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Abstract 

Background  Subtropical pine forests dominated by Pinus roxburghii in northern Pakistan are increasingly vulnerable 
to forest fires, posing serious ecological and management challenges. This study (i) identifies the primary environ-
mental and anthropogenic drivers of fire risk, (ii) evaluated the performance of four machine learning models Logistic 
Regression (LR), Random Forest (RF), Support Vector Machine (SVM), and eXtreme Gradient Boosting (XGBoost) for fire 
susceptibility prediction, and (iii) develops a spatially explicit vulnerability map for the Malakand region using 2001–
2023 fire occurrence data.
Methods  Spatial modeling was conducted using MODIS fire products (FIRMS and MCD64A1), along with topo-
graphic, climatic, vegetation, and human activity variables. Predictor importance and inter-variable relationships were 
analyzed prior to model training and evaluation.

Results  NDVI, skin temperature, and population density emerged as key predictors. Among the models tested, RF 
and XGBoost outperformed others, with RF achieving 86.2% accuracy and AUC 95.4, and XGBoost showing 87.2% 
accuracy and AUC 95.2. Multicollinearity analysis confirmed variable independence (Tolerance > 0.1; VIF < 10).

Conclusion  The resulting fire vulnerability map delineated distinct spatial patterns, identifying 6.88% of the study 
area as highly susceptible to fire. These findings provide actionable insights into targeted fire prevention and sustain-
able forest management in subtropical Himalayan ecosystems.

Keywords  Chir pine forest, Swat region, Forest fire vulnerability, Machine learning, Forest fire, Climate, Vegetation 
indices

Resumen 

Antecedentes  Los bosques de pinos subtropicales dominados por Pinus roxburghii en el norte de Paquistán, son 
cada vez más vulnerables a los incendios forestales, lo que implica un serio desafío desde lo ecológico y de manejo. 
Este estudio (i) identifica los conducentes primarios tanto ambientales como antropogénicos que afectan el riesgo 
de incendios, (ii) evalúa la performance de cuatro modelos de aprendizaje automático basados en regresión logística 
(LR), Bosques al azar (RF), Máquinas de soporte vectorial (SVM), y aumento de gradiente extremo (XGBoost), para 
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determinar la susceptibilidad en la predicción del fuego, y (iii) desarrolla un mapa de vulnerabilidad explícita para la 
región de Malakand, usando datos de ocurrencia de fuegos desde 2001 hasta 2023.

Métodos  El modelado espacial fue conducido usando los productos de MODIS (FIRMS y MCD64A1), junto con vari-
ables climáticas, topográficas, vegetacionales, y de actividades humanas. Las relaciones de importancia en la predic-
ción e inter-variables fueron analizadas antes de la puesta en marcha del modelo y de la evaluación.

Resultados  El NDVI, la temperatura superficial, y la densidad de la población emergieron como los predictores 
claves. Dentro de los modelos probados, el RF y el XGBoost Superaron a los otros, con el RF alcanzando el 82% de 
exactitud y AUC 95,2. El análisis de multi-colinearidad confirmó la independencia de las variables (tolerancia > 0.1; VIF 
< 10). 

Conclusiones  El mapa resultante de la vulnerabilidad a los incendios delineó diferentes patrones espaciales, iden-
tificando el 6,88% del área de estudios como altamente susceptible a los incendios. Estos resultados proveen de 
explicaciones detalladas sobre los objetivos de prevención de incendios y manejo forestal sostenible en ecosistemas 
subtropicales del Himalaya

Introduction
Forest fires are an escalating global concern, causing 
substantial ecological and economic damage (Mehmood 
et  al. 2024a; Latha 2022). Their rising frequency and 
intensity, driven by both climatic variability and anthro-
pogenic pressures, underscore the urgent need for pre-
dictive fire risk assessments and effective management 
strategies (Baqer Rasooli and Bonyad, 2019; Ghorbanza-
deh et al. 2019). Key ignition factors include topographic 
and meteorological conditions, vegetation characteris-
tics, and socio-political drivers such as land use practices 
and policy responses (Pourtaghi et al. 2015; Ferreira et al. 
2023). Climate change has amplified fire susceptibility in 
mountain ecosystems by increasing drought frequency 
and altering fire regimes, as demonstrated in recent stud-
ies from temperate regions (Dupire et al. 2019; Saidi et al. 
2021; Shahzad et al. 2024)

The Malakand region, situated in the northwestern 
mountainous terrain of Pakistan, faces distinct for-
est fire challenges shaped by its unique topography, 
vegetation, and socio-economic dynamics. The area is 
characterized by steep slopes, dense chir pine forests 
(Pinus roxburghii), and a climate prone to extended 
dry periods, significantly increasing fire susceptibility. 
The region’s forests play a critical ecological and eco-
nomic role, acting as vital watersheds and providing 
livelihoods for local communities. However, increas-
ing anthropogenic pressures such as grazing, agricul-
tural expansion, and the traditional practice of setting 
fires to encourage new grass growth exacerbate the 
risk (Aslam et al. 2022). Coupled with limited firefight-
ing infrastructure and inadequate forest management 
policies, these factors make the Malakand region par-
ticularly vulnerable to frequent and devastating forest 
fires. Moreover, socio-political challenges, including 
lack of awareness, weak institutional responses, and 
insufficient resource allocation, further complicate fire 

prevention and mitigation efforts (Pandey et  al. 2023). 
Despite the increasing frequency of fire events in sub-
tropical pine forests, most fire susceptibility studies 
have concentrated on temperate or Mediterranean 
ecosystems. In Pakistan’s Pinus roxburghii-dominated 
forests, the interplay between anthropogenic pres-
sures and biophysical drivers remains poorly quantified 
(Mehmood et  al. 2025a, b). Furthermore, few studies 
have systematically evaluated the relative performance 
of multiple machine learning algorithms using harmo-
nized environmental, climatic, and human influence 
data across fire-prone mountainous terrain (Hossen 
et al. 2024). This study addresses this gap by integrating 
multi-source geospatial datasets with model compari-
son to generate high-resolution fire vulnerability maps 
in the subtropical Himalayas.

