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Abstract

Forests are among the most critical natural resources worldwide and are essential for a
sustainable ecosystem. In recent years, climate change and human activities have increased
their impact on forests, and forest fires-especially in summer- have caused significant forest
losses globally. This paper integrates Bayesian Network (BN) and Geographic Information
Systems (GIS) to pinpoint the possible causes of forest fires and analyze their complex
interactions. The study used data from 1465 fires between 2017 and 2022 in Mugla prov-
ince in southwestern Tiirkiye. Within the scope of the study, 11 variables were chosen,
such as elevation, slope, aspect, wind speed, population density, and road network, to build
a BN model that combines physical and human geographical features. These variables
overlapped using the pairwise intersect tool from ArcGIS Pro during the BN model setup,
and probability values were calculated. The overall probability of fire in the BN model was
determined to be 0.81, with probabilities ranging from 0.81 to 0.56 in low-altitude, moder-
ately sloped, and south-facing areas. Scenario analyses examined fire risk under different
conditions, highlighting the most influential variables for fire prevention efforts. The study
identified fire-prone areas as spatial data, revealing that densely forested coastal and certain
inland regions are at higher risk, whereas bare high-altitude areas with steep slopes pose
lower risk. The BN model can be further enhanced by incorporating additional variables,
making it a valuable tool for future fire risk assessment and mitigation strategies research.
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1 Introduction

Forests are a vital natural resource that play a crucial role in maintaining environmental
balance, biodiversity, and climate regulation. The state of forests in any region serves as
a key indicator of ecological conditions (Jaiswal et al. 2002). They function as essential
carbon sinks and contribute significantly to global CO, regulation (Trucchia et al. 2022;
Giirsoy et al. 2023). However, the increasing frequency and intensity of forest fires, exacer-
bated by climate change, have led to widespread devastation, with mega-fires affecting vast
areas during fire seasons (San-Miguel-Ayanz et al. 2021). The impact of these uncontrol-
lable fires highlights the urgent need to understand fire dynamics and implement effective
preventive measures (Salehi et al. 2023).

Forest fires are a natural phenomenon that occur when heat, oxygen, and combustible
materials interact, affecting ecosystems by clearing forested areas and promoting vegeta-
tion regrowth and grazing opportunities (Trucchia et al. 2022; Giirsoy et al. 2023). How-
ever, wildfires threaten human life, property, and environmental stability, particularly in
densely populated areas (Jolly et al. 2015). Since forest fires involve a multi-criteria and
non-linear physical process, they are classified as one of the most complex emergencies
(Trucchia et al. 2022). Accurately estimating fire probability is crucial for supporting for-
est protection and development plans, as well as mitigating the adverse effects of wildfires.
Predicting forest fires with high accuracy and conducting effective fire prevention activities
are necessary for sustainable development (Das et al. 2023). Therefore, creating fire sus-
ceptibility maps and analyzing the factors influencing forest fires is essential (Leuenberger
et al. 2018).

Fire is not solely human-induced but is also influenced by factors related to proxim-
ity to roads and urban areas (Ganteaume et al. 2013; Leuenberger et al. 2018). Addition-
ally, topography, climate, and vegetation significantly impact fire behavior (Mouillot et al.
2003). Models developed to analyze forest fires can be categorized into three types: (i)
physically based models that utilize high-precision data, (ii) quasi-experimental mod-
els that rely on laboratory data, and (iii) empirical models that use statistical or machine
learning techniques to identify parameters affecting wildfires (Hong et al. 2018). Empiri-
cal models aim to assess the impact of various parameters on fire occurrence and predict
potential future fire locations using Geographic Information Systems (GIS) (Tien Bui et al.
2017; Hong et al. 2018; Das et al. 2023).

This study focuses on analyzing geographical factors that influence fire risk probability.
The occurrence and spread of forest fires result from interactions among multiple factors
(Dlamini 2010; Yang et al. 2021). Various studies have examined numerous geographi-
cal factors, including altitude, land use, slope, vegetation, tree species, road networks, and
population density (Adab et al. 2013; Gheshlaghi 2019; Yilmaz and Oztiirk 2019; Sevinc
et al. 2020; Yang et al. 2021). Among these, elevation, slope, and aspect are considered
critical factors influencing fire formation and spread (Eugenio et al. 2016; Sivrikaya and
Kiiciik 2022). Additionally, climate variables such as temperature, precipitation, and wind
speed significantly impact fire behavior, particularly in accelerating fire spread (Yilmaz
and Oztiirk 2019; Cetin et al. 2023). Due to the influence of human activities on fire occur-
rence, factors such as population density, proximity to road networks, and distance to urban
centers are also considered crucial (Jaiswal et al. 2002; Parajuli et al. 2020).

