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Abstract

Forests are vital elements of terrestrial ecosystems and ensure the integrity and sustainability of
natural factors such as soil, water, and climate. Forest fires are one of the disasters that cause deterioration
of the ecosystem as well as social and economic impacts. In combating disasters, determining
pre-disaster risks and reducing disaster damage is the first stage of disaster management. In this study,
a dataset consisting of 679%14 rows and columns derived from 312 forest fire points between 2017
and 2022 was prepared. For the dataset, 13 independent variables were mapped with remote sensing and
geographic information systems techniques from satellite images and open-source data. Training and
prediction datasets were created by extracting values for all variables in each pixel. Feature relevance
was initially assessed using Mutual Information (MI), followed by model-specific interpretation using
SHAP values. Model performance was evaluated using confusion matrices and ROC-AUC analysis.
Machine learning algorithms, including Decision Trees, Multi-Layer Perceptron (MLP), Naive Bayes,
Random Forest, and XGBoost, were trained using a dataset split into 80% training and 20% testing.
At the end of the study, forest fire sensitivity maps were created with an accuracy rate of 96% using
the Random Forest and XGBoost algorithms, which were the most powerful models. Susceptibility
probabilities were rescaled to a percentage scale and classified into low, medium, and high categories
using a quantile-based approach. Results indicate that distance to roads and population density are
the most influential predictors, highlighting the dominant role of human activity in wildfire ignition.
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Introduction

The effects of climate change have been increasing
in the world, and it is predicted that the climate crisis
will cause an increase in forest fires. In the Synthesis
Report of the 6™ Report of the Intergovernmental Panel
on Climate Change, it is stated that the global surface
temperature in the first two decades of the 21% century
(2001-2020) is 0.99°C (0.84 to 1.10°C) higher than that
in 1850-1900 [1]. Fires that occur during periods of high
air temperatures, low relative humidity, and strong, dry
winds are severe. In general, the potential fire hazard
is considered to be very high when the temperature
is very high, and the relative humidity is below 10%.
In Tiirkiye, located in the Mediterranean climate zone,
the Aegean and Mediterranean regions are the areas with
the highest risk of forest fires, and an increase in disaster
risks is expected due to the effects of climate change
[2, 3]. As in other parts of the world, the Mediterranean
Basin, where Tiirkiye is located, has seen an increase in
extreme weather events in recent years due to the effects
of climate change. This is expected to increase the
frequency and intensity of forest fires. Success in fire
management depends not only on interventions during
a fire but also on preventive measures and planning
taken before a fire occurs. Therefore, pre-fire risk
analyses, sensitivity mapping, and preparedness plans
are as important as the efforts made to combat fires.
In this context, the potential fire risks of forest areas
must be identified using dynamic models [4].

Firefighting efforts in Tirkiye are carried out by
the General Directorate of Forestry (GDF). The GDF
classifies fires according to their cause as Intentional,
Negligence, Natural, and Unknown Cause. In 2022,
the cause of 41% of fires in Tiirkiye was unknown [5].

It is possible to minimize the number, severity, and
damage of forest fires with pre-fire measures. For this
reason, there is much academic and institutional research
on the causes of forest fires, measures to be taken, and
fire behavior. Numerous studies have been conducted on
forests using remote sensing and geographic information
systems techniques [6-9]. Especially with the
information technologies that have developed in recent
years, big data has been created with developments such
as the increase in data producers, such as the Internet
of Things, and the storage of this data. By integrating
remote sensing and artificial intelligence techniques,
risk analysis research is conducted for forest fires
from big data [10-16]. Accurate wildfire susceptibility
mapping is essential for prevention planning, resource
allocation, and land-use management. Traditional
statistical approaches often struggle to capture nonlinear
relationships among wildfire drivers, motivating the
adoption of machine learning techniques.

When examining test accuracies obtained using
different machine learning algorithms in the literature,
it is evident that the characteristics, size, and regional
differences of the dataset used have a critical impact
on accuracy. For example, in the study by [13],

a decision tree algorithm was used with Remote Sensing
data (NDVI, LST, TA) to achieve a test accuracy of
approximately 0.93.

