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Abstract: Wildfire susceptibility maps play a crucial role in preemptively identifying regions at
risk of future fires and informing decisions related to wildfire management, thereby aiding in
mitigating the risks and potential damage posed by wildfires. This study employs eXplainable
Artificial Intelligence (XAI) techniques, particularly SHapley Additive exPlanations (SHAP), to map
wildfire susceptibility in Izmir Province, Türkiye. Incorporating fifteen conditioning factors spanning
topography, climate, anthropogenic influences, and vegetation characteristics, machine learning (ML)
models (Random Forest, XGBoost, LightGBM) were used to predict wildfire-prone areas using freely
available active fire pixel data (MODIS Active Fire Collection 6 MCD14ML product). The evaluation
of the trained ML models showed that the Random Forest (RF) model outperformed XGBoost and
LightGBM, achieving the highest test accuracy (95.6%). All of the classifiers demonstrated a strong
predictive performance, but RF excelled in sensitivity, specificity, precision, and F-1 score, making it
the preferred model for generating a wildfire susceptibility map and conducting a SHAP analysis.
Unlike prevailing approaches focusing solely on global feature importance, this study fills a critical
gap by employing a SHAP summary and dependence plots to comprehensively assess each factor’s
contribution, enhancing the explainability and reliability of the results. The analysis reveals clear
associations between factors such as wind speed, temperature, NDVI, slope, and distance to villages
with increased fire susceptibility, while rainfall and distance to streams exhibit nuanced effects. The
spatial distribution of the wildfire susceptibility classes highlights critical areas, particularly in flat and
coastal regions near settlements and agricultural lands, emphasizing the need for enhanced awareness
and preventive measures. These insights inform targeted fire management strategies, highlighting the
importance of tailored interventions like firebreaks and vegetation management. However, challenges
remain, including ensuring the selected factors’ adequacy across diverse regions, addressing potential
biases from resampling spatially varied data, and refining the model for broader applicability.

Keywords: susceptibility mapping; wildfires; XAI; GIS; MODIS data; SHAP; machine learning

1. Introduction

Forests are invaluable natural assets, providing economic, ecological, and cultural
benefits. However, they face threats from rapid urban growth, unauthorized logging,
and wildfires [1,2]. Climate change exacerbates these risks, with higher temperatures
and prolonged droughts increasing forest susceptibility to fires globally [3]. Wildfires,
now among the most significant hazards to natural ecosystems, devastate millions of
hectares of forests annually [4]. They can be ignited by factors such as dry litter friction,
lightning, inadequate rainfall, rising temperatures, deforestation, hot winds, and poor land
management [5]. Controlling wildfires is challenging, but various maps can help mitigate
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risks and damage. Wildfire susceptibility maps are crucial for identifying regions prone to
future fires based on specific traits, aiding in wildfire management decisions [6].

The effective management of natural resources demands a comprehensive under-
standing of wildfire catalysts, encompassing ignition sites, weather conditions, and human
impacts. Early wildfire detection initially relied on lookout towers and manual observa-
tion [7]. Over time, advancements led to the use of biomass sensors and deep learning
algorithms have been applied to satellite or drone images for more precise detection [8,9].
Despite these technological advancements, it remains crucial for researchers to identify
areas that are more prone to wildfires and understand the key variables that contribute
to wildfire ignition. By pinpointing these high-risk areas and influential factors, effective
wildfire prevention and management strategies can be developed. The variables influ-
encing wildfires can vary significantly between regions, underscoring the importance of
tailored approaches to prevention, control, and mitigation [10,11]. Furthermore, grasp-
ing the environmental and physical mechanisms behind wildfire occurrences is essential.
Scientific research, particularly in modeling fire spread and assessing risk, is crucial for
crafting robust fire management strategies. Enhanced comprehension of wildfire dynamics
empowers scientists to predict future occurrences and identify underlying drivers, fueling
the growing interest in wildfire susceptibility studies [12,13].

Thanks to the expanding availability of data sources and advanced data management
tools, Geographic Information Systems (GIS) and Remote Sensing (RS) play vital roles in
understanding and managing wildfire susceptibility across both time and space [14,15].
These technologies excel in creating models and analyzing fire patterns, as well as predicting
susceptibility. Researchers employ various approaches under the umbrella of RS and GIS,
which can be tailored to the unique characteristics and complexities of each study area.
These approaches typically fall into three broad types: physical models, statistical models,
and machine learning (ML) techniques. Physical models use mathematics rooted in heat
transfer, biomass combustion dynamics, and fluid mechanics to simulate fire behavior
and predict its spread [16]. Statistical methods in wildfire research, such as Multi-Criteria
Decision Analysis (MCDA), aim to evaluate the connections between fire occurrences
and various conditioning factors. These methods quantitatively assess the probability
of fire incidents by analyzing multiple criteria. Common approaches within the MCDA
framework include hierarchical and network-based techniques, as well as fuzzy logic [17].
These methods rely heavily on expert opinions gathered through pairwise comparisons to
determine the relative importance of various factors contributing to wildfires [18].

In contrast, data-driven ML methods have emerged as a significant advancement in
spatial hazard modeling, aiming to identify and model nonlinear relationships between
wildfire occurrences and conditioning factors. The ML methods used in wildfire research
rely on existing fire inventories for training, offering rapid data processing compared to
traditional statistical methods like MCDA [19]. ML techniques are particularly adept at
generating wildfire susceptibility maps, outperforming many statistical approaches. Vari-
ous ML algorithms are utilized independently for this purpose, including neural networks,
decision trees, logistic regression, and support vector machines. Decision tree-based ensem-
ble methods such as Random Forest (RF), Gradient Boosting, AdaBoost, eXtreme Gradient
Boosting (XGBoost), and Light Gradient Boosting (LightGBM) machines are commonly em-
ployed to improve model efficiency in assessing wildfire risks and susceptibility [15,20,21].
Choosing the right ML approach involves considerations such as dataset size, reliability,
computational requirements, and the specific objectives of the analysis. To determine the
most effective algorithm for wildfire susceptibility mapping, analysts frequently rely on
performance metrics to assess and compare the accuracy of various methods, since no
single algorithm can achieve perfect results across all applications [22].

ML methods are increasingly favored by researchers and decision makers for eval-
uating and mapping an area’s susceptibility to various phenomena, including wildfires.
Newer ML algorithms offer an improved computational efficiency and address challenges
related to prediction accuracy and utility, particularly regarding data quantity, quality, and
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spatial–temporal patterns [23,24]. Despite this, managers and planners face significant
challenges in implementing ML algorithms due to concerns regarding explainability, trans-
parency, and the integration of knowledge. ML models are often perceived as opaque
because of their reliance on vast datasets and complex algorithms, leading to a lack of
understanding about their decision-making processes [25].

