(6)

where R2

i is the coefficient of determination obtained by regressing the i-th pre-
dictor against all other predictors in the model. A threshold of VIF < 10 was used in
this study.
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2.3.4 Logistic Regression

Logistic regression models the probability that a binary outcome Y (here: fire
= 1 vs non-fire = 0) occurs given a set of predictors X. It is appropriate for
fire-susceptibility mapping because it directly estimates probability and produces
interpretable coefficients.

Given a set of predictors X = {Xi}, a linear regression model is generated as
follows,

z = β0 + β1X1 + β2X2 + β3X3 + · · · + βNXN (7)

The probability of fire occurrence was then estimated using the logistic function:

P (fire = 1 | X) =
1

1 + e−z
(8)

The parameters βi are log-odds change per unit increase in Xi, holding others con-
stant and N is the total number of predictors. This probability value, ranging between
0 and 1, represents the likelihood of fire occurrence at that pixel. By calculating
probabilities for all pixels, a continuous fire susceptibility surface is produced.

2.3.5 Random Forest

Fig. 3 Sample random forest showing the features and leaves of two trees.

Random forest is an ensemble learning method that builds a large number of
decision trees and combines their results to improve predictive accuracy and stability.
Each tree is trained on a bootstrap sample of the data, and at each split, only a random
subset of predictors is considered (Fig. 3). This dual randomization (sampling both
data and predictors) reduces correlation between trees and enhances generalization
performance.

After training the random forest model, it can be applied to generate a spatial fire
susceptibility map. For each pixel in the study area, the predictor values are used as
input to the ensemble of decision trees. Each tree in the forest produces a classification
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(fire or non-fire), and the final probability of fire occurrence is obtained by averaging
the predictions across all trees:

P (fire = 1 | X) =
1

T

T
∑

t=1

ht(X) (9)

where T is the total number of trees and ht(X) is the prediction of the t-th tree.
The output is a probability surface ranging from 0 to 1, representing the likelihood of
fire occurrence at each pixel.

2.4 Software Architecture

The Forest Fire Model Mapping Dashboard was developed using a client-server web
application architecture designed to support geospatial raster processing, machine
learning-based prediction, and interactive visualization of forest fire susceptibility
maps (Fig. 4). The system integrates a Flutter Web frontend with a FastAPI backend,
enabling efficient communication between the user interface and the prediction engine
through RESTful API requests. The frontend allows users to upload raster datasets,
select prediction models, execute analyses, and visualize generated susceptibility out-
puts, while the backend handles prediction processing, raster management, and output
generation through a modular architecture deployed using the Uvicorn ASGI server.

Fig. 4 Overall Software Architecture of the Forest Fire Model Mapping Dashboard.

3 Results and Discussions

3.1 Correlation Matrix

This study considered eleven environmental parameters summarized in Table 1. The
multiple correlation matrix presented in Fig. 5 was generated through pairwise corre-
lation analysis among the eleven environmental variables to examine relationships and
potential dependencies among predictors. The analysis revealed four distinct patterns
or clusters of relationships among the variables, indicating varying levels of association
between environmental factors within the study area.

The first cluster consisted of elevation, LST, logarithm of wind power, and loga-
rithm of wind speed, which exhibited strong correlations ranging from 50–98%. This
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Fig. 5 Correlation matrix of environmental variables, using linear–linear, linear–circular, or circu-
lar–circular measures as appropriate.

pattern is consistent with established atmospheric processes, as wind speed and wind
energy are influenced by both elevation and temperature conditions. Wind forma-
tion is driven by atmospheric pressure gradients resulting from uneven heating of the
Earth’s surface due to continuous solar energy input (Brower & Bailey, 2012; Kumar
& Dayal, 2026). Variations in elevation may therefore affect thermal conditions and
consequently influence wind-related parameters across the study area.

The second cluster involved aspect and the surface indices, specifically the NDMI,
NDVI, and NDWI, which showed moderate to strong correlations ranging from
30–93%. These relationships suggest that terrain orientation influences moisture, veg-
etation, and water distribution patterns within the CNCH. Similar aspect-dependent
relationships have also been reported in other landscapes, indicating that such pat-
terns are commonly associated with topographic controls on environmental conditions
rather than being unique to CNCH (Xiong & Wang, 2022; Zhan, Liu, Li, Wu, & Zhong,
2012).