The objective of this study is to analyze remote
sensing data and the coordinates of forest fires
that occurred in the study area over 6 years, using
a dependent variable (fire presence/absence) and 13
independent variables to analyze the meteorological
effects on forest fires using machine learning algorithms
in the cloud-based Google Colab interface, and to
create susceptibility maps. Furthermore, it is aimed
to contribute to forest fire susceptibility studies by
comparing the effects of independent variables and
models created with different algorithms.

Materials and Methods
Study Area

The study area shown in Fig. 1 covers a total area
of 2262.65 km?, including Ayvalik, Burhaniye, Edremit,
Havran, and Gomeg districts of Balikesir province of
Tiirkiye, and a part of Ivrindi district. This area, which
has Mediterranean climate characteristics, is on the
coast of the Aegean Sea.

Within the borders of the province where the study
area is located, 445 fires occurred between 2017 and
2022, and the number of fires and the burned area by
year are shown in Fig. 2. Although the amount of
burned area varies according to year, the number of fires
has been increasing from the past to the present.
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Fig. 1. Location map.
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Fig. 2. Number and areas of forest fires in Balikesir Province
(2017-2022).

Dataset

Official fire data (312 points) provided by GDF were
used as the dependent variable for fire occurrence points.
The non-fire class was created using a random point
sampling method to ensure that the points were entirely
outside the fire polygons. However, due to missing and
erroneous data in some variables, data cleaning (NaN
removal) was performed, and the final sample size was
determined as 679 rows.

For the dataset, 13 independent variables were
identified as: Elevation, Slope, Aspect, Land Cover/
Land Use, Forest canopy density, NDVI, Distance from
settlement, Distance from roads, Population density,
Wind speed, Soil moisture, Precipitation, and Maximum
temperature (Table 1). Independent variables were
mapped with a spatial resolution of 30 m x 30 m using
remote sensing and geographic information systems
techniques from satellite imagery and open-source
data.

A dataset was created by extracting values for
each pixel. It consists of 13 independent variables,
1 dependent variable, and 679 x 14 rows and columns.

Topographic data such as elevation, slope, and
aspect variables were generated from ASTER GDEM
data. Elevation and slope map data are numeric and
proportional, while Aspect data are categorical and
nominal (Fig. 3(b-d)). Topographic data were generated
as one map for each variable.

Vegetation data consist of Land Cover/Land Use,
Forest Cover, and Normalized Difference Vegetation
Index (NDVI) (Fig. 3a), h), i)). LU/LC and NDVI
were created from Sentinel satellite imagery, and
forest canopy was created from the GDF database, and
6 (year) x 1 (average of 5 months for each year) maps
were produced with annual temporal resolution. Land
use and forest cover variables are categorical data, and
land use is scaled nominally, and forest cover is scaled
ordinal. The NDVI variable was generated as numerical
data. Vegetation data were produced for each year by

taking the mean for the months of May, June, July,
August, and September when fires are intense.

In forest canopy cover data, the 0 value indicated
sparse canopy cover with 10% or less canopy cover,
the 1 value indicated loose canopy cover between 11%
and 40%, the 2 value indicated medium canopy cover
between 41% and 70%, and the 3 value indicated full
canopy cover between 71% and 100% [17].

Anthropogenic data consist of distance to settlement,
distance to road, and population density variables
(Fig. 3(e-g)).

OpenStreetMap was used as a source for distance
to settlement and distance to road variables, while
WorldPop data via Google Earth Engine was used as
a source for population density.

The meteorological dataset consists of wind speed,
soil moisture, precipitation, and maximum temperature
variables (Fig. 3(j-m)). These variables were generated
from the TerraClimate dataset via Google Earth Engine.

A total of 30 maps were produced for each variable
by taking the average for each month in May, June, July,
August, and September. The entire dataset was mapped
in ArcMap software in the same coordinate system
and at the same spatial resolution. A training set was
prepared using the “Extract Multi Values to Point” tool
with fire presence and absence points.