The Bayesian Network (BN) approach is employed to model the relationships among
these factors and assess their relative impact on fire events. BN is a powerful tool for
understanding causal relationships between variables and visualizing the strength of
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these relationships (Myers et al. 2004; Dlamini 2010). It enables updating probabilities
to accommodate new scenarios or adapt to evolving conditions (Ballari et al. 2012). BN
models’ flexibility and computational feasibility have encouraged researchers to explore
their application in various domains (Marcot and Penman 2019). Enhancements in BN
models include classification, incorporation of hidden variables, confidence assessment,
and GIS integration. These advancements support decision-making systems and analyze
system dynamics (Marcot and Penman 2019). GIS is a valuable tool for mapping spatial
data such as elevation, slope, wind speed, aspect, road networks, and population density,
and it is widely used in risk assessments, location analyses, and optimizing accessibility
routes (Konurhan et al. 2023). Integrating GIS with BN allows spatial data to be analyzed
probabilistically within a causal framework (Sevinc et al. 2020; Zhang et al. 2022; Lu et al.
2024). This integration allows spatial data obtained from GIS to be modeled in BN to pre-
dict fire probabilities, providing deeper insights into the influence of spatial and proba-
bilistic fire risk factors. Due to these advantages, BN-GIS integration has been applied in
various studies (Grét-Regamey and Straub 2006; Sevinc et al. 2020; Zhang et al. 2022; Lu
et al. 2024).

A review of the GIS literature reveals numerous studies that have identified fire-prone
areas using multi-criteria decision-making (MCDM) methods combined with GIS (Jaiswal
et al. 2002; Dlamini 2010; Gheshlaghi 2019; Nuthammachot and Stratoulias 2021; Coskun
and Toprak 2023). Similarly, BN has been widely applied across various research fields
(Wang and Vassileva 2003; Arroyo-Figueroa and Sucar 2013; Marcot and Penman 2019).
For instance, Mihunov and Lam (2020) explored drought resilience dynamics in 503 coun-
ties across the South-Central USA, while Sun et al. (2006) introduced a BN-based model
for traffic flow forecasting by analyzing road network interactions. Although relatively lim-
ited, some studies have integrated BN and GIS to identify fire-prone areas (Dlamini 2010;
Noroozi et al. 2024). Dlamini (2010) examined the spatial and environmental factors influ-
encing forest fires in Swaziland using a BN model, demonstrating high model accuracy in
evaluating variables such as land use, elevation, and climate. Sevinc et al. (2020) applied
BN to predict potential causes of wildfires and their interactions, identifying critical factors
such as temperature, wind speed, burnt area extent, and proximity to settlements. Yilmaz
and Oztiirk (2019) proposed a dynamic approach integrating BN and GIS for forest fire
hazard analysis, emphasizing the importance of updating hazard maps with temporal and
spatial data.

In recent years, major wildfires in the Mugla region, including the catastrophic fire that
began on July 29, 2021, and lasted for 15 days, have underscored the importance of fire risk
assessment for protecting both natural and human assets (Atmaca et al. 2022). Using BN
and GIS integration, this study collected and mapped spatial data such as elevation, aspect,
population density, temperature, and wind speed. These spatial variables were overlaid in
GIS based on the BN network structure, and their contributions to fire probability were
assessed. A spatial risk map was also developed using study outputs. Unlike conventional
fire risk analyses that rely on limited criteria, this research comprehensively evaluates fire
risk probabilities under varying conditions using large-scale spatial analysis and scenario
modeling. GIS-BN creates a dynamic decision-support framework applicable to large-scale
risk management. This study offers valuable recommendations for policymakers, regional
planners, and crisis management experts, contributing to proactive wildfire risk mitigation
strategies and laying a foundation for future research.

The remainder of this paper is structured as follows: Sect. 2 describes the study area.
Section 3 outlines the proposed method, including the data collection, data analysis, BN-
GIS integration and sensitivity analysis processes. Section 4 and Sect. 5 present the results
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and discussion to existing studies, respectively. Finally, Sect. 6 concludes the paper by
summarizing the key contributions, highlighting limitations, and suggesting directions for
future research.