The third cluster was characterized by the relationship between the LogDFR and
the LogDFS, which showed a positive correlation of 64%. This result is expected
because roads are commonly linked with settlement expansion and other forms of
human-built infrastructure. Road networks often facilitate access and development,
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resulting in the spatial association between transportation systems and structures
(Alexander et al., 1977; Lagesse, Bordin, & Douady, 2019; Song, Du, & Wang, 2024).

The fourth pattern involved slope, which showed no significant correlation with
other environmental predictors. This finding was somewhat unexpected because slope
is generally assumed to influence or vary alongside several environmental factors. For
example, land surface temperature may vary considerably across areas with steep
slopes and heterogeneous land cover (Maeda, 2014). However, the observed pattern
may represent characteristics of tropical environments or conditions specific to CNCH
(Gallardo-Cruz, Pérez-Garćıa, & Meave, 2009). Previous studies suggest that weak
or absent relationships between slope and environmental variables may be attributed
to the scale-dependent and context-specific nature of topographic controls in tropical
landscapes, where environmental conditions are often influenced more strongly by
elevation, aspect, climate, and anthropogenic factors than by slope alone (Gallardo-
Cruz et al., 2009; Xiong & Wang, 2022). Nevertheless, the primary purpose of this
analysis was to establish the relative independence of slope as a predictor variable
rather than to investigate the mechanisms responsible for its observed behavior.

3.2 Logistic Regression

Based on the exploratory analysis using the correlation matrix, several predictors
exhibited strong correlations with one another. Because logistic regression is sensitive
to interdependence among predictor variables, it is necessary to reduce the predictor
set to a subset of relatively independent variables (Kutner, Nachtsheim, Neter, & Li,
2005; Menard, 2002). Although this may be achieved by selecting a representative
variable from each previously identified cluster, a more rigorous approach is to conduct
a multicollinearity analysis using VIF and iteratively eliminate predictors until an
acceptable set of variables is obtained.

3.2.1 Multicollinearity Test using Variance Inflation Factor

Table 2 summarizes the results of the iterative VIF analysis conducted to identify
an acceptable set of predictors. Aspect was represented as two independent variables
corresponding to its eastness (sine aspect) and northness (cosine aspect). In each
iteration, the predictor with the highest VIF value was removed. This process was
repeated until all remaining predictors exhibited VIF values of 10 or below (Hair,
Black, Babin, & Anderson, 2019).

The final set of predictors consisted of elevation, Aspect sin (eastness), Aspect cos
(northness), logarithm of distance to roads (LogDFR), and slope. Aspect was rep-
resented through its sine and cosine transformations to capture its directional
characteristics more effectively. Specifically, Aspect sin represents the east–west orien-
tation component (eastness), while Aspect cos represents the north–south orientation
component (northness). This transformation avoids issues associated with the cir-
cular nature of aspect data and allows directional effects to be incorporated more
appropriately into subsequent analyses.

It is important to note that the final predictor set could also be interpreted as a
representative selection from the previously identified clusters of correlated variables.
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Table 2 VIF results for environmental variables, showing multiple recursions applied until
all retained variables met the threshold of 10

Variable VIF1 VIF2 VIF3 VIF4 VIF5 VIF6 VIF7 VIF8
Aspect sin 1.50 1.49 1.45 1.15 1.15 1.09 1.09 1.01
Aspect cos 1.17 1.17 1.16 1.12 1.12 1.12 1.12 1.06
LogDFR 21.92 21.78 21.63 21.54 19.91 19.70 13.19 8.90
LogDFS 28.26 26.94 26.90 26.83 21.93 21.88
Elevation 39.20 31.76 31.55 30.81 13.18 7.76 6.60 6.58
LST 245.46 193.82 186.64 129.37
NDMI 151.53 150.90 106.18 45.55 35.92 14.52 13.21
NDVI 586.36 586.34
NDWI 472.02 471.80 226.52
Slope 7.68 7.68 7.67 7.66 7.47 6.85 6.84 5.20
LogWindPower 823.06 118.25 117.83 117.52 47.58
LogWindSpeed 1332.95

Elevation was selected from Cluster 1, aspect from Cluster 2, which was subsequently
decomposed into its eastness and northness components, and LogDFR from Cluster
3. Slope was retained from Cluster 4, where it remained as the only independent vari-
able due to its lack of significant correlation with the other predictors. This selection
approach reduced redundancy among variables while preserving key environmental
characteristics relevant to the analysis.