Aspect, land use/land cover (LULC), and canopy
cover were encoded using dummy (one-hot) variables
to avoid imposing artificial ordinal relationships among
categories. Aspect was represented by 9 directional
classes, LULC by 5 land cover categories, and canopy
cover by 4 density classes. Although dummy encoding
increases feature dimensionality, the total number of
predictors remained modest relative to the sample size.
Furthermore, Random Forest and XGBoost are robust to
high-dimensional feature spaces, minimizing potential
dimensionality issues.

Fire occurrence labels correspond only to observed
fire events, while predictor variables represent the
characteristic background environmental and climatic
conditions of the fire season. This design ensures
temporal consistency between predictor and response
variables and prevents information leakage from post-
event data into model training.

By extracting values for 13 independent variables in
all pixels within the study area, the dataset to be used in
the prediction phase, consisting of 113116 x 13 rows and
columns, was prepared.

Methodology

A training and prediction dataset was created with
remote sensing data of the 13 independent variables
using the coordinates of forest fires that occurred
within the borders of Balikesir province, to which
the study area is administratively connected. The data
were classified at a monthly temporal resolution from
May to September in 6 years between 2017 and 2022,
and each point was checked from satellite images,
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Table 1. Description of independent variables in the dataset.

VARIABLE Data (~30 m) Data Form Unit Source Maps
Elevation Raster meter ASTER-GDEM (~30 m) 1
Topographic Slope Raster degrees ASTER-GDEM 1
Aspect Raster degrees ASTER-GDEM 1
LU/LC Raster meter Sentinel (~10 m) 6
Vegetation Canopy Raster class GDF-Database 6
NDVI Raster ratio Sentinel 6
Distance from Settlement Raster meter Open Street Map 1
Anthropogenic Distance from Roads Raster meter Open Street Map 1
Population Density Raster ratio Open Street Map 1
Wind speed Raster m/s TerraClimate (~4 km) 30
Soil moisture Raster mm Terra Climate 30
Meteorological
Precipitation Raster mm Terra Climate 30
Maximum Temperature Raster °C Terra Climate 30

and erroneous points were eliminated. For the burning
areas in the finalized points, each pixel was assigned a
fire presence value. Non-fire points were generated by
random point generation and equal distribution control.
By extracting values from 13 independent variables
created with remote sensing data and techniques,
a training dataset consisting of 679 x 13 rows and
columns, and a prediction dataset consisting of 113116
x 13 rows and columns covering all pixels of the study
area were prepared. The training dataset was visualized,
and correlation analysis and Mutual Information (MI)
were performed with Exploratory Data Analysis using
Python language in the Google Colab interface. The
visualization and applicability of the training dataset
were analyzed with data science techniques using
the cloud-based Google Colab interface and Python
software language. A correlation heatmap and Mutual
Information analysis showing the relationship between
the independent variables and the dependent variable
were created (Fig. 4, Table 2).

Dummy encoders were used for Aspect, Land
Cover/Land Use, and Forest canopy density variables,
which are categorical data in the training phase, so
that the variables can be used in machine learning
algorithms. The non-normal distribution of the variables
in the dataset is a factor that affects the operation of
some algorithms. If the data is skewed to the right or
skewed to the left, model performance may be affected.
In this case, standardization, which is a Feature Scaling
method, was used to normalize the values and reduce
dominance. The dataset was divided into 80% training
and 20% testing. Next, the prediction phase was
initiated, and training and predictions were performed
using the most successful algorithms from among
five different ones: Random Forest and XGBoost

(Fig. 5).

Subsequently, model-specific interpretation was
performed using SHAP values. Model performance
was evaluated using confusion matrices and ROC-AUC
analysis.

Feature Selection

Feature selection is the process of identifying and
selecting a subset of input variables that are most relevant
for model construction. Effective feature selection
improves prediction accuracy, reduces computational
cost, and enhances model interpretability [18].

In this study, Mutual Information (MI) was used as
a model-independent measure to assess the relevance
of predictor variables and capture potential nonlinear
dependencies with forest fire occurrence, in addition
to a correlation-based filtering approach for feature
selection.