2 Study area

Mugla Province is located at approximately 37°21'54" N latitude and 28°36'36" E longi-
tude, covering a total area of around 12,974 km?. As illustrated in Fig. 1, the province lies
in the southwestern part of the Anatolian region of Tiirkiye. It includes the southern sec-
tion of the Mentese region and the western part of the Teke region. Mugla is bordered by
the Aegean Sea to the west and the Mediterranean Sea to the south.

The province is home to several mountainous regions, including Gokbel Mountain
(1422 m), Oyuklu Mountain in the north, Sandiras Mountain (2295 m) in the northeast,
Gok Tepe (2407 m) in the east, and Dumanli Mountain (1973 m) and Akdag (3024 m) in
the southeast. The region where Mugla province is located draws attention with its highly
defective topography. There are slightly wavy and flat sections in many places with a sur-
face split by rivers. The fact that the ridges and hills are close to each other shows that this
region is shaped entirely on an erosion surface. The region’s mountains rise on this ero-
sion surface, and depressions are located on this surface (ikiel 2004). To the west of the
region, between the Gulf of Giilliik and the Gulf of Gokova, lies the Bodrum peninsula
with a broad head and narrow neck. The area with medium-height hills rises towards the
east. In the south of Mugla are two peninsulas, one orientated to the west and the other to
the southwest, and a wide isthmus connecting them. The peninsula extending to the west is
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Fig.1 Location map of Mugla province
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Datca or Resadiye peninsula, and the one extending to the southwest is the Bozburun pen-
insula (Daragya peninsula). Marmaris Bay is located south of the isthmus section where
these two peninsulas meet. It is separated from the Datca peninsula by Hisaronii Gulf in
the north, and the head part of the peninsula is divided into two parts by Sombeki Gulf in
the west. (Darkot and Tuncel 1978). The coasts of Southwestern Anatolia are highly frag-
mented and indented, and although there are shapes resembling a ria, estuary, and harbor,
none of these shapes are dominant on their own (Erol 1991). Mugla is a coastal region
surrounded by the Aegean Sea to the west and the Mediterranean Sea to the south, and
the Mediterranean climate is observed in this region. In Mugla and its surroundings, there
is a transition between the thermal regime of the Mediterranean and the continental cli-
mate, which causes cool-temperate winters and hot summers. Factors such as altitude and
distance to the sea create significant differences between coastal and inland depressions,
and these differences become more pronounced, especially in winter. In the study region,
where the Mediterranean precipitation regime is effective, 55-61% of the annual precipita-
tion occurs in winter and 1-5% in summer. Due to the climatic conditions, the study area is
located in the Mediterranean (Aegean—Mediterranean) phytogeographical region. In areas
where the natural vegetation is intact, red pine forests are found up to 800-1000 m, and
larch forests are found in higher areas. The maquis, typical Mediterranean climate plants,
become widespread in these areas (Atalay 1994).

In the study area, which has an essential position in forest presence, forest fires have
occurred almost every period from the records to the present day. In this context, since
1977, the number of fires recorded as of the end of 2023 is 13,119, and the average per
year is 279 fires/year. In this period, the minimum number of forest fires was 133 in 1983,
and the maximum was 415 in 2007. In the same period, 141,342.9 ha of the forest area
was burnt, and the average amount of the area burnt was 3,007.30 ha/year. In this period,
at least 155.8 ha in 2010 and 52,219.5 ha in 2021, forest area was damaged by forest fires
(2023 Forest Fires Assessment Report 2023).

3 Method

In this section, we outline the methodology employed in our research, as illustrated in
Fig. 2. The first stage involved data collection and analysis, including acquiring geospatial
data in a GIS environment and normalizing datasets. To enhance the overall accuracy of
the network, the number of states or the discretization of continuous variables was lim-
ited to three classes: low, medium, and high (Kal4cska et al. 2005; Marcot et al. 2006).
This classification also facilitated parameterization (Pollino et al. 2007). In Bayesian Net-
works with multiple explanatory variables, constraints are necessary to maintain manage-
ability, as conditional probability tables (CPTs) can become exceedingly large (Dlamini
2010; Spiegelhalter et al. 1993). Therefore, both Dirichlet and Beta distributions were used
in the study to model probabilities. The Dirichlet distribution was employed for modeling
multivariate probabilities, whereas binary variables (e.g., presence/absence or yes/no) were
simplified using the Beta distribution. This approach streamlined the calculation of CPTs,
improving the network’s efficiency. Aspect and land use criteria, as presented in Table 2,
were expressed in discrete categories rather than the three-tier classification due to their
inherent nature. All parameters directly or indirectly impacting forest fire occurrence were
integrated into the GeNle software. The pairwise intersection process was applied in GIS
for data layers corresponding to the criteria whose classes had been determined. Pairwise
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Stage |I: GIS module Stage II: BN modeling