3.2.2 Logistic Regression Model

Using the final set of five (5) predictors

X = {Elevation,Aspect sin,Aspect cos,LogDFR, Slope} (10)

a logistic regression model was constructed following the linear predictor:

z = β0 + β1X1 + β2X2 + β3X3 + β4X4 + β5X5 (11)

The probability of fire occurrence was then estimated using the logistic function:

P (fire = 1 | X) =
1

1 − e−z
(12)

Table 3 summarizes the estimated values of the regression coefficients βi. The
magnitudes and signs of the regression coefficients indicate the relative influence and
direction of each predictor on the probability of fire occurrence. The results identified
elevation as the most influential predictor (β1 = −2.14), with the negative coeffi-
cient indicating an inverse relationship with fire occurrence probability. This suggests
that fire occurrence is more likely at lower elevations. Because elevation is strongly
correlated with the predictors belonging to Cluster 1, its relationship with fire occur-
rence also reflects the influence of other environmental variables. Elevation exhibited
positive correlations with the logarithm of wind speed and logarithm of wind power,
implying that lower elevations are generally associated with lower wind speeds and
lower wind power, conditions under which fire occurrence was more likely in the study
area. Conversely, elevation was negatively correlated with LST, indicating that lower
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elevations are generally associated with higher temperatures, which may contribute to
increased fire occurrence probability. Similar relationships between elevation and wild-
fire activity have been reported in previous studies, where elevation influences local
temperature, fuel dryness, and atmospheric conditions associated with fire danger
(Alizadeh, Abatzoglou, Adamowski, et al., 2023; Bera et al., 2025).

Table 3 Estimated logistic
regression coefficients and VIF
values for environmental predictors
of forest fire occurrence

Predictor Coefficient VIF
Intercept β0 = −1.52
Elevation β1 = −2.14 6.58
Aspect sin β2 = −0.40 1.01
Aspect cos β3 = −0.06 1.06
Slope β4 = 0.29 5.20
LogDFR β5 = 0.09 8.90

Aspect sin (β2 = −0.40) and Aspect cos (β3 = −0.06) describe the directional
influence of terrain orientation on fire occurrence probability. The negative coeffi-
cient of Aspect sin indicates that increasing eastness reduces the likelihood of fire
occurrence, implying that west-facing slopes are relatively more susceptible to fire
occurrence. This finding agrees with previous studies showing that west-facing ter-
rain often receives greater solar radiation during hotter periods of the day, resulting
in warmer and drier surface conditions that enhance fire susceptibility (Oregon State
University Extension, 2023). In contrast, the relatively small coefficient of Aspect cos
suggests that terrain northness or southness had only a limited influence on fire occur-
rence probability. Since aspect was strongly correlated with NDVI, NDMI, and NDWI
in Cluster 2, these results further imply that vegetation cover, surface moisture, and
water distribution may indirectly influence fire occurrence through their association
with terrain orientation (Chew, Ooi, Pang, & Lim, 2026; Gupta, Shukla, & Shukla,
2025; Lee, Ahn, & Im, 2026).

Slope (β4 = 0.29) exhibited a moderate positive relationship with fire occurrence
probability, suggesting that steeper terrain is generally more prone to fire occurrence.
This finding agrees with the results of (Lee et al., 2026), which may be attributed to
the easier propagation of fire on steeper slopes (Taylor, Collins, Fedrigo, & Linden-
mayer, 2025). On the other hand, the opposite relationship was reported by (Chen
et al., 2025). However, their findings may have been influenced by the strong nega-
tive correlation between slope and wind speed observed in their study, wherein lower
slopes experienced higher wind speeds, potentially resulting in a higher probability of
fire occurrence.