Machine learning methods have gained prominence 
for their ability to analyze complex patterns and large 
datasets (Anees et  al. 2024b). For instance, Chen et  al. 
(2023) employed Random Forest (RF) and Support Vec-
tor Machine (SVM) models to predict forest fire sus-
ceptibility based on environmental variables, including 
vegetation indices, meteorological data, and historical 
fire occurrences. These machine-learning approaches 
handle non-linear relationships and integrate diverse 
datasets, making them highly effective for hazard predic-
tion (Zhang et al. 2024). From a fire ecology standpoint, 
Chir Pine ecosystems are highly susceptible to fuel accu-
mulation from needle litter, dense canopies, and persis-
tent undergrowth, particularly under prolonged drought 
and unmanaged grazing. In wildland–urban interface 
(WUI) zones, where forests meet human settlements, 
ignition risks are further amplified by land use conflicts 
and resource pressures (Luo et  al. 2025). Accurately 
modeling fire susceptibility in these settings necessitates 
algorithms that can capture complex, nonlinear interac-
tions. Ensemble methods such as RF and XGBoost are 



Page 3 of 17Muhammad et al. Fire Ecology           (2025) 21:72 	

well-suited for ecological applications due to their resist-
ance to overfitting, capacity to model variable interac-
tions, and provision of interpretable variable importance 
for management decisions (Mehmood et al. 2025a, b).

Despite the effectiveness of machine learning, tradi-
tional methods such as the Analytical Hierarchy Process 
(AHP) remain widely used due to their interpretability 
and ability to incorporate expert judgment. For example, 
Lamat et  al. (2021) utilized AHP to generate risk maps, 
considering factors such as population density, LULC 
(land use/land cover), and meteorological conditions, 
categorizing areas into four risk levels: very high, high, 
moderate, and low. In another study, Das et  al. (2023) 
integrated AHP with statistical modeling approaches like 
Frequency Ratio (FR) and Logistic Regression (LR) to 
assess forest fire susceptibility using topographic and cli-
matic factors. Similarly, Pramanick et al. (2023) relied on 
GIS and AHP to delineate fire risk zones based on physi-
cal and socioeconomic variables.

Employing Geospatial Information Systems (GIS), 
simulation models, and remote sensing (RS) analysis 
provides robust tools for predicting forest fires and ana-
lyzing data from high-risk areas (Calkin et  al.  2014). 
During vulnerability assessments, environmental fac-
tors such as altitude, precipitation, forest type, and ter-
rain, alongside socioeconomic factors like population 
density and proximity to roads, play critical roles (Tariq 
et  al. 2022). Chir pine forests (Pinus roxburghii), which 
dominate the subtropical pine zones, are particularly 
susceptible to human-induced fires due to slash-and-
burn practices, grazing, and forest resource collection 
(Naskar et  al. 2022). These activities, compounded by 
dry conditions, increased litter fall, and farmers’ need for 
new grass growth, contribute to recurring fire incidents 
every 3 to 4 years (Singh et al. 2023). Additionally, canopy 
closure rates and vegetation density are critical determi-
nants of fire risk, as lower canopy closure reduces risk, 
while dense vegetation often aligns with high-risk zones 
(Ozenen Kavlak et al. 2021). Despite advancements in fire 
assessment methodologies, several gaps remain in under-
standing fire dynamics in subtropical pine forests. Specif-
ically, machine learning applications have largely focused 
on temperate and tropical forests, leaving subtropical 
ecosystems underexplored. Furthermore, integrating 
diverse environmental, topographic, and anthropogenic 
factors in predictive models remains limited, while rigor-
ous model performance comparisons across such com-
plex ecosystems are rare.

This study is novel in three main aspects: (i) it provides 
the first machine learning-based comparative fire sus-
ceptibility assessment specific to the Chir Pine forests 
of northern Pakistan, (ii) it integrates a comprehensive 
suite of variables including vegetation indices, climate 

reanalysis, topography, and human disturbance layers at 
high spatial resolution, and (iii) it employs both individ-
ual and ensemble machine learning algorithms to explore 
spatial heterogeneity in fire risk. Accordingly, the study 
aims to (1) identify key drivers of fire risk in subtropical 
pine forests, (2) evaluate and compare the performance 
of LR, RF, SVM, and XGBoost models, and (3) develop a 
vulnerability map to inform spatially targeted fire preven-
tion strategies.

Methodology of the study
Study area
The study was conducted in the subtropical Chir Pine 
(Pinus roxburghii) zone of the Malakand region, located 
in northern Pakistan between 35° 29′ 59.99″ N and 72° 
00′ 00.00″ E. The region Lies within the eastern mar-
gins of the Hindukush Mountain range, with elevations 
ranging from approximately 700 to 7708  m. Chir pine 
forests, situated between 800 and 1700 m, dominate the 
mid-elevation belt across Swat, Upper Dir, Lower Dir, 
Buner, Shangla, and Malakand districts. These forests are 
characterized by steep slopes, fragmented stands, and 
prolonged dry seasons, making them highly susceptible 
to fire ignition and spread. The climate features a dis-
tinct dry period from late spring to early autumn, which 
aligns with the region’s fire season. Traditional fire use for 
pasture renewal, unmanaged grazing, and accumulated 
Surface Litter contribute to a recurring fire regime every 
3–4 years. Approximately 10% (1.51 million hectares) of 
Pakistan’s forest cover in this zone comprises subtropi-
cal Chir Pine forests, where fire incidents are frequently 
reported (Fig. 1).