To address concerns about model opacity, the concept of eXplainable Artificial Intelli-
gence (XAI) has emerged, aiming to develop transparent and interpretable models. XAI
involves creating tools for user visualization and interaction to enhance understanding of
the decision-making process. The benefits of XAI are numerous, including fostering trust
in AI models, ensuring ethical usage, and identifying and rectifying biases [26]. Existing
research on XAI related to wildfires primarily emphasizes global feature importance, often
neglecting the examination of variations in contributing factors [27]. In this study, we
tried to address this gap. Integrating local explainable algorithms like SHapley Additive
exPlanations (SHAP) can further enhance the acceptance of ML models in decision making
by enhancing the comprehension and explainability of model outputs [6,28,29].

This study presents a novel approach by employing an explainable ML technique to
map wildfire susceptibility in Izmir province, Türkiye. Areas dominated by pure stands
of red pine and black pine forests as well as maquis formations across Izmir Province
are considered fire-prone zones. This province falls within the First Degree Fire-Sensitive
Regions of the Turkish General Directorate of Forestry. Following Muğla and Antalya
Provinces, Izmir is among the areas in Türkiye where forest fires are most frequently
observed, particularly during the summer months, due to high temperatures and low
humidity [30,31]. Previous research on the same study area has focused on several key
aspects: determining the spatial and temporal patterns of forest fire risk using changes in
land surface temperature and in situ meteorological measurements [32], estimating burned
areas and fire damage severity using spectral indices [33,34], and examining fire activity
alongside climate data statistics, including the length and severity of the fire season [35].
However, developing a comprehensive wildfire susceptibility map for this province re-
mains essential for formulating an efficient emergency response plan for potential future
fire incidents.

The primary aim of this study is to elucidate the roles of topographic, climatic, anthro-
pogenic, and vegetation-related factors in the susceptibility model while assessing their
individual significance and understanding the underlying reasoning behind specific model
decisions. This research seeks to provide insights into how well-known decision tree-based
ensemble ML methods generate predictions for wildfire occurrences. To achieve this, the
study intends to analyze model outcomes using various SHAP plots.

While SHAP-based wildfire susceptibility mapping studies are increasingly becoming
pioneering in wildfire research [36–42], this study, to the best of our knowledge, is the first
to apply SHAP in the Aegean–Mediterranean region. In essence, the key contributions and
innovations encompass:

(1) Establishing a spatial ML framework for mapping wildfire susceptibility using well-
known decision tree-based ensemble models, namely RF, XGBoost, and LightGBM,
and identifying the best-performing model through comprehensive metrics evaluation.

(2) Examining the relationship between the best model and conditioning factors through
SHAP outputs by employing SHAP summary plots to derive the overall contribution
of each factor to the prediction, providing a comprehensive view of factor importance
and SHAP dependence plots to assess the isolated impact of individual factors on the
model’s predictions, offering valuable insights into the influence of each contribut-
ing factor.

(3) And exploring spatial variations in model outcomes to predict wildfire susceptibility
across the study area.

While many studies on wildfire susceptibility mapping typically rely on wildfire
data provided by governmental agencies, some researchers face challenges when official
records are limited or absent. In such cases, alternative approaches involve compiling
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data from RS products. These methods might include using RS images to detect fire
scars, a process that involves analyzing multi-temporal images and conducting multiple
classifications. However, a prevalent trend among researchers is to utilize active fire data
derived from freely available RS products, such as MODIS products. These datasets offer
real-time information on active fire pixels, making them valuable for developing wildfire
inventories [43]. Reflecting this trend, the current study opted to leverage these free active
fire data resources instead of relying on local administrative wildfire inventories.

2. Materials
2.1. Study Area

The selected study area for this research is Izmir Province in Turkey (Figure 1), located
between the latitudes 37◦52′N and 39◦35′N and longitudes 26◦11′E and 28◦52′E. Covering
approximately 11,580.28 km2, forests make up about 46% of Izmir Province’s total area. The
predominant forest species in the region are Turkish pine (Pinus brutia Ten.) and black pine
(Pinus nigra Arn.). Izmir Province features a characteristic Mediterranean climate, marked
by hot, dry summers and mild, rainy winters. The coastal regions are particularly affected
by these climatic conditions, while the interior regions, influenced by local topography,
also exhibit similar weather patterns. Most winter precipitation occurs as rain, with annual
totals between 700 and 1000 mm. The peak of summer heat is typically experienced in July
and August [37].
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The study area has experienced numerous fires in the past and remains highly suscep-
tible to wildfires. Consequently, creating a wildfire susceptibility map for this province is
crucial for developing an effective emergency action plan for future fire events [32,44,45].

2.2. Wildfire Inventory

Governmental agencies often oversee wildfire records, but these inventories are not
always publicly available and can be incomplete or inaccurate, particularly in rural or
sparsely populated regions. In Türkiye, the authorities track wildfire-affected areas but
do not keep official records of fires in other types of vegetation, such as agricultural lands,
wetlands, or peri-urban zones. As a result, RS satellites have become essential for detecting
and monitoring active fires and for mapping burned areas. Unlike maps of burned areas,
active fire detection methods can identify and measure ongoing fires and may also estimate
the Fire Radiative Power, which is associated with the rate of fuel consumption and smoke
production [13,46,47].
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The widespread availability of free active fire location data, such as that provided
by MODIS products, has garnered significant interest from the research community [48].
Fires, with radiometric temperatures ranging from 750 to 1200 Kelvin, emit substantial
thermal energy within or near the shortwave and middle infrared spectrum, making them
stand out against the cooler ambient temperatures. Active fire detection methods typically
identify these heightened signals through spectral radiance or brightness temperature
measurements [49]. Due to these advantages, some researchers have used MODIS data to
create maps indicating wildfire susceptibility [19].

The MODIS Active Fire Collection 6 product identifies active fires by extracting bright-
ness temperatures from MODIS instrument channels. It detects fires at a 1 km spatial
resolution during satellite passes, conducting several tests on potential burning pixels
to minimize false detections. This product provides global monthly fire pixel data, in-
cluding geographic coordinates, acquisition dates, and other details for each detected fire
pixel [50,51]. Monthly files can be downloaded from the University of Maryland’s reposito-
ries [52], and NASA’s Fire Information for Resource Management System (FIRMS) offers
shapefiles and other geospatial formats of the product [53]. The data include a ‘confidence’
column, ranging from 0% to 100%, to help users assess the reliability of each hotspot/fire
pixel. Additionally, the ‘type’ column indicates the predicted type of hotspot, such as
presumed vegetation fire, active volcano, other static land sources, or offshore sources.