The logarithm of distance to roads (LogDFR) (β5 = 0.09) showed only a weak
positive relationship with fire occurrence probability. Consequently, because LogDFR
was positively correlated with the logarithm of distance to structures (LogDFS) in
Cluster 3, this result also suggests that proximity to human-built infrastructure was
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not a major determinant of fire occurrence probability in CNCH. This contradicts
several studies reporting that anthropogenic variables and road metrics amplify wild-
fire occurrence (Ciesielski et al., 2022; Jaafari, Rahmati, Zenner, & Mafi-Gholami,
2022; Milanović et al., 2023). However, similar findings were reported by Mostafa
et al. (2024 and 2025), who showed that road density and road-link metrics alone
do not consistently explain wildfire occurrence and that their effects vary spatially
depending on local environmental conditions. Likewise, (Narayanaraj & Wimberly,
2012) observed only a weak relationship between proximity to roads and lightning-
caused fires, suggesting that anthropogenic accessibility may not always be a dominant
wildfire driver. In the case of CNCH, environmental and topographic controls may
have exerted stronger influence on fire occurrence probability than anthropogenic
accessibility factors.

3.3 Random Forest

The Random Forest model was implemented in Python with eleven (11) input pre-
dictors consisted of raster datasets representing aspect, LogDFR, LogDFS, elevation,
LST, NDMI, NDVI, NDWI, slope, LogWindPower, and LogWindSpeed. Fire occur-
rence points were imported from an Excel file, converted into a geospatial point dataset
using their longitude and latitude coordinates, and reprojected to match the coordi-
nate reference system of the raster predictors. Raster values were then extracted at
each fire occurrence point to create the positive training samples, which were assigned
a fire class value of 1.

To represent non-fire locations, 500 random pixels were sampled from the raster
extent and assigned a fire class value of 0. Predictor values were extracted from the
same set of raster layers at these random locations. The positive fire samples and
negative random samples were then combined into a single training dataset. The Ran-
dom Forest classifier was trained using these predictors as explanatory variables and
the binary fire/non-fire class as the response variable. In this implementation, the
model used 200 decision trees and a fixed random state of 42 to ensure reproducibil-
ity. Random Forest has been widely applied in wildfire susceptibility and occurrence
modeling because of its ability to capture nonlinear interactions among environmental
and anthropogenic predictors while maintaining strong predictive performance (Bera
et al., 2025; Gupta et al., 2025; Milanović et al., 2023).

Table 4 summarizes the feature importance scores generated by the Random Forest
fire susceptibility model. Among all predictors, LST emerged as the most impor-
tant variable with an importance score of 0.21, followed by elevation (0.14) and
NDWI (0.12). Wind-related variables, namely LogWindSpeed and LogWindPower,
also showed relatively high importance values of 0.10 each. In contrast, anthropogenic
variables such as LogDFR (0.04) and LogDFS (0.03) exhibited the lowest importance
scores.

The Random Forest results are generally consistent with the findings of the logistic
regression model and the earlier correlation clustering analysis. In the logistic regres-
sion model, elevation was identified as the most influential predictor with a large
negative coefficient (β1 = −2.14), indicating that lower elevations were more suscep-
tible to fire occurrence. The Random Forest model similarly identified elevation as
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Table 4 Feature Importance
Scores of Environmental
Predictors in the Random Forest
Fire Susceptibility Model

Predictor Importance
LST 0.21
Elevation 0.14
NDWI 0.12
LogWindSpeed 0.10
LogWindPower 0.10
Aspect 0.09
Slope 0.07
NDMI 0.06
NDVI 0.05
LogDFR 0.04
LogDFS 0.03

one of the dominant predictors, reinforcing the importance of topographic controls on
fire occurrence probability in CNCH. Elevation strongly influences local microclimatic
conditions, vegetation composition, and fuel moisture dynamics, which collectively
affect wildfire probability (Gupta et al., 2025; Lee et al., 2026). Lower elevations gen-
erally experience warmer and drier conditions that are more favorable for fire ignition
and spread.