Study design: data sources and preprocessing
The study utilized extensive fire data collected from Janu-
ary 2001 to December 2023, excluding the most recent 
decade. The MODIS fire product from the Fire Infor-
mation for Resource Management System (FIRMS) was 
used to obtain active fire detections from NASA’s Aqua 
and Terra satellites (https://​firms.​modaps.​eosdis.​nasa.​
gov) (Shahzad et  al. 2024). The MCD64A1 Version 6 
burned area product, a monthly global 500-m grid data-
set, was integrated for spatial analysis. This dataset com-
bines MODIS active fire observations with burned area 
classifications at a resolution of 1 km, which helps detect 
thermal anomalies and localize fires (Giglio et  al. 2018; 
Lai et al. 2023; Li et al. 2025). Fire events with a reporting 
confidence level > 50% were aggregated to a 1 × 1 km grid 
system, with each cell coded as “1” for fire presence and 
“0” for absence. The aggregated fire data were validated 
against the MCD64A1 burned area product to ensure 
fire detection and delineation consistency. The dataset 
was split into 70% for training and 30% for testing, with 

https://firms.modaps.eosdis.nasa.gov
https://firms.modaps.eosdis.nasa.gov
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stratified sampling to maintain proportional fire and 
non-fire class representation. To improve model robust-
ness and avoid overfitting, fivefold cross-validation was 
applied within the training set to tune model param-
eters and assess predictive stability. The held out 30% 
was reserved exclusively for final model performance 
evaluation.

Land cover information was derived from a 10-m reso-
lution raster for 2020, obtained from the WorldCover 
project of the European Space Agency (ESA), based 
on Sentinel-1 and Sentinel-2 data (Sun et  al. 2008). For 
topographic variables, slope, aspect, hill shade, and TWI 
were computed from the SRTM Digital Elevation Model 
(DEM) dataset using the ArcGIS Spatial Analyst exten-
sion. These topographic layers were resampled to 1 × 1 
km resolution using nearest-neighbor interpolation to 
align with the fire and climatic datasets. All topographic 
variables were normalized to ensure compatibility across 
datasets. Monthly climatic data, including skin tem-
perature, wind speed, and precipitation, were obtained 
from the ERA5 climate reanalysis dataset published by 
the Copernicus Climate Change Service (Zafar et  al. 
2023). Wind speed and skin temperature were selected 
over air temperature and solar radiation based on their 
direct ecological relevance to fire behavior. Wind speed 

is a well-established driver of fire spread dynamics, par-
ticularly in mountainous terrain where wind funnels 
through valleys and ridges. Skin temperature, derived 
from Surface thermal emissions, more accurately reflects 
near-ground heating and fuel dryness than ambient air 
temperature in remote sensing applications. Preliminary 
correlation analyses further confirmed that solar radia-
tion exhibited low variability and poor association with 
historical fire detections and was therefore excluded to 
reduce feature redundancy. The climatic data were repro-
jected to match the spatial reference system of the study 
area and resampled to 1× 1 km resolution using bicubic 
interpolation. The resulting layers were clipped to the 
study area for consistency with other datasets.

Anthropogenic variables such as population density 
were derived from the WorldPop dataset (Kolanek et al. 
2021; Phelps and Beverly, 2022). Population density data 
were resampled to the 1 × 1 km grid system using bilin-
ear interpolation. Proximity to roads, built-up areas, 
and rivers was calculated using OpenStreetMap data 
(Ehrig-Page 2020) and the Euclidean distance tool in 
GIS. Vegetation indices, such as the Normalized Dif-
ference Vegetation Index (NDVI), were extracted from 
the MOD13Q1 dataset, which provides data at a 500-m 
resolution (Table  1). Quality flags (QA) were applied to 

Fig. 1  Map of the study area. Panel A shows the geographical location of the Malakand Division within Pakistan alongside neighboring countries. 
Panel B provides a detailed elevation map of the Malakand Division, highlighting its topographic features and district boundaries
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mask low-quality or cloud-covered pixels. The data were 
then clipped to the study area boundaries and temporally 
averaged to generate monthly composites. Missing values 
caused by cloud coverage were interpolated using near-
est-neighbor resampling to ensure data completeness.

Analysis of multicollinearity and correlation of variables
The multicollinearity analysis was conducted using the 
Variance Inflation Factor (VIF) and tolerance (TOL) lev-
els, commonly used to predict the relationships between 
causal variables. Multicollinearity is typically detected 
when the tolerance level (TOL) is less than 0.1, and the 
VIF is greater than 10, as per the commonly used rule of 
thumb (McCandless et al. 2020; Wang et al. 2019). These 
metrics were calculated using the following equations 
(Eqs. 1 and 2) (Khasawneh et al. 2024; Anees et al. 2024a)

where R2 denotes the coefficient of determination. In 
addition to the VIF and tolerance analysis, a Spearman 
Rank Correlation Heat map was employed further to 
examine the relationships between variables (Fig. 2).

Random Forest (RF)
Random Forest (RF) is a widely used ensemble algorithm 
based on decision trees, known for its robustness to 
overfitting and ability to model complex variable inter-
actions (Breiman 2001). In this study, RF was applied to 
assess the contribution of environmental, topographic, 

(1)TOL = 1− R
2

(2)VIF =
1

1−R
2
=

1

TOL

and anthropogenic variables to fire occurrence. The num-
ber of trees and the number of features considered at 
each split were tuned using cross-validated grid search 
(Wai et  al. 2022). The RF algorithm has a high level of 
predictability and is resistant to outliers, though it does 
have uncertainty. Besides, it proves efficient with abun-
dant predictive accuracy, especially in forest fire predic-
tion (Su et  al. 2020). The quantity of random features 
and trees determines the predictive efficacy of the model 
(Jalal et  al. 2022; Luo et  al. 2024; Badshah et  al. 2024). 
The RF model is one of the quickest machine-learning 
processes, capable of considering magnitude and scale 
with unprecedented explanation accuracies. However, 
it is sensitive to the problem of overfitting in practice 
(Arnaiz-González et al. 2016; Anees et al. 2024a).