For this study, monthly composites from 2001 to 2023 were downloaded and cropped to
match the study area’s boundaries, focusing exclusively on vegetation and forest fires while
excluding non-vegetation fires. To ensure data quality, only fire pixels with a minimum
confidence level of 95% were selected and compiled into a vector shapefile. The reliability
of the wildfire inventory was verified by comparing the vector database with 30 m Landsat
images using the Google Earth Engine. Landsat composites, using the Normalized Burn
Ratio, were employed to confirm whether each fire pixel corresponded to a burned area
based on its location and acquisition date. After this validation process, a final vector
file with 340 fire pixels was prepared for model training (Figure 1). To prevent bias
in the models, an equal number of non-wildfire samples (340) were randomly selected
alongside the wildfire samples. The wildfire samples were stratified as follows: 154 samples
in coniferous forests, 102 samples in broadleaved forests, and 84 samples in non-forest
areas. To ensure a representative distribution, the non-wildfire samples were stratified
equally across these vegetation types. Additionally, to minimize spatial autocorrelation,
non-wildfire samples were excluded from a 2 km buffer zone around each wildfire center.

2.3. Conditioning Factors

Wildfire probability is influenced by various climatic, topographical, anthropogenic,
and vegetation-related factors. In this study, the main factors affecting wildfire ignition and
spread were incorporated to create a wildfire susceptibility map, enabling the algorithms to
pinpoint areas with a higher fire risk. Table 1 provides the data sources for the conditioning
factors used.

Topography significantly influences the climate of a region, affecting the spatial and
temporal variability in climatic factors, thereby impacting wildfires before and during their
occurrence. Elevation and slope are crucial metrics for defining regional topography, with
numerous studies linking them to fire severity [54]. Aspect is important for predicting
the direction of sunlight and surface temperature at specific locations, while both slope
and aspect affect fuel type distribution [55]. The Topographic Wetness Index (TWI), which
measures water accumulation and surface runoff in a basin, has been found to greatly
influence the delineation of burned areas, especially in high-elevation regions [56]. In this
study, a Digital Elevation Model (DEM) was created using 30 m resolution digital elevation
data from NASA JPL’s Shuttle Radar Topography Mission (SRTM). From this DEM, maps
of slope, aspect, elevation, and TWI were generated (Figure 2).
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Table 1. Conditioning factors used in this study and their sources/resolutions.

Factor Type Sources and Resolution Conditioning Factors Min Max Mean

Topographical SRTM DEM (30 m)

Elevation (m) 0 2148 211
Slope (degrees) 0 75.429 11.02

Aspect (degrees) 0 360 114.3
Topographic Wetness Index (TWI) 2.031 25.717 4.12

Climatic WorldClim v.2.1 Database (~1 km)

Average Temperature (◦C) 7.6 17.8 15.1
Annual Rainfall (mm) 46 74 58.8

Solar Radiation (kJ/m2 × day) 0 17,959 17,346.9
Average Wind Speed (m/s) 2.2 4.8 3.32

Anthropogenic
Open Street Maps

Distance to Streams (m) 0 51,313 25,001.7
Distance to Roads (m) 0 26,432 14,011.1

Distance to Villages (m) 0 10,819 2012.6

CORINE 2018 Land Use Land Cover (LULC) - - -

Vegetation-
related

Copernicus Land Monitoring
Service (10 m)

Forest Type - - -
Tree Cover Density (%) 0 100 34.2

Landsat 8 (30 m) Normalized Difference Vegetation
Index (NDVI) −0.319 0.856 0.151
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Climatic factors play a critical role in the initiation, spread, and control of wildfires.
Extreme conditions such as high temperatures, strong winds, low rainfall, and increased
solar radiation can significantly exacerbate wildfire activity [39,40,57]. In this study, World-
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Clim v.2.1 datasets were utilized for all climatic factors. These datasets offer spatially
interpolated climate information for global land areas, providing high-accuracy data at
a fine spatial resolution (around 1 km2 for Türkiye). GEOTIFF files for average annual
temperature (◦C), annual rainfall (mm), solar radiation (kJ m−2 day−1), and average annual
wind speed (m/s) were downloaded from the WorldClim database and cropped to match
the study area (Figure 3).
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Anthropogenic activities significantly influence wildfire risks. Land use and land
cover (LULC) are key factors in fire ignition [58], with the distance to roads [37] and
villages [56] increasing the likelihood of fires in rural and forested areas. Additionally,
the preference for living near streams heightens fire risks in those areas [3]. For LULC
information, this study utilized the 2018 Coordination of Information on the Environment
(CORINE) map. Produced by the European Environment Agency from satellite imagery,
CORINE data are widely used in Europe for susceptibility mapping and site selection
studies [16]. This study used level 1 CORINE 2018 data, categorizing land into five classes:
artificial surfaces, agricultural areas, water bodies, wetlands, and forests. Additionally,
distance maps to rivers, roads, and villages were created using data from Open Street Maps.
The anthropogenic factors can be seen in Figure 4.
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Last but not least, vegetation-related factors are also crucial in determining wildfire
risks. Tree species significantly influence fire occurrence, with coniferous trees being
particularly susceptible due to their highly flammable resin and rapid ignition in low
humidity [12]. For this study, 2018 forest type data with a 10 m resolution from the
Copernicus Land Monitoring Service were used. Additionally, tree cover density, which
correlates with the spread of wildfires, was considered. Dense forests are more prone
to fires because tree canopies serve as the primary fuel layer in crown fires [20,24]. The
study utilized 2018 tree cover density data from the Copernicus Land Monitoring Service,
with density expressed as a percentage from 0 to 100%. Furthermore, the Normalized
Difference Vegetation Index (NDVI), a satellite-based measure of plant vitality, plays a
critical role in assessing wildfire risks [21,59]. The NDVI was calculated from recent Landsat
8 reflectance images using Google Earth Engine, with the near-infrared (NIR) and red bands.
Vegetation-related factors can be seen in Figure 5.

All spatial layers were converted to the WGS84 coordinate system and rasterized at a
30 m resolution using ArcGIS 10.4 software. For visualization, the layers were categorized
using the natural break method. Pixel values from these rasterized layers, corresponding
to both wildfire and non-wildfire samples, were compiled into a data frame to train and
validate machine learning classifiers.
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3. Methodology

The research methodology is structured into five key steps: (1) Data preparation:
Assemble an input data frame that includes both wildfire and non-wildfire samples along
with the corresponding wildfire conditioning factor values. These data are then split into
training and testing subsets. (2) Feature selection: Conduct a multicollinearity test and
calculate Pearson’s correlation coefficients to identify and eliminate any inappropriate
or redundant conditioning factors. (3) Performance evaluation: Compare the predictive
performance of the classifiers. (4) Explainability: Utilize the SHAP technique to interpret
the contribution of each conditioning factor for a local explanation of the classifiers’ pre-
dictions. (5) Susceptibility mapping: Generate wildfire susceptibility maps using the best
performing classifier. Figure 6 summarizes the steps in the research methodology employed
in this study.