The importance of LST in the Random Forest model also supports the inter-
pretations derived from Cluster 1 of the correlation analysis, where elevation, LST,
LogWindSpeed, and LogWindPower formed a strongly correlated group. Because ele-
vation was negatively correlated with LST, the high importance of LST suggests that
warmer surface conditions strongly contribute to fire susceptibility. Likewise, the rel-
atively high importance values of LogWindSpeed and LogWindPower indicate that
atmospheric conditions associated with wind behavior remain significant contributors
to fire occurrence. This finding agrees with previous studies showing that elevated sur-
face temperatures enhance fuel desiccation and reduce vegetation moisture content,
thereby increasing fire susceptibility (Chen et al., 2025; Taylor et al., 2025). Wind
conditions further contribute to wildfire behavior by enhancing oxygen supply, accel-
erating fuel drying, and facilitating rapid flame propagation across landscapes (Liu,
Zhang, Wang, Li, & Zhao, 2024). Strong winds may also transport embers over long
distances, increasing the likelihood of secondary ignitions.

The vegetation- and moisture-related indices belonging to Cluster 2 also demon-
strated moderate importance in the Random Forest model. NDWI ranked as the third
most important predictor (0.12), while NDMI (0.06) and NDVI (0.05) showed compar-
atively smaller but still meaningful contributions. These results suggest that surface
moisture availability plays a substantial role in determining fire susceptibility within
the study area. Moisture-related indices such as NDWI and NDMI are commonly
associated with vegetation water content and fuel dryness, both of which strongly reg-
ulate ignition probability and fire intensity (Chew et al., 2026; Gupta et al., 2025).
Lower moisture availability generally corresponds to higher fire susceptibility. The
moderate importance of aspect (0.09) further supports the earlier observation that
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terrain orientation influences vegetation and moisture distribution across the land-
scape. Terrain orientation affects solar radiation exposure, evapotranspiration, and
local microclimate, thereby influencing vegetation productivity and fuel moisture con-
ditions (Mostafa, Elia, Giannico, Lafortezza, & Sanesi, 2024; Taylor et al., 2025).
Slopes receiving greater solar exposure often experience drier fuel conditions that favor
fire occurrence. Together, these findings indicate that topographic orientation indi-
rectly affects fire occurrence through its relationship with vegetation cover and surface
moisture conditions.

Slope exhibited a moderate importance score of 0.07, which is consistent with the
logistic regression model where slope showed a positive relationship with fire occur-
rence probability (β4 = 0.29). Although slope formed an independent cluster in the
correlation analysis, its moderate importance in both models suggests that it con-
tributes unique information related to terrain-driven fire spread dynamics. Steeper
slopes can accelerate uphill fire spread by increasing flame preheating of upslope
fuels and enhancing convective heat transfer (Lee et al., 2026; Liu et al., 2024). This
mechanism commonly results in greater fire susceptibility in mountainous terrain.

Finally, the low importance scores of LogDFR and LogDFS indicate that prox-
imity to roads and structures had comparatively limited influence on fire occurrence
probability within CNCH. This result is consistent with the logistic regression model,
where LogDFR also exhibited a very small coefficient (β5 = 0.09). Although roads
and structures were positively correlated within Cluster 3, their weak contribution
in both models suggests that anthropogenic accessibility factors are less important
than environmental and topographic controls in determining fire occurrence within
the study area. Although anthropogenic variables are frequently reported as major
wildfire drivers, several studies have demonstrated that their influence may vary spa-
tially depending on local environmental conditions and ignition mechanisms (Mostafa
et al., 2024; Narayanaraj & Wimberly, 2012). In relatively remote or forest-dominated
systems, climatic and topographic controls may outweigh the influence of roads and
built infrastructure.

Overall, the Random Forest model validates the major patterns identified in both
the logistic regression analysis and the correlation clustering results. Cluster 1 variables
associated with temperature, elevation, and wind emerged as the dominant controls on
fire occurrence, while Cluster 2 variables related to moisture and vegetation exhibited
secondary influence. In contrast, Cluster 3 anthropogenic variables contributed rela-
tively little to fire susceptibility prediction. Meanwhile, Cluster 4, represented solely
by slope, maintained moderate importance in both the Random Forest and logistic
regression models despite its relative independence from the other predictors. The con-
sistency between the Random Forest and logistic regression results suggests that the
dominant environmental controls identified in the study are robust across both linear
statistical and nonlinear ensemble-learning approaches (Gupta et al., 2025; Milanović
et al., 2023).