Logistic Regression (LG)
Logistic Regression (LR) was employed to estimate the 
probability of vegetation fire occurrence as a function of 
environmental, topographic, and anthropogenic predic-
tors. This method is widely used in binary classification 
problems due to its transparency, statistical interpretabil-
ity, and suitability for modeling presence-absence data 
(Chas-Amil et al. 2012). Its effectiveness in fire prediction 
across diverse landscapes has been demonstrated in pre-
vious studies (Mallinis et al. 2019; Mohajane et al. 2021; 
Reyes-Bueno and Loján-Córdova, 2022). The mathemati-
cal formulation of the logistic function and variable inter-
pretation is provided in Supplementary S1.

eXtreme Gradient Boosting (XGBoost)
XGBoost is a gradient-boosting framework that sequen-
tially improves weak learners to minimize prediction 

Table 1  Independent variables with sources, units, and resolutions categorized by topographic, climatic, anthropogenic, and 
vegetation indices

Category Independent variable Source Unit Resolution

Topographic Slope https://​earth​explo​rer.​usgs.​gov m 30 m

Aspect

Elevation

Hill shade

TWI

Climatic Skin temperature ERA 5 climate reanalysis data °C 9 km

Wind speed m/s

Precipitation mm

Anthropogenic Population https://​hub.​world​pop.​org count 1 km

Proximity to road https://​www.​opens​treet​map.​org m 1:2,372,791

Proximity to urban

Proximity to river

Vegetation index NDVI MODIS/061/MOD13Q1 nm 250

NMDI

https://earthexplorer.usgs.gov
https://hub.worldpop.org
https://www.openstreetmap.org


Page 6 of 17Muhammad et al. Fire Ecology           (2025) 21:72 

error. Its ability to handle missing data, penalize model 
complexity, and support regularization makes it suit-
able for non-linear fire susceptibility modeling (Chen 
and Guestrin, 2016; Tianqi and Carlos 2016). Key hyper-
parameters (learning rate, tree depth, number of esti-
mators) were optimized via fivefold cross-validation. 
The base classifier in the XGBoost algorithm is CART. 
In XGBoost, each decision tree built during training is 
highly interrelated with the previous ones. The training 
and prediction results of each tree influence the con-
struction of the next tree, allowing the model to cor-
rect errors and improve overall accuracy. Besides, it is a 
flexible algorithm in addition to solving regression and 
classification problems according to its targeted usage 
(Prasertsri and Littidej, 2020).

Support Vector Machine (SVM)
Support Vector Machine (SVM) was applied to classify 
fire and non-fire events by identifying optimal decision 

boundaries in high-dimensional feature space. A radial 
basis function (RBF) kernel was used to address poten-
tial non-linearity in the predictor variables. SVM is par-
ticularly effective for binary classification tasks involving 
large feature sets and sparse data, and has been success-
fully applied in earth observation studies, including for-
est fire prediction (Çakir et  al. 2023). The model works 
by maximizing the margin between support vectors, 
allowing it to generalize well while minimizing overfitting 
(Rodriguez-Galiano et  al. 2015; Xu et  al. 2022). Hyper-
parameter tuning, including the penalty term (C) and 
kernel parameters (γ), was conducted using grid search 
with fivefold cross-validation to optimize classification 
accuracy (Kalantar et al. 2020; Liu et al. 2021; Zhang et al. 
2023a, b).

Model comparison and statistical testing
To evaluate the performance of different machine learn-
ing models for forest fire susceptibility prediction, we 

Fig. 2  Spearman rank correlation heatmap illustrating the relationships among environmental and anthropogenic variables
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compared LR, RF, SVM, and XGBoost using multiple 
evaluation metrics: Accuracy, AUC, Precision, Recall, 
and F1 Score. The metrics were calculated on test data-
sets following a 70:30 train-test split of the dataset. We 
performed bootstrapping to generate distributions of 
Accuracy values for each model to determine the statisti-
cal significance of performance differences between the 
models. Bootstrapping involved resampling the observed 
accuracy values 1000 times with replacement, creating 
robust distributions that reflect the inherent variability 
in model performance. Pairwise t-tests were then con-
ducted to compare the bootstrapped Accuracy distribu-
tions for RF vs. LR, XGBoost vs. RF, and SVM vs. LR. The 
statistical tests evaluated whether the mean Accuracy 
differences between models were significantly different 
from zero, with results reported at a 95% confidence level 
(Sharma et al. 2022; Singha et al. 2024).

Results
Multicollinearity analysis of fire ignition factors
Table 2 Summarizes the multicollinearity analysis of dif-
ferent climate, anthropogenic, environmental, and topo-
graphic factors with their TOL being more than 0.1 and 
VIF being less than 10. This indicates that covariates 
among the factors of fire ignition based on the region can 
be utilized for forecasting future fire hazards.

The heatmap displays pairwise correlation coeffi-
cients, ranging from − 1 (strong negative correlation) to 1 
(strong positive correlation) (Fig. 2). Strong relationships, 
such as negative correlations between NDVI and Skin 
Temperature, and positive correlations among Popula-
tion, Distance from Roads, and Urban Areas, highlight 
key interactions influencing fire risk. Weak correlations 

for variables like Elevation and Aspect indicate mini-
mal direct associations. This analysis provides insights 
into the complex interplay of factors affecting fire 
susceptibility.

The heatmap reveals that some variables, such as NDVI 
and Skin Temperature, have notable negative correla-
tions with other variables like Wind Speed and Precipi-
tation, indicating that the other tends to decrease as one 
increases. This suggests that vegetation health, repre-
sented by NDVI, and moisture availability, represented 
by Precipitation, are inversely related to conditions like 
elevated Skin Temperature and increased Wind Speed 
(Mehmood et  al. 2024c), both exacerbate fire risk. This 
relationship highlights the role of stressed vegetation and 
dry conditions in enhancing the likelihood of fire igni-
tion. On the other hand, some variables, such as Eleva-
tion and Slope, show a very weak correlation with others, 
suggesting minimal direct interaction. While Elevation 
and Slope may not directly correlate with climatic or 
anthropogenic factors (Pan et al. 2023; Anees et al. 2024c; 
Muhammad et al. 2023; Gong et al. 2024), they indirectly 
influence fire spread by affecting fuel accumulation and 
fire behavior.