3.1. Feature Selection

The effectiveness and dependability of wildfire susceptibility maps are largely con-
tingent on the meticulous selection of conditioning factors that accurately represent local
conditions. Thus, a multicollinearity analysis is crucial for identifying and eliminating any
collinear, inappropriate, or redundant conditioning factors. This process is required to avoid
the complications caused by a high dimensionality when training classifiers. Researchers
typically employ multicollinearity tests for this purpose, utilizing two primary metrics:
the Variance Inflation Factor (VIF) and Tolerance (TOL). A conditioning factor is deemed
problematic if its VIF surpasses 10 or its TOL is less than 0.1, indicating multicollinearity
issues. These factors must be excluded until all remaining factors exhibit satisfactory VIF
and TOL values [12,24]. Additionally, in this study, Pearson’s correlation coefficients were
calculated to complement the multicollinearity test.
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3.2. ML Classifiers

This study generated wildfire susceptibility maps using three decision tree-based
ensemble ML classifiers: Random Forest (RF), XGBoost, and LightGBM. To evaluate the
models’ predictive performance, the input data frame was split into training and testing
sets. Each classifier was trained on a random sample consisting of 70% of the data, which
included 476 samples (238 wildfire and 238 non-wildfire). The remaining 204 samples
(102 wildfire and 102 non-wildfire) were reserved for performance evaluation. For the RF
model, the scikit-learn package in Python 3.8.0 was utilized for train–test splitting, model
training, and performance assessment. The XGBoost and LightGBM classifiers were trained
and evaluated using the xgboost and lightgbm libraries in Python, respectively.
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3.2.1. Random Forest (RF)

RF, introduced by Breiman in 2001 [60], enhances decision tree accuracy and is widely
used for regression and classification tasks due to its robustness. RF uses the bagging
method, starting with a bootstrapped dataset. Decision trees are built from a subset of
variables, with classifications determined by majority vote across multiple trees. Key
hyperparameters shaping the model include the number of trees (NT), number of splits
(NS), and depth (d). NT, the total number of trees, impacts accuracy and complexity,
while NS, the minimum samples required to split nodes, affects underfitting risk. Depth
influences how well the model captures data variations without overfitting. Balancing
these hyperparameters is crucial for an optimal RF model, which outputs classifications
using Equation (1):

Ŷ =
1
q ∑N

N=1 hk(X) (1)

where h(X) is a set of kth decision tree and X is the vector of the input factors.

3.2.2. eXtreme Gradient Boosting Machines (XGBoost)

XGBoost, a state-of-the-art ML algorithm, excels in classification tasks by sequentially
constructing and refining weak learners, primarily decision trees [61]. It incorporates a
regularization term to enhance robustness and prevent overfitting, and uses a second-
order Taylor series expansion for more accurate performance assessments. XGBoost is
designed for speed and efficiency on large datasets, balancing accurate predictions with
complexity management. Unlike bagging, which combines predictions from independent
trees to reduce variability (as in RF), boosting in XGBoost sequentially builds trees that
correct predecessor errors to minimize bias. The objective of XGBoost is to minimize the
regularized objective function, as expressed in Equation (2):

(Φ) = ∑
i

l(ŷi, yi) + ∑
k

Ω( fk) (2)

In Equation (2), the first term represents the loss function, measuring the discrepancy
between the target class yi and the predicted class ŷi. The second term, detailed below,
serves as a penalty to regulate model complexity and prevent overfitting:

Ω( f ) = γT +
1
2

λ∥w∥2 (3)

Here, in Equation (3), T denotes the number of leaves in the tree, w represents the
score of each leaf, and γ and λ are regularization parameters. XGBoost uses an iterative
approach to minimize the objective function during each step t, as shown in Equation (4):

L(t) =
n

∑
i=1

l
(

yi, ŷ(t−1)
i + ft(xi)

)
+ Ω( ft) (4)

3.2.3. Light Gradient Boosting Machine (LightGBM)

The LightGBM is a notable ML advancement, excelling in classification tasks. Its
key feature is the efficient handling of categorical features using Gradient-based One-Side
Sampling, making it effective for large-scale datasets with sparse variables. Unlike XGBoost,
LightGBM uses a leaf-wise tree growth strategy, focusing on nodes with the highest loss
reduction to enhance performance in large datasets and complex feature interactions [62].
The primary workflow of the LightGBM algorithm is as follows:

Fn(x) = α0 f0(x) + α1 f1(x) + · · ·+ αn fn(x) (5)

In Equation (5), the classifier starts with n decision trees, and each training sample is
initially assigned a weight of 1/n. The weak classifier f (x) is then trained to determine its
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strength α. The classifier iteratively updates these weights through successive rounds of
training until it converges to the final classifier Fn(x).

3.2.4. Hyperparameters Tuning

In order to optimize prediction performance, analysts must specify and tune hyperpa-
rameters, which are variables within ML algorithms that are not constant. Hyperparameter
tuning is essential before finalizing the predictor model, as it allows classifiers to effectively
manage relationships within the dataset. To fine-tune the hyperparameters of all classi-
fiers, the Optuna hyperparameter optimization framework was utilized. Optuna leverages
Bayesian optimization, specifically using the Tree-structured Parzen Estimator algorithm,
to enhance tuning efficiency. Unlike traditional methods such as grid search and random
search, Optuna provides computational efficiency and reduces the risk of settling on local
optimum values [63].

3.3. Performance Assessment

To evaluate the performance of classifiers, several key measures are employed, which
are grounded in the confusion matrix. This matrix lays the foundation for performance
metrics by categorizing predictions into four groups:

• True Positives (tp): The number of actual fires correctly identified as fires;
• True Negatives (tn): The number of non-fires correctly identified as non-fires;
• False Positives ( f p): The number of non-fires incorrectly identified as fires;
• False Negatives ( f n): The number of fires incorrectly identified as non-fires.

These categories are crucial for calculating various binary classification metrics [64].
For a single class C, the counts (tp, f n, f p, tn) are used to determine sensitivity, specificity,
precision, accuracy, and the F-1 score. Table 2 showcases these metrics, but two standout
measures for performance evaluation are the Receiver Operating Characteristic (ROC) curve
and the Area Under the ROC Curve (AUC). The ROC curve is a probability curve used in
binary classification tasks, plotting the True Positive Rate against the False Positive Rate.
The AUC represents the overall classification accuracy, with higher values indicating a better
performance. An AUC exceeding 0.9 signifies near-excellent classification performance.

Table 2. Performance metrics for ML classifiers.