3.4 Susceptibility Maps

The susceptibility maps were generated by applying the logistic regression and Ran-
dom Forest models to all pixels within the boundaries of the CNCH map. The logistic
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regression model outputs the probability of fire occurrence at each pixel given the
values of five predictors: elevation, aspect (decomposed into eastness and northness),
logarithm of the distance from roads, and slope. Logistic regression has been widely
used in wildfire susceptibility studies because of its interpretability and ability to
estimate probabilistic relationships between environmental predictors and fire occur-
rence (Milanović et al., 2023; Zhang et al., 2023). The probabilistic nature of logistic
regression allows the resulting susceptibility surface to vary continuously across the
landscape, producing smoother spatial transitions between low- and high-risk areas.

The Random Forest model decides whether fire occurrence is present (value of 1) or
absent (value of 0) and outputs the average decision of all decision trees for each pixel
given the values of eleven predictors: LST, elevation, NDWI, logarithm of wind speed,
logarithm of wind power, aspect, slope, NDMI, NDVI, logarithm of distance from
roads, and logarithm of distance from structures. The average decision, ranging from 0
to 1, was interpreted as the probability of fire occurrence. Random Forest models are
particularly effective in wildfire susceptibility mapping because they capture nonlinear
interactions and threshold-dependent relationships among predictors that are often
difficult to represent using linear statistical approaches (Bera et al., 2025; Gupta et
al., 2025).

The final susceptibility map is represented as a heatmap of the probability of
fire occurrence for each model. Figure 6 shows the generated fire susceptibility maps
for the logistic regression model (left) and Random Forest model (right). Both maps
highlighted generally similar areas with high fire occurrence probability, indicating
agreement between the two modeling approaches regarding the dominant spatial con-
trols on wildfire occurrence. However, the logistic regression map exhibited smoother
gradients compared to the Random Forest map. This behavior is expected because
logistic regression estimates a continuous linear probability surface based on additive
predictor contributions, resulting in gradual spatial transitions. In contrast, Random
Forest models partition the predictor space into multiple nonlinear decision regions
through recursive tree splitting, which tends to generate sharper spatial boundaries
and more localized hotspots (Gupta et al., 2025; Milanović et al., 2023).

Figure 7 summarizes the distributions of fire occurrence probabilities in terms
of area (hectares) covered on a logarithmic scale. A linear decrease in the logarith-
mic distribution would imply an exponential spatial decay of probabilities from the
hotspots. The logistic regression distribution (left) exhibited a gradual decrease from
0.0 toward 0.8, suggesting a relatively smooth transition of susceptibility away from
hotspot regions. On the other hand, the Random Forest distribution decreased rapidly
from 0.0 to 0.8, indicating a steeper susceptibility gradient and stronger localization
of high-probability regions. This result further supports the tendency of Random For-
est models to emphasize discrete high-risk zones due to nonlinear threshold effects
and interaction-driven classification behavior. Similar observations have been reported
in wildfire susceptibility studies where ensemble machine learning methods produced
more spatially concentrated susceptibility patterns than regression-based approaches
(Bera et al., 2025; Gupta et al., 2025).

The hotspots may be interpreted as local maxima within the susceptibility
heatmaps and can generally be categorized into point maxima, ridge maxima, or planar
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Fig. 6 Forest fire susceptibility map generated using (LEFT) logistic regression and (RIGHT) ran-
dom forest. Blue points represent actual fire occurrence data

Fig. 7 Distribution of predicted probability values from the (LEFT) logistic regression model and
(RIGHT) random forest model, showing the total land area (in hectares, log scale) across low- to
high-susceptibility classes

maxima based on the local geometry of the susceptibility surface. In two-dimensional
scalar fields, ridge-like maxima commonly emerge when a susceptibility function is
strongly controlled by one or more spatial gradients that extend continuously across
the landscape, such as elevation or temperature gradients. In the generated maps, the
hotspots were predominantly ridge-like rather than isolated point maxima. This obser-
vation further supports the earlier finding that elevation and temperature were the
dominant predictors identified by both models. Locations sharing similar elevation and
temperature conditions tend to align continuously along terrain structures, thereby
forming elongated susceptibility ridges across the landscape. Similar topographically
controlled ridge structures have also been observed in environmental susceptibility
surfaces governed primarily by terrain and climatic gradients (Lee et al., 2026; Taylor
et al., 2025).