This detailed correlation analysis complements the 
multicollinearity analysis, offering a comprehensive 
understanding of how these environmental and anthro-
pogenic factors interact in the context of fire risk. 
Together, these analyses provide critical insights into the 
relationships among the variables, helping to refine the 
predictive models by identifying and addressing potential 
multicollinearity issues and understanding the under-
lying correlations that may influence fire ignition and 
spread within the study area. For example, the negative 
correlation between NDVI and Skin Temperature rein-
forces the importance of vegetation health (Mehmood 
et al. 2024b) and moisture content in reducing fire risk, 
while positive relationships between Population and vari-
ables like Distance from the Road emphasize the impact 
of human activities on fire ignition potential.

Evaluation of machine learning model performance
The performance of four machine learning models 
Logistic Regression, Random Forest, Support Vector 
Machine (SVM), and XGBoost were assessed using five 
evaluation metrics: Accuracy, Area Under the Curve 
(AUC), Precision, Recall, and F1 Score. These metrics 
offer complementary insights into the models’ classifi-
cation performance and guide the selection of the most 
effective classifier. The LR model achieved an accuracy 
of 81.6%, indicating that approximately four out of five 
instances were correctly classified. The AUC score of 
88.7 reflects moderate discriminatory ability between fire 
and non-fire cases. In comparison, all three other models 

Table 2  Results of multicollinearity analysis

Variable TOL VIF

Elevation 0.89 1.11

Slope 0.90 1.11

Aspect 0.59 1.69

Hill shade 0.58 1.70

TWI 0.98 1.02

NDVI 0.22 4.44

Wind speed 0.12 7.96

Population 0.72 1.40

Distance from the road 0.98 1.01

Distance from the river 0.51 1.95

Distance from the urban 0.91 1.09

Precipitation 0.56 1.76

Skin temperature 0.26 3.82

NMDI 0.20 4.88
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Random Forest (RF), Support Vector Machine (SVM), 
and XGBoost demonstrated higher performance across 
most evaluation metrics (Table  3). As shown in Fig.  3, 
the proximity of their ROC curves to the top-left cor-
ner indicates improved sensitivity and specificity relative 

to LR. The precision of the LR model was 84.7%, while 
the recall was lower at 76.9%, resulting in an F1 Score of 
80.6%. These values Suggest that although LR performs 
reasonably well, it is less effective in capturing fire-prone 
instances compared to the ensemble classifiers. The RF 
model outperformed Logistic Regression on all major 
metrics. It achieved an accuracy of 86.2% and an AUC of 
95.4, indicating a strong capacity to distinguish between 
classes. Precision and recall were 88.1 and 83.5%, respec-
tively, yielding an F1 Score of 85.8%. These results reflect 
a robust and balanced model with higher classification 
reliability for fire susceptibility than LR. The superiority 
of RF over LR was statistically confirmed through boot-
strapped accuracy comparisons (mean difference = 4.64%, 
p < 0.005; Table 4).

Table 3  Performance metrics of different machine learning 
models in classification tasks

Model types Accuracy AUC​ Precision Recall F1 score

Logistic regression 81.6 88.7 84.7 76.9 80.6

Random forest 86.2 95.4 88.1 83.5 85.8

SVM 81.6 90.7 92.8 68.4 78.7

XGBoost 87.2 95.2 90.0 83.5 86.3

Fig. 3  Receiver operating characteristic (ROC) curves for Logistic Regression, Random Forest, Support Vector Machine (SVM), and XGBoost 
models in predicting forest fire ignition. The Area Under the Curve (AUC) scores for Logistic Regression = 88.7, SVM = 90.7, Random Forest = 95.4, 
and XGBoost = 95.2

Table 4  Pairwise statistical testing results

Comparison (%)Mean difference t-value p-value 95% confidence 
interval

Sig:

Random Forest vs Logistic Regression 4.64 52.447  < 0.005 [4.47, 4.81] Sig:

XGBoost vs Random Forest 0.97 11.287  < 0.005 [0.80, 1.14] Sig:

SVM vs Logistic Regression 0.045 0.492  > 0.005 [− 0.14, 0.23] Not Sig:
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The ROC curves illustrate the trade-off between the 
True Positive Rate (Sensitivity) and the False Positive 
Rate (1 − Specificity) for each classifier (Fig.  3). A curve 
closer to the top-left corner reflects stronger perfor-
mance in distinguishing between classes. Among the four 
models, Random Forest and XGBoost achieved the high-
est AUC values, indicating strong discriminatory power 
in predicting forest fire Susceptibility. The SVM model 
achieved an accuracy of 81.6%, which was equal to that of 
Logistic Regression. However, it demonstrated a higher 
AUC score of 90.7, suggesting better overall separability 
between fire and non-fire classes. The model produced 
the highest precision (92.8%) among all classifiers, indi-
cating that when it predicted a fire-prone area, it was 
frequently correct. However, its recall value was the low-
est (68.4%), indicating a tendency to miss a considerable 
number of actual fire cases. As a result, the F1 Score was 
78.7%, reflecting an imbalance between sensitivity and 
specificity. These results suggest that SVM is particularly 
strong in minimizing false positives but less effective in 
identifying all positive instances.

In comparison, XGBoost achieved the highest overall 
classification performance. Its accuracy reached 87.2%, 
the highest among all models. The AUC score was 95.2 
slightly lower than Random Forest but still indicat-
ing excellent class discrimination. The model produced 
a precision of 90.0% and a recall of 83.5%, resulting in 
the highest F1 Score of 86.6%. This combination of high 
sensitivity and precision positions XGBoost as the most 
balanced and reliable classifier for fire susceptibility 
prediction when both false positives and false negatives 
are of concern. Across all models, Random Forest and 
XGBoost consistently demonstrated the strongest perfor-
mance based on accuracy, AUC, and F1 Score (Table 3). 
The superiority of these two ensemble classifiers was sta-
tistically validated using bootstrapped accuracy distribu-
tions and pairwise t-tests (Table  4). XGBoost showed a 
statistically significant improvement over Random Forest 
(mean difference = 0.97%, p < 0.005), while Random For-
est significantly outperformed Logistic Regression (mean 
difference = 4.64%, p < 0.005). The performance difference 
between SVM and Logistic Regression was not statisti-
cally significant (p > 0.05).