Pandas and NumPy libraries were used for data
visualization. According to the correlation heatmap,
the highest correlation with forest fires is negative for
elevation in topographic variables, negative for NDVI
in vegetation variables, negative for distance to road
in anthropogenic variables, and positive for maximum
temperature in meteorological variables (Fig. 4).

Mutual Information was employed as a model-
independent measure to assess the relevance of
predictor variables and to capture potential nonlinear
dependencies with wildfire occurrence. MI was used
as a preliminary screening step rather than as a strict
elimination criterion. Since all predictors exhibited MI
values greater than zero, no variables were excluded at
this stage (Table 2).

Model-specific feature importance and interpretability
were subsequently evaluated using SHAP analysis for
both Random Forest and XGBoost models.
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Fig. 3. Thirteen forest fire factors used in sensitivity analysis for forest fires.
a) Land use, b) Aspect, ¢) Slope, d) Elevation, ¢) Distance from settlement, f) Distance from roads, g) Population density, h) Canopy, 1)
Normalized Difference Vegetation Index (NDVI), j) Wind speed, k) Maximum temperature, 1) Humidity, m) Precipitation.
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slope elevation aspect Julc NDVI canopy s_distance r_distance pop wind speed S_moisture Precipitation mMax_temp YES/MNO
slope 1.000000 0268010 -0.146143 0116278 0212532 0.172903 0223711 0.321270 -0.231565 -0.021433 0.045177 0.062367 -0.086038 -0.154260
elevation 0268010 0.014835 0209853 0.158911 0229426 0451149 0442556 -0.530619 -0.180269 -0.095797 0.004473 -0.205196 -0.3113876
aspect -0.146143 0.0 5 -0.073276 -0.227091 -0.21 -0.075821 -0.190675  0.045777 0.100649 -0.065799 -0.069607 0.036476 0.156232
lulc 0116278 0209853 -0. 0276771 0306553 0257602 0293825 -0.358439 0.006736 0.105552 0.069212 -0.1685M1 -0.338419
NDVI 1212532 0.158911 -0.227091 0.276771 0.554581 0.352519 0417558 -0.278124 0.017609 0.176427 0.146288 -0.212830 -0.339636
canopy 0229426 - 5 0.306553 0.554581 0.403509 0418565 -0.234030 0.034426 0.111451 0.100514 -0.173385 -0.322855
s_distance 0.481149 | -0.07532 0.287602 0.352519% 0.403509 1.000000 0.781071 558169 0.035687 0.164937 0.158214 -0.307416 -0.5331438
r_distance 0.442556 -0.190675 0.293825 0417558 0418565 0.781071 1.000000 eI -0.040169 0.245816 0247772 -0.402:
pop 0.045777 - -0.278124 -0.234030 -0.5! 9 -0 0.135050 -0.116208 -0.179164
AULGEE O -0.021483 -0.180269 0.100649 0.006736 0.0176089 0034426 0035687 -0.040169  0.185050 0.005103 0.106413
LG LTELTI G 0.045177  -0.098797 -0.065799 0.105552 0.176427 0.111451 0164937 0.245816 -0.116208 0.005103 0.446192 -0.350996
Precipitation JINiGE=!T} 0.004473 -0.069607 0069212 0146288 0.100514 0.155214 0247772 0179164 -0.334516 0.446192 e -0.313905

Max_temp RV -0.205196 0.086476 -0.1685891 -0.212830 -0.173385

YES/MNO -0.311876 0.156232 -

Fig. 4. Correlation heatmap.

Table 2. Mutual Information (MI) scores of predictor variables
used in wildfire susceptibility modeling. Higher MI values
indicate stronger dependency between the predictor and fire
occurrence.