Metric Formula

Sensitivity tp
tp+ f n

Specificity tn
f p+tn

Accuracy tp+tn
tp+ f n+ f p+tn

Precision tp
tp+ f p

F1-score 2×Precision×Recall
Precision+Recall

AUC 1
2

(
tp

tp+ f n + tn
tn+ f p

)
3.4. Explainability of Classifiers with SHAP Method

The explainability of ML models, a key topic in XAI, highlights the significance of
conditioning factors in predicted outcomes. This transparency enables analysts to under-
stand what the ML model prioritizes when evaluating wildfire susceptibility [27,41,65].
XAI techniques can be categorized into two primary types: global and local approaches.
Global explanations provide insight into the overall influence of essential conditioning
factors on average predictions. Examples of global methods include permutation feature
importance, mean decrease impurity, and information gain. In contrast, local explainability
focuses on individual (sample-wise) predictions, allowing analysts to discern which con-
ditioning factors significantly impact specific outcomes. This granular view reveals how
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each factor affects predictions at the sample level. A noteworthy local technique is SHapley
Additive exPlanations (SHAP), which is gaining prominence for its ability to elucidate the
contributions of conditioning factors to individual predictions [26].

The SHAP technique is grounded in Shapley values, a concept from game theory
introduced by Lloyd Shapley in 1951 [66]. To elucidate the application of SHAP values
in the context of wildfire susceptibility mapping using ML classifiers, we considered
three conditioning factors, Factor A, Factor B, and Factor C, which collectively predict
wildfire susceptibility. The Shapley values method can be employed to fairly attribute the
importance of each factor. Assuming that Factor A is used alone, it predicts a susceptibility
score of 10 points. Factor B alone predicts 20 points, and Factor C alone predicts 25 points.
When Factors A and B are combined, they might predict a susceptibility score of 40 points.
Factors A and C together might predict 30 points, while Factors B and C together might
predict 50 points. When all three factors are used collectively, they predict 90 points,
indicating a very high susceptibility to wildfires. To determine the contribution of each
factor, all possible combinations and sequences in which the factors can be used are
considered. The marginal contribution of a factor is the difference it makes to the prediction
when added to a subset of other factors. Mathematically, for a set of N factors, where S is a
coalition subset of factors, and f (S) is the total value of the subset S, the Shapley value for
factor i is given in Equation (6):

ϕi =
1

|N|!∑S⊆N{i}
|S|!(|N| − |S| − 1)!

N
[ f (S ∪ {i})− f (S)] (6)

In this case, the contribution of Factor A is calculated by considering the difference
it makes when included in different subsets of factors. When Factor A is used alone, its
contribution is represented as f (A). When used with Factor B, its contribution is f (A,B) −
f (B). When all three factors are used together, the contribution of Factor A is f (A,B,C) −
f (B,C). By averaging these contributions across all possible combinations, the Shapley value
for Factor A is obtained. Thus, Shapley values provide a clear and equitable measure of the
importance of each conditioning factor in the machine learning model [67].

In this study, the SHAP method was implemented using the SHAP library in Python [68,
69]. This library is a powerful tool for interpreting and explaining the outputs of ML models
by offering a variety of visualizations. SHAP can also provide a global explanation by aggre-
gating individual predictions. The SHAP framework includes model-specific explainability
methods such as Linear SHAP for linear models with independent features, Tree SHAP for
decision tree-based ensemble algorithms, and Deep SHAP for deep learning models. Given
that this study employs decision tree-based ensemble algorithms, the TreeSHAP module
was utilized.

In this study, two types of SHAP visualizations were adopted to enhance the ex-
plainability of the classifiers. The first is the SHAP summary plot, which serves as an
effective alternative to the traditional feature importance plot. This plot not only includes
the important contributing factors but also illustrates the range of effects of these factors
within the dataset. A color bar indicates the impact of contributing factors: those that
influence the model’s outcome positively are highlighted in one color, while those that
have a negative impact are represented in a contrasting color. The horizontal dots for each
contributing factor display the distribution of the Shapley values for each data instance.
Additionally, SHAP dependence plots were used to analyze the interactions between the
contributing factor values and their influence on the model outcome (Shapley values).
These plots illustrate the variation of the model outcome by specific contributing factor
values, helping to identify patterns or trends between the contributing factor values and
their corresponding Shapley values [70]. In this study, such plots were instrumental in
understanding how the values of any contributing factor influence wildfire susceptibility
and in identifying critical thresholds.
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4. Results and Discussions
4.1. Multicollinearity Results

The calculated VIF and TOL values reveal the presence of multicollinearity in certain
factors (Figure 7—upper). We identified this issue due to some VIF values exceeding 10. To
resolve this, we employed a recursive elimination strategy, starting with the factor with
the highest VIF value and continuing until no factors exhibited multicollinearity problems.
Through this process, we retained 13 factors, specifically removing the elevation and tree
density factors. After elimination, the highest VIF was reduced to 2.82, and the lowest TOL
was 0.35 (Figure 7—lower). Consequently, the remaining factors were deemed suitable for
classification processes as they no longer exhibited multicollinearity issues.
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To validate the findings of the multicollinearity assessment, Pearson’s correlation coef-
ficients were calculated for these 13 factors. As shown in Figure 8, the highest correlation
value was observed between Wind Speed and Solar Radiance, with a coefficient of −0.66.
Overall, the matrix indicates that most factor pairs do not have significant correlations,
with partially correlated pairs remaining below the threshold of 0.8.

We conducted thorough multicollinearity analysis and Pearson correlation matrix
evaluations, identifying elevation and tree density as highly correlated variables in our
wildfire susceptibility dataset. While recognizing that 83% of fire samples are in lower
elevation areas (less than 150 m) and 72% are in dense tree density zones (more than
50% tree density), we evaluated the impact of these variables on model performance. We
observed a 3.1% decrease in accuracy for our RF model when elevation and tree density
were included. Therefore, we decided to exclude these variables to improve model accuracy
and interpretability, as their high correlation with other variables compromised the overall
performance. Given that a significant number of fire samples are already concentrated in
lower elevations and dense tree areas, further interpretation of the effects of elevation and
tree density on wildfire susceptibility was deemed redundant. To effectively capture terrain
characteristics while mitigating multicollinearity risks, we considered alternative variables
such as slope, aspect, and composite indices like the TPI. This approach aligns with best
practices in feature selection, optimizing model performance while maintaining practical
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relevance and enhancing the robustness and applicability of our predictive models in risk
assessment contexts.

Remote Sens. 2024, 16, x FOR PEER REVIEW 15 of 28 
 

 

To validate the findings of the multicollinearity assessment, Pearson’s correlation co-
efficients were calculated for these 13 factors. As shown in Figure 8, the highest correlation 
value was observed between Wind Speed and Solar Radiance, with a coefficient of −0.66. 
Overall, the matrix indicates that most factor pairs do not have significant correlations, 
with partially correlated pairs remaining below the threshold of 0.8. 

 
Figure 8. Pearson’s correlation coefficient matrix. 