While all models showed acceptable classification abil-
ity, Random Forest and XGBoost were the most suitable 
for deployment in similar fire risk modeling tasks due 
to their superior balance between precision and recall. 
XGBoost is advantageous for modeling complex, non-
linear interactions through iterative boosting, with built-
in regularization to mitigate overfitting. This makes it 
well-suited for modeling interactions among climatic, 
environmental, and anthropogenic variables. In contrast, 
Random Forest remains an efficient and interpretable 

option, especially useful for large or noisy datasets. It 
provides stable predictions and clear variable impor-
tance scores, aiding ecological interpretation, particu-
larly for fire risk drivers like NDVI and skin temperature. 
Although XGBoost slightly outperformed Random Forest 
in predictive metrics, both ensemble models offer robust, 
generalizable performance for forest fire vulnerability 
assessment.

Based on the evaluation metrics, RF and XGBoost 
demonstrated the strongest classification performance, 
particularly in terms of Accuracy, AUC, and F1 Score 
(Table  3). To statistically validate these differences, we 
conducted pairwise comparisons using bootstrapped 
accuracy distributions (1000 resamples) followed by 
paired t-tests. The results indicated that Random Forest 
significantly outperformed LR, with a mean accuracy dif-
ference of 4.64% (t = 52.447, p < 2.2e − 16, 95% CI [4.47, 
4.81]). XGBoost also significantly outperformed RF, albeit 
with a smaller margin of 0.97% (t = 11.287, p < 2.2e − 16, 
95% CI [0.80, 1.14]). The difference in accuracy between 
SVM and Logistic Regression was not statistically sig-
nificant (mean difference = 0.045%, t = 0.492, p = 0.6225, 
95% CI [− 0.14, 0.23]) (Table  4). These statistical results 
confirm that both Random Forest and XGBoost provided 
significantly better classification accuracy than Logistic 
Regression, with XGBoost showing a marginal but sta-
tistically significant improvement over Random Forest. 
The findings support the selection of ensemble learning 
methods particularly XGBoost for forest fire susceptibil-
ity modeling under complex environmental conditions.

Comparative importance of fire risk triggers 
in the Malakand Division
Figure  4 presents the relative importance of predictor 
variables in determining fire ignition probability across 
the Malakand Division, based on the Random For-
est model. NDVI emerged as the most significant fac-
tor, underscoring the critical role of vegetation health 
and fuel accumulation in influencing fire susceptibility 
in subtropical pine ecosystems (Mehmood et al. 2024d). 
The second most important variable was skin tempera-
ture, which serves as a proxy for surface heating and fuel 
dryness, both well-established contributors to fire igni-
tion. Among the anthropogenic and climatic variables, 
population density, proximity to water bodies (km), and 
precipitation were ranked as influential. These variables 
likely represent patterns of human presence, fuel mois-
ture variability, and ignition potential near accessible 
landscapes. Moderate importance was observed for wind 
speed and proximity to roads, indicating that while these 
factors contribute to ignition dynamics, their influence 
may be more relevant to fire spread or accessibility than 
ignition probability alone.
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Surprisingly, terrain variables such as elevation, slope, 
aspect, topographic wetness index (TWI), and hill shade 
exhibited low relative importance in the model. Although 
these factors are often associated with fire behavior and 
spread, their direct effect on fire ignition appears limited 
in this landscape. This suggests that ignition in the Chir 
Pine forests of Malakand is more strongly driven by sur-
face vegetation conditions and human activity than by 
topographic variability possibly due to the prevalence of 
anthropogenic ignitions across elevations and slope gra-
dients. These results highlight the combined influence 
of environmental stressors, land cover conditions, and 
anthropogenic pressures in driving ignition patterns. 
The low importance of terrain-related variables further 
emphasizes the need to prioritize vegetation monitor-
ing and human activity regulation in fire risk reduction 
strategies.

Fire risk mapping results and critical analysis
The fire risk map for the Malakand Division reveals a het-
erogeneous spatial distribution of fire susceptibility. The 
study area was categorized into five fire risk levels: Very 
High, High, Intermediate, Low, and Very Low, based on 
the natural breaks (Jenks) classification applied to the fire 

susceptibility model outputs. This method optimally par-
titions values into classes with the least within-class vari-
ance, providing clearer distinctions between risk levels as 
shown in Table 4. According to Table 5, the largest share 
of the area (32.88%) falls within the Intermediate Risk 
category, followed by Very Low (27.71%), High (17.12%), 
Low (15.41%), and Very High Risk (6.88%). Although 
limited in extent, Very High-Risk areas represent critical 
ignition zones, typically characterized by a combination 
of dense vegetation (high NDVI), elevated skin tempera-
ture, and Limited moisture availability. These areas are 
most found along south-facing slopes between 800 and 

Fig. 4  Variable importance plot highlighting key factors in predicting fire ignition in the Malakand Division

Table 5  Distribution of fire risk categories by area in the 
Malakand Division

Class Severity level Area (km2) Percentage (%)

1 Very high risk 1011.409 6.88%

2 High risk 2518.155 17.12%

3 Intermediate risk 4835.196 32.88%

4 Low risk 2265.652 15.41%

5 Very low risk 4075.702 27.71%
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1200 m and often border settled zones or degraded forest 
areas with recurring human disturbance, such as grazing, 
fuelwood harvesting, and agriculture.

High-Risk zones, while not as extreme, still warrant 
concern and cover 17.12% of the region. These areas 
often function as transitional zones between urbanized 
and forested landscapes, where vegetation remains abun-
dant but is increasingly intersected by anthropogenic 
activities. In spatial terms, high-risk zones were observed 
across parts of Lower Dir, Shangla, and central Mala-
kand, where both climatic stress and proximity to road 
networks increase the ignition probability. Susceptibility 
in the entire area of the Malakand division, as indicated 
in this fire risk map, is heterogeneous (Fig. 5). These are 
further categorized into Very High, High, Intermedi-
ate, Low, and Very Low according to the Fire Prediction 
Areas (Table 5).