Collection of geospatial data in a Construction of the BN using
GIS environment identified variables

Normalizing datasets Generating Bayesian network

nodes and CPTs
Pairwise intersection operations Analyzing the parameters and
within GIS to overlay the data their influence on the overall
layers system
Classification of variables into Sensitivity analysis (Assessment
three levels from the overlaid of model robustness and
dataset parameter influence)

Fig.2 The flowchart of the GIS-BN integration for the forest fire risk

intersection involves identifying the common areas of different spatial data layers within
a GIS environment, thereby integrating data from multiple explanatory variables into a
unified dataset for each location (https://pro.arcgis.com/en/pro-app/latest/tool-reference/
analysis/pairwise-intersect.htm). This method ensured that all variables included in the BN
modeling shared the same spatial unit. Consequently, network nodes were generated, and
CPTs were developed to represent relationships between variables. Additionally, model
parameters were analyzed to evaluate the influence of each variable on the overall system.
The final stage involved conducting a sensitivity analysis to assess the robustness of the
model. This analysis systematically evaluated the impact of different parameters, providing
insights into their relative significance and ensuring the reliability of the model results.

The study was conducted at the scale of Mugla province, with all analyses performed
within its provincial boundaries. The BN model utilized raster data, where each pixel was
considered an independent data point. Consequently, analyses were carried out across the
entire province. Furthermore, the fire risk map allowed for evaluating risk levels at the dis-
trict level. Given that fire management strategies require tailored approaches at both local
and regional scales, the study’s findings offer valuable insights for provincial decision-
makers and local administrators. Accordingly, large-scale fire risk management plans can
be formulated at the provincial level, while more targeted measures can be implemented at
the district scale.

3.1 Data collection
The dataset used in this study consists of fire records maintained by the General Direc-
torate of Forestry (GDoF) in the Mugla region from 2004 to 2022. To ensure data rel-

evance and manageability, 1,463 fire records from 2017 to 2022 were considered. Since
the dataset does not specify the causes of these fires, they are broadly categorized as
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forest fires, encompassing occurrences in forested, agricultural, urban, and bare areas
within the Mugla province.

Eleven key variables were identified based on the study area’s physical and human
geographical characteristics and insights from relevant literature. These variables
include altitude, slope, aspect, average temperature, average rainfall, distance to main
roads, and distance to settlements. The classification of these variables follows the
spatial analysis methodology: “Continuous” variables (e.g., elevation, slope, tempera-
ture) exhibit a range of values, while “Discrete” variables (e.g., aspect, land use) are
distinctly categorized. This classification facilitates effective integration with the BN
model (Table 2).

These variables served as the primary input data for constructing the BN model.
The selection of key variables influencing forest fire occurrence was guided by the
natural and human characteristics of the study area, along with findings from previous
research on forest fire risk (Jaiswal et al. 2002; Brooks and Matchett 2006; Falk et al.
2007; Dlamini 2010; Zwirglmaier et al. 2013; Sevinc et al. 2020; Coskun and Toprak
2023; Almeida et al. 2024). Variable selection in a BN model depends on the study’s
objectives, requiring a careful balance between computational load, model complexity,
parameterization, and accuracy (Dlamini 2010).

Variables such as the time elapsed since the last fire, the season of the previous fire,
and the total burned area were initially considered; however, incomplete or low-resolu-
tion data at the regional level prevented their integration into the model. While global
satellite datasets could have served as an alternative data source, their resolution and
accuracy were deemed insufficient for this study, leading to their exclusion.

Furthermore, previous BN-based fire modeling studies suggest that 10 to 12 varia-
bles are generally sufficient for accurate predictions (Dlamini 2010; Sevinc et al. 2020).
Including more variables beyond this range significantly increases computational load
and leads to excessive growth in CPTs (Spiegelhalter et al. 1993). Therefore, 11 vari-
ables were selected. Additionally, the appropriate threshold values for these variables
were determined using the Quantile and Natural Breaks (Jenks) classification algo-
rithms in ArcGIS software, with special attention given to the distribution of relevant
variables when defining these thresholds (Table 1).