Rank Predictor Variable MI Score
1 r_distance 0.492
2 pop 0.420
3 s_distance 0.412
4 elevation 0.333
5 slope 0.285
6 NDVI 0.284
7 Max_temp 0.261
8 Precipitation 0.140
9 S _moisture 0.137

10 lule 0.104

11 wind speed 0.068

12 canopy 0.053

13 aspect 0.040
Algorithms

Decision Tree (CART)

One of the algorithms used in this study is CART,
which recursively splits the sample space into binary
partitions; it selects the best splits based on the impurity
measure (Gini/Entropy) [19]. The CART algorithm
converts complex structures into simple decision
structures by making a series of binary choices [20].
CART can be considered a subset of decision trees
and generally has a more distinct and consistent
methodology.

-0.307416

-0.533148

-0.402875 = 0.329959 0.318130 -0.427365 -0.

1.000000 giELLELTS

-0.651207 0.106413 -0.350996 -0.313505 | 0495467 EuETLIIT]

Multi-Layer Perceptron (MLP)

The other algorithm wused in this study is a
feedforward neural network composed of fully
connected (dense) layers. Nonlinearity is provided
by activation functions (ReLU, tanh, sigmoid); it
learns through backpropagation and derivative-based
optimization. It is the building block of classical pattern
recognition and modern deep learning [21].

Naive Bayes (NB)

The other algorithm used in this study is based on
Bayes’ theorem and the assumption of conditional
independence (between features). GaussianNB assumes
that the class-conditional distribution of each feature is
Gaussian; it provides closed-form parameter estimation

and very fast learning [22].
Random Forest (RF)

Bagging trains multiple decision trees on random
samples and feature subsets; it provides a collective vote/
average prediction. It reduces variance and is generally
robust and resilient [23]. Random Forest is a widely used
machine learning algorithm developed by Leo Breiman
and Adele Cutler that combines the outputs of multiple
decision trees to reach a conclusion. It is one of the
ensemble algorithms that stands out for its simplicity
and flexibility, as it handles both classification and
regression problems [20].

Extreme Gradient Boosting (XGBoost)

In XGBoost, successively added weak learners
(trees) focus on previous errors; regularization (L1/
L2) and second-order approaches (Newton/approx.) are
efficient and powerful. It is optimized for big data and
sparsity [24]. In machine learning, ensemble methods,
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a subset of supervised learning algorithms, typically Gradient Boosting, is a gradient boosting algorithm
exhibit high performance in prediction and classification that works on decision trees and has high performance
problems. One of the ensemble methods, Extreme [20].
Forest Fire
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Fig. 5. Research methodology.
Table 3. The base metrics used for model evaluation.
Model Accuracy Precision Recall Specificity F1 Score K-Index
Decision Tree 0.904412 0.905385 0.904412 0.923077 0.904458 0.97862
MLP 0.926471 0.926935 0.926471 0.938462 0.926502 0.986673
Naive Bayes 0.647059 0.796981 0.647059 1 0.604534 0.686243
Random Forest 0.955882 0.957575 0.955882 0.984615 0.955901 0.971248
XGBoost 0.955882 0.957575 0.955882 0.984615 0.955901 0.971248
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Fig. 6. Feature importance for the Decision Tree algorithm.
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Results

After the data for the dependent and independent
variables were collected, pre-processed, matched,
and analyzed, the Decision Trees, Multi-Layer
Perceptron (MLP), Naive Bayes, Random Forest, and
XGBoost algorithms, which are used in the literature,
were selected as models. In all algorithms, the input
dataset was split into 80% training and 20% test data,
and the accuracy metrics are shown in Table 3.

When analyzing the accuracy metrics of algorithms,
we see that MLP, XGBoost, and Random Forest
algorithms produce strong models, but there is
a potential risk of overfitting. Therefore, the feature
importance metrics of the models should be checked.

Feature Importance for Tree-Based Algorithms and
Permutation Importance for MLP and Naive Bayes
(MLP & NB) are visualized.

In the Decision Tree algorithm, distance to the
road, population, and maximum temperature were the
three most influential independent variables, while in
the MLP and Naive Bayes algorithms, distance to the
road, land use, and population density were the most
influential variables (Figs 6-8).

In the Random Forest algorithm, distance to road,
population, and maximum temperature were the three
most influential independent variables, while distance to
road, land use, and aspect-3 (northwest) were the most
influential variables in the XGBoost algorithm (Fig. 9
and Fig. 10).