Together, these patterns suggest that Random Forest is more effective in highlight-
ing discrete and sharply bounded hotspots, whereas logistic regression provides a more
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continuous and conservative representation of landscape vulnerability. The smoother
susceptibility field produced by logistic regression reflects its global linear structure,
while the sharper hotspot delineation produced by Random Forest arises from its non-
linear ensemble-learning framework and sensitivity to localized predictor interactions.
Consequently, logistic regression may be more appropriate for identifying broad-scale
susceptibility trends, whereas Random Forest may provide better localization of high-
risk ignition zones for targeted management and mitigation planning (Gupta et al.,
2025; Milanović et al., 2023).

3.5 Forest Fire Model Mapping Dashboard

Fig. 8 Model Configuration of the Forest Fire Model Mapping Dashboard

The model configuration of the Forest Fire Model Mapping Dashboard is shown
in Figure 8. Two machine learning approaches were integrated into the system: a
5-parameter Logistic Regression model and an 11-parameter Random Forest model.
The dashboard was designed to provide a unified platform for preprocessing, model
execution, raster generation, visualization, and statistical summarization of fire sus-
ceptibility outputs. By integrating geospatial processing and machine learning into
a web-based interface, the system enables rapid spatial assessment of wildfire sus-
ceptibility across the CNCH landscape. The Logistic Regression workflow applies
preprocessing operations such as feature scaling and transformation of aspect val-
ues into sine and cosine representations to capture directional characteristics before
generating susceptibility probabilities. In contrast, the Random Forest model directly
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Fig. 9 Prediction Results and Raster Summary of the Forest Fire Model Mapping Dashboard

utilizes eleven raster parameters without requiring feature scaling. Both models gener-
ate raster-based susceptibility outputs using the predict proba() function, enabling
spatial prediction of forest fire susceptibility levels across the study area.

Figure 9 shows the prediction results and raster Summary of the Forest Fire Model
Mapping Dashboard. Following prediction, the backend generates a GeoTIFF sus-
ceptibility raster and a PNG preview image for visualization within the dashboard.
The actual fire occurrences are plotted in the visualization. The system also com-
putes raster summary statistics, including total analyzed area, susceptibility category
distribution, pixel counts, area coverage in hectares, and mean susceptibility values.
These outputs are returned to the frontend as structured JSON responses containing
downloadable raster files, preview images, and analytical summaries. Through this
integrated architecture, the dashboard provides a unified decision-support platform for
forest fire susceptibility analysis by combining machine learning prediction, geospatial
raster processing, and web-based visualization.

4 Conclusions and Recommendations

This study developed the FIRE-TROPICS framework, an integrated machine learn-
ing and geospatial approach for forest fire susceptibility mapping within CNCH.
Using open-access environmental and anthropogenic datasets, LR and RF models were
implemented to identify dominant controls on fire occurrence and generate spatial
susceptibility maps.

The results consistently showed that temperature, elevation, and wind-related vari-
ables are the primary drivers of forest fire occurrence within the study area. Logistic
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regression identified elevation as the strongest predictor, indicating that lower ele-
vations exhibit higher fire susceptibility. Similarly, the RF model identified LST,
elevation, and NDWI as the most influential predictors. In contrast, anthropogenic
accessibility variables such as distance to roads and structures exhibited comparatively
weak influence, suggesting that environmental and topographic controls dominate fire
occurrence patterns within CNCH.

Both susceptibility models produced generally similar hotspot regions, demonstrat-
ing agreement regarding the major spatial controls of wildfire occurrence. However,
the RF model generated sharper and more localized hotspot boundaries due to its
nonlinear structure, while the LR model produced smoother and more continuous
susceptibility gradients. The hotspot structures predominantly appeared as ridge-
like patterns aligned with elevation and temperature gradients, indicating strong
terrain-driven climatic control over fire-prone zones. To operationalize the frame-
work, a Forest Fire Model Mapping Dashboard was developed integrating machine
learning prediction, geospatial raster generation, statistical summarization, and web-
based visualization. The system enables rapid wildfire susceptibility assessment and
provides a scalable decision-support platform for forest monitoring and management
applications.