We conducted thorough multicollinearity analysis and Pearson correlation matrix eval-
uations, identifying elevation and tree density as highly correlated variables in our wildfire 
susceptibility dataset. While recognizing that 83% of fire samples are in lower elevation ar-
eas (less than 150 m) and 72% are in dense tree density zones (more than 50% tree density), 
we evaluated the impact of these variables on model performance. We observed a 3.1% de-
crease in accuracy for our RF model when elevation and tree density were included. There-
fore, we decided to exclude these variables to improve model accuracy and interpretability, 
as their high correlation with other variables compromised the overall performance. Given 
that a significant number of fire samples are already concentrated in lower elevations and 
dense tree areas, further interpretation of the effects of elevation and tree density on wildfire 
susceptibility was deemed redundant. To effectively capture terrain characteristics while 
mitigating multicollinearity risks, we considered alternative variables such as slope, aspect, 
and composite indices like the TPI. This approach aligns with best practices in feature selec-
tion, optimizing model performance while maintaining practical relevance and enhancing 
the robustness and applicability of our predictive models in risk assessment contexts. 

4.2. Tuned Hyperparameters 
In this study, we used the Optuna hyperparameter optimization framework to fine-

tune the hyperparameters for all classifiers. The search space for hyperparameters 

Figure 8. Pearson’s correlation coefficient matrix.

4.2. Tuned Hyperparameters

In this study, we used the Optuna hyperparameter optimization framework to fine-
tune the hyperparameters for all classifiers. The search space for hyperparameters included
specified ranges for exploration during the optimization process. Optuna systematically
evaluated various hyperparameter configurations within the defined search space, resulting
in optimized hyperparameters that improved the predictive performance of the classifiers
on the dataset. The fine-tuned hyperparameters for each classifier are as follows:

• RF: {n_estimators: 611}, {min_samples_split: 3}, {max_depth: 11}, {min_samples_leaf: 3};
• XGBoost: {n_estimators: 509}, {eta (learning_rate): 0.01145}, {max_depth: 12}, {subsam-

ple: 0.9854};
• LightGBM: {n_estimators: 399}, {eta (learning_rate): 0.01227}, {max_depth: 12}, {sub-

sample: 0.90390}.

4.3. Classifier Performance

The evaluation of the trained ML models, illustrated in Figure 9 through confusion
matrices, provides key metrics such as sensitivity, specificity, accuracy, precision, and
F-1 score, summarized in Figure 10. Additionally, Figure 11 displays ROC curves and
AUC results. The performance assessment shows that the RF model achieved the highest
test accuracy at 95.6%, outperforming XGBoost and LightGBM, both of which achieved
92.2%. RF surpassed other ensemble algorithms by approximately 3.4%. Furthermore, RF
exhibited the highest precision score (96.1%), closely followed by LightGBM (94.1%). RF
also led in sensitivity (95.1%), specificity (96.0%), and F-1 score (95.6%). Figure 10 highlights
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RF’s superior prediction accuracy. However, all of the classifiers demonstrated scores above
90%, indicating a strong predictive performance. Examining the AUC values in Figure 11
underscores the robust performance of all the algorithms for wildfire susceptibility in this
case study. A higher AUC value indicates a classifier’s effectiveness in avoiding false
classifications. The RF classifier excelled with a 96.6% AUC, showing a slightly superior
discrimination capacity compared to the other classifiers, including LightGBM (94.9%) and
XGBoost (94.3%), which had similarly high AUC values.
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An analysis of the confusion matrices for each classifier highlighted the RF model’s
precision in classifying wildfire and non-wildfire samples in the test set. The RF model
accurately classified 98 out of 102 wildfire samples and 97 out of 102 non-wildfire samples,
demonstrating a superior performance in both categories. This resulted in a 96.0% accuracy
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for wildfire classification and a 95.1% accuracy for non-wildfire classification. Based on
these impressive results, we chose to generate a wildfire susceptibility map and utilize
SHAP analysis using the RF classifier’s output.

In ML research, the effectiveness of classification models is heavily influenced by the
architecture of the algorithm, the number of input variables, and their interactions. As a
result, determining the most appropriate algorithm for a specific problem is a complex task.
Previous studies [24,38,56,71–74] have found that decision tree-based ensemble algorithms
like RF, XGBoost, and LightGBM often surpass traditional algorithms in performance.
Consequently, this study exclusively utilized these decision tree-based ensemble algo-
rithms, which demonstrated exceptional performance across various metrics. The minor
variations in evaluation metrics among the employed ML models can be attributed to the
specific characteristics of the metrics and the distinct structures of the models used in this
research [75].

4.4. SHAP-Based Feature Importance (Summary Plots)

Figure 12 presents a detailed SHAP summary plot that illustrates individual wildfire
samples and their corresponding SHAP values based on the input conditioning factors.
After generating the RF classifier, the conditioning factors are ranked according to their
contributions. The x-axis represents the SHAP values, and the y-axis lists the conditioning
factors. Each dot on the plot represents a wildfire sample, with color intensity indicating the
factor value—lighter green tones represent lower values, while darker green tones indicate
higher values. In the RF classifier model, LULC, wind speed, and distance to villages are
identified as the top three most significant factors.
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Figure 13 provides absolute SHAP values for all input conditioning factors, crucial for
understanding their significant impact on predicting wildfire occurrence in the study area.
These values illustrate each factor’s magnitude of influence, where higher absolute mean
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values indicate greater contributions to the prediction process. This plot complements
the sample-wise SHAP values depicted in Figure 12 by offering a global view of feature
importance based on SHAP analysis.
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In Figure 12, the top five influential factors show elevated SHAP values, indicating that
higher values of these factors correlate with increased wildfire likelihood. Conversely, as
seen in the fifth row of Figure 12, wildfire samples with higher NDVI values exhibit negative
SHAP values, suggesting that higher NDVI decreases the probability of wildfireoccurrence.
Additionally, the RF classifier identifies forest type, aspect, and distance to streams as the
least influential factors for wildfire occurrence in the region.

While the SHAP summary plots provide insights into factor contributions, they do
not address how varying feature values impact predictive accuracy. To overcome this
limitation, SHAP dependence plots, which assess individual feature effects on predictions,
become indispensable tools.

4.5. SHAP Dependence Plots

This study included generating SHAP dependence plots (Figure 14) for all input factors
to elucidate their association with SHAP values. These plots aimed to uncover potential
threshold effects by examining how SHAP values vary across different factor values.

In Figure 14a, it is observed that samples with wind speed values exceeding 3.5 m/s
exhibit positive SHAP values, indicating that higher wind speeds increase wildfire suscepti-
bility in the study area. This finding is consistent with results from previous studies [27,76],
which highlight the significant impact of higher wind speeds on fire behavior and propaga-
tion. In Izmir Province, as expected, higher wind speeds accelerate the spread of flames
and drying out vegetation, facilitating more rapid fire ignition and propagation [37].