Intermediate Risk zones, which account for the 
largest spatial extent, reflect regions with a mix of 

vegetation types, moderate climatic conditions, and 
varied topography. These areas are generally more 
stable but could shift to higher-risk categories under 
prolonged drought or intensified land use. Their pres-
ence across large parts of Upper Dir and eastern Buner 
emphasizes the need for Sustainable land manage-
ment to prevent ecological degradation. Low and Very 
Low-Risk areas cover nearly 43% of the division and 
are largely situated in elevated, cooler, or sparsely veg-
etated zones, where ignition likelihood is naturally 
lower. However, these zones still require baseline moni-
toring and conservation efforts to maintain their cur-
rent risk profile.

The spatial insights from this risk mapping are highly 
relevant for regional forest fire planning. We recom-
mend that fire control resources be prioritized in 
northwestern Swat and southern Buner, particularly 
along 800–1200  m elevation zones with overlapping 
high NDVI and skin temperature values. These areas 

Fig. 5  Forest fire risk map of the Malakand Division, highlighting risk levels from very high to very low
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are consistently associated with higher ignition prob-
abilities. Furthermore, the risk mapping outputs can 
be integrated into early warning systems, seasonal fire 
preparedness plans, and community-based fire miti-
gation programs. This approach aligns with national 
forest monitoring initiatives and supports spatially tar-
geted resource allocation for fire prevention, especially 
in fire-prone administrative units within the KP region.

Discussion
This study enhances understanding of fire ignition 
dynamics in the Malakand Division by integrating geo-
spatial predictors with ensemble machine learning mod-
els. NDVI and skin temperature were identified as the 
most influential variables, underscoring the ecological 
significance of vegetation condition and surface energy in 
fire susceptibility modeling. In Pinus roxburghii forests, 
fluctuations in NDVI capture critical biophysical pro-
cesses such as reductions in live biomass, understory des-
iccation, and the accumulation of resinous needle litter 
that directly increases fuel flammability (Mehmood et al. 
2024e; Shobairi et  al. 2022; Usoltsev et  al. 2020,  2022). 
These forests, characterized by open canopies and coarse 
fuels, become highly fire-prone under conditions of veg-
etative stress and elevated surface temperature (Yathish 
et al. 2019).

Skin temperature reinforces these ignition condi-
tions by intensifying evapotranspirative loss and reduc-
ing moisture retention in both live and dead fuels 
(Andreevich et  al. 2020; Anees et  al. 2022a; Jiao et  al. 
2024; Du et al. 2024). The interaction between declining 
NDVI and rising thermal stress explains the high igni-
tion probabilities in densely vegetated, topographically 
exposed areas (Manzo-Delgado et al. 2009). These results 
are consistent with fire ecology studies integrating NDVI 
and land surface temperature (Abdollahi et  al. 2018; 
Michael et al. 2021) but extend their utility to subtropical 
Himalayan systems.

Unlike studies in peri-urban or high-density landscapes 
(Clarke et al. 2019; Kolanek et al. 2021; Ricotta et al. 2018; 
Zhang et  al. 2022), where anthropogenic drivers domi-
nate, this study found that population density and road 
proximity while statistically valid predictors (VIF = 1.40 
and 1.01, respectively) contributed less to fire ignition 
risk than environmental variables. This outcome reflects 
the dominance of landscape-driven ignition processes in 
the Malakand Division, where fuel structure, vegetation 
stress, and climatic stressors are primary determinants of 
fire risk, even in proximity to human activity.

Evaluation of machine learning models
The Superior performance of the RF and XGBoost mod-
els in predicting fire risk underscores the effectiveness 

of ensemble methods in handling complex, non-linear 
interactions among variables. The RF model achieved an 
accuracy of 86.2% and an AUC of 95.4, while XGBoost 
reached an accuracy of 87.2% and an AUC of 95.2, dem-
onstrating their suitability for operational fire risk assess-
ment. These results align with other studies comparing 
RF and XGBoost in environmental applications. For 
instance, Mehmood et  al. (2024a) reported high AUC 
values (0.935 to 0.953) for both models in forest fire risk 
prediction, highlighting their robustness. Rabby et  al. 
(2022) also found XGBoost to outperform RF in landslide 
susceptibility mapping, emphasizing XGBoost’s superior 
handling of spatial data. Similarly, Eskandari et al. (2020) 
confirmed RF’s reliability in mapping fire hazards, with an 
AUC of 0.855. Further research supports these findings, 
such as Dong et al. (2022), who found XGBoost slightly 
better than RF in wildfire risk prediction. Additionally, 
Liu et al. (2021) confirmed that both models could accu-
rately predict net ecosystem exchanges across various 
biomes, reinforcing their utility in environmental mod-
eling. On the other hand, the Support Vector Machine 
(SVM) model, while achieving a reasonable accuracy of 
81.6%, showed a lower recall of 68.4%, indicating poten-
tial limitations in capturing certain positive instances of 
fire occurrences. This result aligns with studies that high-
light SVM’s challenges in handling complex, high-dimen-
sional data, particularly when non-linear relationships 
are involved (Zhang et al. 2018). These limitations should 
be considered when selecting SVM for similar environ-
mental modeling tasks in future research.