MLP — Feature Importance (Permutation)
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Fig. 7. Feature importance for the MLP algorithm.
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After analyzing the dependent and independent
variables, Decision Trees, Multi-Layer Perceptron
(MLP), Naive Bayes, Random Forest, and XGBoost
algorithms used in the literature were compared as
models. Among these models, the Random Forest and
XGBoost models, which achieved the highest accuracy
metrics, were selected for prediction. The performance
and reliability of the Random Forest and XGBoost
models were evaluated using a set of complementary
diagnostic tools. ROC-AUC analysis was applied
to evaluate overall discriminative ability, confusion
matrices were used to examine classification errors, and
SHAP analysis was used to interpret model predictions
and identify dominant forest fire factors.

The confusion matrices demonstrate strong
classification performance for both Random Forest and
XGBoost models. For the Random Forest model, 196
out of 204 test samples were correctly classified, with
only 1 false positive and 7 false negatives. Similarly,
the XGBoost model correctly classified 197 samples,
also producing only 1 false positive while reducing the
number of false negatives to 6 (Fig. 11). Both models
therefore exhibit very low false alarm rates, which
is particularly important for wildfire susceptibility
mapping, where excessive false positives may lead to
inefficient resource allocation.

The Receiver Operating Characteristic (ROC) curves
further confirm the robustness of the models. Random

Feature Importance for Random Forest
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Forest and XGBoost achieved AUC values of 0.997 and
0.996, respectively, indicating near-perfect discrimination
between fire and non-fire classes. The ROC curves for
both models are concentrated near the top-left corner,
demonstrating high sensitivity at very low false positive
rates. The marginal difference in AUC values suggests
that both tree-based models possess comparable and
highly reliable discriminative capabilities (Fig. 12).
SHAP analysis was applied to interpret the
predictions of both models and to identify the most
influential variables. For Random Forest, global SHAP
bar plots based on mean absolute SHAP values indicate
that r distance and pop are the dominant predictors,
followed by Max_temp, s_distance, and S_moisture. For
XGBoost, SHAP summary plots reveal clear nonlinear

Random Forest - Confusion Matrix

100

True label

Predicted label

relationships, showing that proximity to human activity
(low r_distance and high pop) substantially increases
wildfire probability, whereas higher soil moisture and
precipitation tend to reduce fire risk. The consistency
in feature importance rankings across both models
highlights the robustness of the identified wildfire
drivers.

Fig. 13 represents the mean absolute SHAP values,
indicating the average magnitude of each variable’s
contribution to the model output. Proximity-related
variables (r distance and pop) exhibit the strongest
influence on wildfire occurrence, highlighting the
dominant role of anthropogenic factors, while climatic
and vegetation-related variables contribute at secondary
levels.

XGBoost - Confusion Matrix

100

True label

Predicted label

Fig. 11. Confusion matrices for the Random Forest and XGBoost models on the test dataset. Both models correctly classify the majority
of fire and non-fire samples, with only one false positive in each case. XGBoost demonstrates slightly higher fire detection sensitivity by
reducing the number of false negatives, while maintaining a similarly low false alarm rate.
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Fig. 12. Receiver operating characteristic (ROC) curves for the Random Forest and XGBoost models.
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Fig. 13. Global feature importance derived from SHAP analysis for the

Each point represents an individual observation, with
color indicating the feature value (low to high). Positive
SHAP values increase the predicted fire probability,
whereas negative values decrease it. The results reveal
clear nonlinear relationships, with r distance and
pop showing strong and consistent effects on wildfire
susceptibility (Fig. 14).

After model selection and training, the forecasting
phase was initiated. In the forecasting phase, the entire
study area was mapped in the ArcMap software by
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Random Forest model.

making forecasts for the forecast dataset consisting
of 113116 x 13 rows and columns for the entire study
area. The study area, which has Mediterranean climate
characteristics, generally carries high fire risks. In this
study, the probability of fire was divided into three
categories and classified as low, medium, and high, and
mapped (Fig. 15 and Fig. 16).