Figure 14b illustrates that different LULC classes exhibit varying levels of wildfire
susceptibility. Predictably, forested regions are more vulnerable to wildfires due to the
abundance of vegetation that serves as fuel. Conversely, agricultural lands and artificial
surfaces demonstrate lower wildfire susceptibility, likely due to managed landscapes and
reduced fuel availability.
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Figure 14c indicates that slope values greater than 8 degrees yield positive SHAP
values, suggesting that steeper slopes are more susceptible to wildfires. Steeper slopes
are generally expected to promote fire spread due to fuel continuity and the additional
wind effect that can exacerbate fire susceptibility [77]. This expectation is confirmed for
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the Izmir province as well. Even though fire susceptibility generally increases with steeper
slopes; however, beyond a certain threshold (more than 20%), the samples exhibit negative
SHAP values. This suggests that the slope factor’s contribution to fire susceptibility is
complex and warrants further investigation, as other studies have also observed a unimodal
distribution for fire susceptibility in relation to slope [21,54].

Notably, Figure 14d shows that wildfire samples with average annual temperature
values above 14 degrees Celsius positively contribute to wildfire occurrence. This finding
is also in line with comparable studies [39,40,78]. Elevated temperatures enhance plant
evaporation, leading to decreased moisture content in combustible materials, thereby
increasing the likelihood of fire occurrence [3].

SHAP values linked to the NDVI factor (Figure 14e) reveal that samples with NDVI
values below 0.20 significantly contribute to wildfire susceptibility, suggesting areas with
very sparse vegetation are more prone to fires, a finding supported by existing literature [6].

Regarding distance to villages (Figure 14f), locations farther than 4000 m from villages
generally exhibit positive SHAP values, indicating increased fire susceptibility with greater
distance from villages. Similar findings have been reported in previous studies [21,59]. This
trend can be attributed to the fact that remote areas are often less monitored and maintained,
resulting in a higher accumulation of flammable materials. Additionally, the response time
for firefighting efforts is typically longer in these distant locations, allowing fires to spread
more extensively before being controlled. Moreover, human activities that could potentially
prevent or quickly address fire outbreaks are less frequent in these remote areas.

Conversely, Figure 14g shows that locations very near roads (within 1000 m) have
negative SHAP values, implying reduced fire susceptibility near roads. This observation
is substantiated by a few recent studies [37]. The rationale behind this phenomenon may
stem from roads serving as effective firebreaks that disrupt the continuity of flammable
materials and impede the spread of fires. Moreover, proximity to roads facilitates easier
access for firefighting operations, leading to faster response times and more efficient fire
suppression efforts. Furthermore, heightened human activity near roads enhances the
likelihood of early fire detection and prompt intervention.

Figure 14h illustrates the impact of TWI on wildfire susceptibility. According to the
SHAP values, TWI values from two to four positively contribute to wildfire susceptibility,
although this contribution decreases over the range. Between TWI values of four and six,
there is a negative contribution, likely due to increased moisture levels reducing fire risk.
For TWI values above six, the contributions are mixed, with both positive and negative
impacts, possibly reflecting varying micro-environments and moisture conditions that
influence fire behavior differently.

Solar radiance values above 17,400 kJ/m2 × day (Figure 14i) predominantly contribute
positively to wildfire susceptibility. High solar radiance levels increase surface temperatures
and accelerate evaporation, reducing the moisture content in vegetation. Consequently, dry
vegetation becomes more susceptible to ignition and facilitates the rapid spread of fires,
especially when coupled with other contributing factors like wind and terrain characteristics
prevalent in the area [6].

Figure 14j suggests that rainfall does not exhibit a distinct threshold effect, with SHAP
values scattered uniformly. While a few samples with lower rainfall values show higher
positive SHAP values, the majority of samples cluster around zero SHAP values. Reduced
rainfall typically results in drier conditions, which can heighten susceptibility to wildfires,
consistent with findings from prior research [5,38]. Nonetheless, the lack of a pronounced
threshold effect in our SHAP analysis suggests that even minor fluctuations in rainfall
levels may exert incremental rather than categorical influences on fire susceptibility. Thus,
in regions such as the Izmir Province, characterized by relatively consistent annual rainfall
patterns, the association between rainfall and wildfire susceptibility likely manifests as a
gradual continuum rather than discrete thresholds.

In relation to distance to streams (Figure 14k), no clear threshold effect is evident,
but as the samples become closer to the streams, they show generally positive SHAP
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values. This finding in Izmir Province challenges the common assumption that areas near
rivers are less susceptible to fires, typically due to higher humidity, soil moisture, and
vegetation moisture content [6,55]. Another study conducted in the same area confirms
that certain samples located near streams predominantly yield negative or zero SHAP
values [37]. Several factors may contribute to this phenomenon. Firstly, these areas are
more accessible to human activity, increasing the likelihood of accidental fires. Secondly,
while vegetation near streams may contain moisture, it can also include species that are
flammable or susceptible to ignition during dry conditions. Consequently, despite the
protective aspects of streamside vegetation, local factors such as human behavior and
specific vegetation types collectively influence the heightened fire susceptibility observed
in the Izmir province.

The aspect factor (Figure 14l), while less influential overall, generally contributes posi-
tively to wildfire susceptibility in most directions, except for flat, north, and northeastern
aspects. In Mediterranean geography, south-facing slopes typically receive more direct
sunlight and may therefore experience drier conditions, enhancing vegetation flammabil-
ity. Conversely, flat and northern aspects receive less sunlight and retain more moisture,
reducing fire susceptibility [24].

Lastly, Figure 14m indicates that forest type does not distinctly affect SHAP values
between coniferous and broadleaved forests, suggesting no clear preference for fire occur-
rence between these forest types. However, a greater number of samples in broadleaved
forests demonstrate positive SHAP values. This observation may be influenced by several
factors specific to the region. Izmir Province’s forest ecosystems likely exhibit similar
characteristics in terms of fuel load, vegetation structure, and fire behavior potential across
both coniferous and broadleaved forests. To better understand the impact of forest type, a
more detailed forest type dataset should be utilized.

4.6. Generated Susceptibility Map

The RF classifier, recognized for its superior performance, was employed alongside
thirteen wildfire conditioning factors to generate a susceptibility map for Izmir. Illustrated
in Figure 15, this map highlights the potential risk of wildfire incidents across different
areas based on relevant conditioning variables. Among the various methods available
for classifying such maps, the natural break classification method is notably prevalent.
This method is particularly effective for interpreting results near class boundaries as it
determines class intervals based on input data, ensuring optimal grouping [79,80]. Conse-
quently, the natural break classification method was applied to categorize the susceptibility
map derived from the RF classifier. The map’s pixels were classified into five distinct
categories: very high, high, moderate, low, and very low, providing a standardized system
for comparing the outcomes.