Implications for fire management and policy
The heterogeneous distribution of fire risk across the 
Malakand Division indicates the need for targeted fire 
management strategies based on spatial risk gradients. 
The fire risk map revealed that 6.88% of the area falls 
under the Very High-Risk category, while 17.12% is clas-
sified as High Risk. These zones, often associated with 
dense vegetation, elevated surface temperatures, and 
reduced moisture, require immediate attention for fire 
prevention and mitigation. Concentrated clusters were 
identified in regions such as northwestern Swat, southern 
Buner, and mid-elevation belts (800–1200 m) areas where 
high NDVI and skin temperature values co-occur. Fire 
control resources should be prioritized in these high-risk 
areas through measures such as fuel load reduction, can-
opy management, and early detection systems. This spa-
tially informed approach aligns with recommendations 
from Cai et al. (2024), who emphasize localized interven-
tion strategies. In Liangshan Yi Autonomous Prefecture, 
China, Zhang et al. (2023a, b) demonstrated that region-
alizing fire risks based on local environmental condi-
tions significantly improved fire management outcomes. 
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Similarly, Laha et al. (2021) applied multi-factor fire risk 
mapping in Sikkim, India, and achieved more accurate 
identification of priority areas for fire prevention. Beyond 
the highest risk zones, the broader distribution of Inter-
mediate and Low-Risk areas covering 32.88 and 15.41% 
of the region respectively suggests that fire risk is not 
confined to isolated hotspots. These areas represent tran-
sitional landscapes that, if unmanaged, may evolve into 
higher-risk zones under climatic stress or anthropogenic 
pressure. Effective strategies in these regions include 
regulated grazing, sustainable harvesting, and moisture 
conservation practices, aimed at maintaining ecological 
resilience. This is consistent with integrated fire man-
agement approaches proposed by Khan et al. (2024) and 
Yan et al. (2023), who emphasize maintaining landscape 
stability as a preventive tool. To operationalize these 
insights, the fire risk outputs generated in this study can 
be integrated into regional forest planning tools and early 
warning systems, enhancing preparedness and resource 
allocation. Spatial overlays of predicted fire risk with 
infrastructure, land use, and topographic vulnerability 
layers can support data-driven decision-making in future 
fire policy design and reserve management (Li et  al. 
2024).

Limitations
This study provides valuable insights into forest fire risk 
modeling in the Malakand Division, but several limita-
tions warrant consideration. The reliance on remotely 
sensed datasets, while advantageous for capturing broad 
spatial and temporal patterns, introduces uncertainty 
related to sensor resolution, accuracy, and data quality 
(Fang et  al. 2025). For example, MODIS NDVI, with its 
250-m spatial resolution, may not detect fine-scale vari-
ations in vegetation structure and understory fuel condi-
tions (Anees et al. 2022b), potentially reducing the spatial 
precision of fire risk predictions (Mehmood et al. 2024a; 
Guo et al. 2024). Similarly, the 8-day compositing inter-
val may overlook rapid changes in vegetation stress or 
fire spread, limiting the temporal responsiveness of the 
model. Another limitation is the geographic scope of 
the study. While the Malakand Division provides a rep-
resentative subtropical pine ecosystem, the findings may 
not be fully generalizable to other forest types, climatic 
zones, or socio-ecological settings. Models trained on 
this region may underperform when transferred to areas 
with different vegetation composition, elevation gradi-
ents, or anthropogenic pressures. Although the RF and 
XGBoost models demonstrated strong predictive perfor-
mance, ensemble methods are inherently prone to over-
fitting when applied to region-specific, high-dimensional 
datasets without appropriate regularization (Shekar 
et  al. 2025). Additional ecological variables such as soil 

moisture, soil texture, and organic content were excluded 
due to data availability constraints, possibly limiting the 
models’ ability to fully represent fire-enabling conditions. 
This study did not include field-based ground validation 
or local fire incident records due to logistical and data 
access limitations. Future studies should incorporate 
ground truthing using forest department fire logs, GPS-
referenced burn sites, or community-reported fire inci-
dents to validate and calibrate remote sensing-based fire 
occurrence layers more accurately. Furthermore, the cur-
rent model does not consider fire suppression infrastruc-
ture, such as the presence of fire lines, lookout posts, 
forest access roads, or firefighting units, which could sig-
nificantly influence ignition containment and fire spread. 
Integrating spatial layers of suppression capacity into 
future fire risk models would enhance their operational 
utility for disaster preparedness and resource allocation. 
Lastly, like most historical models, the analysis assumes 
stationary climate-fire relationships, which may not hold 
under accelerated climate change scenarios. Future work 
should explore dynamic modeling approaches that incor-
porate seasonal forecasts, near-real-time indicators, and 
machine learning ensembles trained on multi-scenario 
climate projections to improve the resilience of fire risk 
assessments under future uncertainty (Akram et al. 2022; 
Hussain et  al. 2024a,  b; Haider et  al. 2017; Jallat et  al. 
2021; Khan et al. 2020).

Conclusion
This study demonstrates the efficacy of machine learning 
models in assessing forest fire vulnerability in subtropical 
pine ecosystems, particularly through the integration of 
environmental, topographic, climatic, and anthropogenic 
variables. The following key findings summarize the core 
outcomes:

•	 RF and XGBoost were the most effective models, 
achieving the highest predictive accuracy and AUC 
scores for ignition risk classification.

•	 NDVI and skin temperature were the dominant 
predictors, reflecting the critical role of vegetation 
health and thermal stress in fire susceptibility across 
Pinus roxburghii landscapes.

•	 The fire vulnerability map revealed distinct high-risk 
zones, especially in regions with dense canopy cover 
and elevated thermal loads, supporting the need for 
spatially targeted fire mitigation strategies.

These insights offer valuable guidance for fire manag-
ers and policymakers. Priority should be given to high-
risk zones identified in this study for interventions such 
as controlled fuel load reduction, early warning sys-
tems, and remote sensing-based monitoring. In densely 
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inhabited or degraded forest areas, community awareness 
campaigns and investments in firebreak infrastructure 
are essential to minimize anthropogenic ignition triggers. 
To enhance model precision, future work should con-
sider incorporating higher-resolution satellite products 
(e.g., Sentinel-2) and ground-based fire incident records 
for validation. While deep learning approaches such as 
convolutional neural networks (CNNs) offer promising 
capabilities in capturing spatial complexity, their applica-
bility in subtropical forest fire modeling warrants empiri-
cal evaluation. Further research should explore their 
potential alongside ensemble methods, particularly for 
developing adaptive and transferable fire risk frameworks 
under changing climatic conditions.
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