The results obtained from experiments conducted
with 13 independent variables in this study are as
follows: The highest accuracy was achieved with
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Fig. 14. SHAP summary plot for the XGBoost model illustrating the di
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stribution of feature contributions across all samples.
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Fig. 15. Forest fire susceptibility map predicted with the Random Forest algorithm.
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Fig. 16. Forest fire susceptibility map predicted with the XGBoost algorithm.

the Random Forest and Extreme Gradient Boosting
(XGBoost) algorithms at 0.96, followed by the Multi-
Layer Perceptron (MLP) at 0.93, Decision Trees at 0.90,
and Naive Bayes test accuracy at 0.65. These results
show parallelism with the literature for XGBoost, while
other algorithms yielded results that differed from the

literature. The most important reasons for this difference
are the size of the datasets, class imbalances, the number
of features, and the effect of regional differences.
Preparing region-specific datasets for forest fire risk
prediction is expected to lead to more successful training
and predictions using these datasets. In this study, the
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Random Forest and XGBoost algorithms are proposed
within the framework of the algorithms used, and these
algorithms are consistent with the literature [25, 26].

In addition to the machine learning algorithms
used in this study, various risk predictions have also
been produced using deep learning algorithms in the
literature. These algorithms use more data than machine
learning algorithms. It appears that techniques based
on deep learning networks can achieve more successful
results with ever-growing datasets [27-29].

Discussion

The results of this study demonstrate that wildfire
occurrence is strongly influenced by anthropogenic
factors, particularly proximity to roads or settlements
and population density. The dominance of r_distance and
pop across MI, SHAP, and model performance analyses
is consistent with previous wildfire susceptibility
studies, which have emphasized the critical role of
human activity in fire ignition processes [30].

Climatic variables such as maximum temperature
and soil moisture also exhibit substantial contributions,
supporting the well-established link between fuel
dryness, atmospheric conditions, and wildfire ignition
potential [31]. Vegetation-related variables, including
NDVI and canopy cover, contribute at secondary
levels, reflecting their indirect influence through fuel
availability rather than direct ignition.

The near-perfect ROC-AUC values obtained for
both Random Forest and XGBoost indicate strong
generalization capability and confirm that the selected
predictors effectively separate fire and non-fire
conditions. Importantly, the low false positive rates
observed in the confusion matrices suggest that the
models avoid excessive overprediction, a common
limitation in wildfire susceptibility mapping.

Although Random Forest achieved a slightly
higher AUC, XGBoost demonstrated marginally better
sensitivity by reducing the number of false negatives.
This trade-off suggests that XGBoost may be preferable
in early-warning or prevention-oriented applications,
where missing a fire event may be more critical than
generating a small number of additional alerts.

Overall, the combined use of Mutual Information
for feature relevance, SHAP for model interpretability,
and confusion matrix and ROC-AUC metrics for
performance evaluation provides a comprehensive and
reliable framework for nonlinear wildfire susceptibility
modeling. The agreement between model outputs and
established wildfire ecology literature further supports
the validity of the proposed approach.

Conclusions

This study presents a robust and interpretable
wildfire susceptibility modeling framework by

integrating remote sensing data, environmental
variables, and anthropogenic indicators with nonlinear
machine learning algorithms.

Overall, the combined use of Mutual Information
for feature relevance, SHAP for explainable artificial
intelligence, and robust performance diagnostics provides
a transparent and reliable framework for wildfire
susceptibility mapping. The findings are consistent with
established fire behavior literature and offer valuable
insights for wildfire risk management, land-use planning,
and prevention strategies in fire-prone regions.

Future studies may further extend this framework
by incorporating spatiotemporal cross-validation
strategies, dynamic climate indicators, and higher-
resolution socio-environmental datasets to enhance
model generalizability. In addition, integrating finer-
grained anthropogenic variables such as road networks
classified into provincial, district, rural, and forest road
categories, as well as crop-type-specific agricultural
data, could enable models to better capture real-world
human-environment interactions influencing wildfire
occurrence.
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