Figure 16 presents the spatial distribution of susceptibility classes generated by RF
classifier and the corresponding wildfire samples within these classes. The data reveal
that the province of Izmir has substantial areas categorized as moderately to very highly
susceptible to wildfires. The RF model determined that 14.3% of the study area falls under
very high wildfire susceptibility, 24.4% under high, 22.3% under moderate, 22.7% under low,
and 14.3% under very low susceptibility. Notably, a significant portion of wildfire samples
(68.84%) align with the very high susceptibility areas. The area extent in square kilometers
for each susceptibility class is depicted in green on each bar in Figure 16. The number of
wildfire samples corresponding to these susceptibility classes is indicated by the red dashed
line. This highlights the province’s pronounced susceptibility to wildfires, underscoring
the need for heightened awareness and precautionary measures. The concentration of
highly susceptible zones in flat and coastal regions near settlements and agricultural lands
underscores the serious threat wildfires pose to human health and safety.
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4.7. Contributions to the Community, Lessons Learned, and Limitations

The wildfire susceptibility map generated in this study provides valuable insights
into high-risk areas within the Province of Izmir, offering information on the likelihood of
wildfire occurrence in specific locations. This map is crucial for various stakeholders such
as forest managers, land management agencies, and emergency responders, enabling them
to make informed decisions regarding fire risk mitigation strategies.

The adoption of the SHAP method in this study proves instrumental in understand-
ing the factors driving the model’s predictions of wildfire susceptibility. By identifying
critical factors contributing to high-risk areas, researchers and practitioners can develop
targeted strategies to mitigate fire hazards effectively. The explainability provided by SHAP
facilitates the development of more robust fire management approaches.

Technically, feature importance signifies the ranking of variables that significantly
influence prediction accuracy. Understanding how these variables relate to the probability
of fire initiation aids in leveraging them for future predictions and research. Ultimately, this
knowledge helps in devising proactive fire control strategies tailored to specific environmen-
tal conditions and risk factors identified through the model [27]. Integrating these findings
into a comprehensive fire management framework enhances preparedness, response effi-
ciency, and community resilience. This includes leveraging technological advancements for
real-time monitoring, fostering community engagement for fire awareness and prevention,
and fostering interdisciplinary collaboration among researchers, policymakers, and local
stakeholders to address the multifaceted challenges posed by wildfires effectively.

The results of this study offer important insights into the factors affecting wildfire
susceptibility in Izmir Province:

• Firstly, the identification of critical factors through SHAP analysis and dependence
plots elucidates their complex interactions in shaping fire ignition and spread dynamics.

• Secondly, these insights enable stakeholders to prioritize mitigation efforts. For in-
stance, areas distant from villages require heightened attention due to higher fuel
accumulation and longer response times for firefighting efforts. Conversely, the roads
serve as a natural firebreak and facilitate quicker responses and interventions.

• Thirdly, adaptation strategies must consider regional characteristics. Factors like
wind speed and solar radiance significantly amplify fire risk, necessitating tailored
interventions such as firebreaks on steep slopes and vegetation management strategies
near water bodies to mitigate moisture fluctuations and vegetation flammability.

• Furthermore, the variability in rainfall patterns highlights the necessity for continuous
environmental monitoring to discern nuanced shifts in fire susceptibility. This adaptive
approach will ensure timely adjustments in preventive measures to address evolving
climatic conditions and their influence on fire behavior.

Of course, there are some limitations: (1) Wildfire susceptibility is influenced by
numerous factors, which can vary significantly by region. Although this study incorporated
13 wildfire conditioning factors, it is worth questioning whether these are sufficient for
predicting wildfire susceptibility in all areas. (2) The data used in this study came from
diverse sources and varied in spatial scales. To standardize these scales for computational
purposes, resampling was utilized. However, this process might inadvertently exclude
critical information relevant to wildfire factors, potentially impacting the model’s predictive
performance. (3) Previous research suggests that the selection of sampling areas and the
ratio of non-wildfire to wildfire samples are crucial for accurate susceptibility assessments.
In this study, non-wildfire and wildfire samples were randomly selected at a 1:1 ratio,
which could affect the results. There is a risk that random sampling might misclassify
areas prone to wildfires as non-wildfire samples, leading to an inaccurate assessment of
their susceptibility. Furthermore, the 1:1 sampling ratio may not accurately represent
real-world conditions, potentially influencing the model’s accuracy and sensitivity. (4) The
model developed in this study was applied to the province of Izmir, showing promise
for broader application across regions with varying characteristics. However, despite its
strong performance in Izmir, the model may need adjustments to ensure its effectiveness
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in different environments. (5) The results of this study are based on a limited sample size,
which may affect the generalizability of the findings. The model’s performance might
vary if applied to a larger area or with a more extensive dataset. Additionally, the small
differences in model performance suggest that various ML approaches could yield similarly
effective results.

Considering these points, future research will aim to develop methods that standardize
wildfire factor scales while minimizing information loss. Additionally, it will focus on
identifying optimal sampling areas and proportions for non-wildfire samples to improve
the model’s predictive accuracy.

5. Conclusions

This study has presented a novel approach to mapping wildfire susceptibility in
Izmir Province, Türkiye, by employing explainable ML techniques. The primary aim
was to understand the contributions of various topographic, climatic, anthropogenic,
and vegetation-related factors to wildfire susceptibility and to interpret the underlying
reasoning behind the ML models’ decisions. By leveraging SHAP plots, we provided
insights into how these factors influence wildfire predictions, marking a pioneering effort
in forestry literature, especially within the Aegean–Mediterranean region.

Key objectives achieved in this research include establishing a spatial ML framework
using RF, XGBoost, and LightGBM models, examining the relationship between the best-
performing model and conditioning factors through SHAP outputs, and exploring spatial
variations in model outcomes to predict wildfire susceptibility. Our methodology incorpo-
rated various conditioning factors, validated active fire data from MODIS products, and
produced a detailed wildfire susceptibility map for Izmir Province.

The results highlight that 14.3% of the study area falls under very high wildfire
susceptibility, with significant portions of wildfire samples aligning with high-risk zones.
This underscores the necessity of effective emergency action plans and fire management
strategies tailored to the region’s unique environmental and climatic conditions.

Additionally, this study has contributed valuable lessons to the community, empha-
sizing the importance of understanding factor interactions, prioritizing mitigation efforts,
and adapting strategies to regional characteristics. The adoption of SHAP analysis facili-
tated a deeper understanding of the factors driving wildfire susceptibility, aiding in the
development of targeted interventions and enhancing community resilience.

Despite its contributions, the study acknowledges limitations, including the potential
insufficiency of the selected conditioning factors, the impact of resampling on data accuracy,
the representativeness of the sampling ratio, and limited number of training samples.
Future research will focus on refining these aspects to improve the model’s predictive
performance and applicability across different regions.
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