Overall, the findings demonstrate that tropical forests previously considered fire-
resilient are becoming increasingly vulnerable under changing climatic conditions. The
FIRE-TROPICS framework provides a practical and scalable approach for wildfire
hotspot identification and spatial decision support in tropical conservation landscapes.
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Gallardo-Cruz, J.A., Pérez-Garćıa, E.A., Meave, J.A. (2009). β-diversity and veg-
etation structure as influenced by slope aspect and altitude in a seasonally
dry tropical landscape. Landscape Ecology , 24 (4), 473–482, https://doi.org/
10.1007/s10980-009-9332-1

23

https://doi.org/10.3389/ffgc.2025.1495699
https://doi.org/10.3832/ifor4052-015
https://doi.org/10.1038/nature01437
https://doi.org/10.1088/1748-9326/acb225
https://doi.org/10.1088/1748-9326/acb225
https://doi.org/10.1371/journal.pone.0161323
https://doi.org/10.1371/journal.pone.0161323
https://doi.org/10.1073/pnas.1816020116
https://doi.org/10.1007/s10980-009-9332-1
https://doi.org/10.1007/s10980-009-9332-1


Gupta, P., Shukla, A.K., Shukla, D.P. (2025). Machine learning-based forest fire
susceptibility mapping of southern mizoram, a part of indo-burma biodiver-
sity hotspot. Environmental Science and Pollution Research, 32 , 31433–31454,
https://doi.org/10.1007/s11356-025-36621-y

Hair, J.F., Black, W.C., Babin, B.J., Anderson, R.E. (2019). Multivariate data analysis

(8th ed.). Cengage.

Intergovernmental Panel on Climate Change (2022). Tropical forests (cross-chapter
paper 7). Climate change 2022: Impacts, adaptation and vulnerability (pp. 2313–
2362). Cambridge University Press.

Jaafari, A., Rahmati, O., Zenner, E.K., Mafi-Gholami, D. (2022). Anthropogenic
activities amplify wildfire occurrence in the zagros eco-region of western iran.
Natural Hazards , 114 (1), 457–473, https://doi.org/10.1007/s11069-022-05397
-6

Kumar, S.S., & Dayal, K.K. (2026). Wind resource assessment and energy modelling
of smaller outer islands in fiji. Royal Society Open Science, 13 (3), 251714,
https://doi.org/10.1098/rsos.251714

Kutner, M.H., Nachtsheim, C.J., Neter, J., Li, W. (2005). Applied linear statistical

models (5th ed.). McGraw-Hill/Irwin.

Lagesse, C., Bordin, P., Douady, S. (2019). A graph-based approach for the structural
analysis of road and building layouts. Cartography and Geographic Information

Science, 46 (6), 526–541, https://doi.org/10.1080/15230406.2018.1559638

Lee, J., Ahn, S., Im, S. (2026). Spatial prediction of forest fire occurrence integrat-
ing human proximity: A machine learning approach for korea’s eastern coast.
Forests , 17 (2), 281, https://doi.org/10.3390/f17020281

Liu, Y., Zhang, H., Wang, S., Li, X., Zhao, F. (2024). Effects of slope and wind
interaction on wildfire spread dynamics in mountainous terrain. Fire, 7 (6), 175,
https://doi.org/10.3390/fire7060175

Maeda, E.E. (2014). Downscaling modis lst in the east african mountains using
elevation gradient and land-cover information. International Journal of Remote

Sensing , 35 (9), 3094–3108, https://doi.org/10.1080/01431161.2014.903442

24

https://doi.org/10.1007/s11356-025-36621-y
https://doi.org/10.1007/s11069-022-05397-6
https://doi.org/10.1007/s11069-022-05397-6
https://doi.org/10.1098/rsos.251714
https://doi.org/10.1080/15230406.2018.1559638
https://doi.org/10.3390/f17020281
https://doi.org/10.3390/fire7060175
https://doi.org/10.1080/01431161.2014.903442


Malhi, Y., Roberts, J.T., Betts, R.A., Killeen, T.J., Li, W., Nobre, C.A. (2008).
Climate change, deforestation, and the fate of the amazon. Science, 319 (5860),
169–172, https://doi.org/10.1126/science.1146961

Menard, S. (2002). Applied logistic regression analysis (2nd ed.). Sage Publications.
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