Table 1 Classification ranges of variables used in the fire risk model

Criteria Class 1 Class 2 Class 3
Elevation >480 m 481-1200 m <1201 m
Slope >11° 12-24° <24°

Wind speed >4 4.1-5.1 <52
Population density > 100,000 100,000-463,500 <463,500
Average temperature >4.1°C 4.1-15°C <15°C
Average precipitation >1.076 mm 1.076-1.440 mm <1.440 mm
Distance to main roads > 1000 m 1000-3000 m <3000 m
Distance to electricity lines > 5000 m 5000-10,000 m < 10,000 m
Distance to settlements >3000 m 5000-15,000 m < 15,000 m
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3.2 Data analysis

The variables used in the study were determined as mean annual precipitation, mean annual
temperature, and wind speed under the climate main heading, elevation, slope, aspect, and
land use under the topography main heading, population density and distance to settle-
ments under the human geography heading and distance to power lines and distance to
main roads under the location heading (Fig. 3). A brief description of the explanatory vari-
ables is given in Table 2. All raster data layers used in the study have a spatial resolution
of 30 m. This resolution is sufficient for observing regional differences and performing
detailed fire risk analyses in Mugla province. Moreover, it also provides the opportunity
to produce meaningful and interpretable results by maintaining computational efficiency
in data processing. A 30 m resolution is preferred as a common standard in many studies
conducted in forest fire risk modeling (Dlamini 2010). Therefore, 30 m resolution, which
offers a balanced approach between model accuracy and processing load, was used in the
analyses.

Climate determines the vegetation in a region and thus plays a dominant role in creat-
ing fire-prone areas. The drier the climate in each area, the more fire-prone the area will
be (Jaiswal et al. 2002). Likewise, seasonal rainfall and wind speeds are the most criti-
cal climatic elements that affect the occurrence or persistence of fire. The study area has
significant forest covers and scorching and dry weather, especially in the summer months
(June, July, and August), with almost no rainfall. Therefore, regarding climate, the study
area may be vulnerable to forest fires during these periods. Topography is a crucial physi-
ographic factor related to wind behavior and thus influences the fire susceptibility of the
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Fig. 3 Topography variables used in the study
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region. Fire travels most rapidly up slopes and least rapidly down slopes. Therefore, eleva-
tion and slope values in an area are important because they affect both the increase of fire
and the response to fire (Jaiswal et al. 2002; Yang et al. 2021). In the study area, elevation
and slope values vary wildly. Large forest areas are concentrated in areas with steep and
high slope values. The elevation values in the study area exceed 3000 m in certain regions.
In addition, the aspect also plays an influential role in the spread of fire. Human interaction
and location characteristics are also effective in forest fires. Indeed, the main factors often
used to characterize the impact of human activities and location on wildfires are population
density, distance to settlements, road density, distance to roads, and distance to power lines.
Population density, settlement density, and road density increase human interaction with
forests, while power lines crossing forest areas can start a forest fire by sparking during a
fault (Yang et al. 2021). From this point, relevant variables are included in the study.

3.3 BN and GIS integration

BN naturally represent systems and are frequently employed to model environmental pro-
cesses, creating a strong synergy with GIS (Ames and Anselmo 2008; Sevinc et al. 2020;
Zhang et al. 2022; Lu et al. 2024). In this article, BN and GIS were integrated to con-
duct spatial and causal analyses of factors influencing forest fire occurrence. BNs allow the
incorporation of spatial data into a model, enabling more precise analysis of fire scenarios.
Initially, data on spatial variables affecting forest fires were collected and analyzed using
GIS software. These variables included topographic features (e.g., slope, elevation), land
use, vegetation, meteorological data (e.g., temperature, precipitation), and human activi-
ties (e.g., population density, road network). ArcGIS Pro software was employed, applying
histogram examinations and quarter-value discretization functions to convert continuous
variables into discrete categories. To enhance model accuracy and manageability, variables
were limited to a maximum of three states: low, medium, and high. This classification was
informed by field knowledge and local expert opinions, ensuring appropriate state values
for each variable. The class limitation also significantly reduced processing time. Approxi-
mately 8,000 overlapping operations were analyzed using these discrete classes.

The state of each criterion (as indicated low, medium, and high) corresponded to spe-
cific spatial areas within the GIS. These areas overlapped with regions represented by
nodes in the BN model, creating the final mapped areas. The BN model overlaid and ana-
lyzed variables associated with fire occurrence (e.g., average temperature, slope). If a spa-
tial area coincided with all critical factors contributing to fire risk and a fire was recorded
in that location, it was assigned a value of 1 (fire—yes). Conversely, areas without fire
occurrence were assigned a value of 0 (no fire). Historical data on fires in Mugla province
from 2017 to 2022 were mapped to determine fire locations, and overlapping occurrences
were evaluated.

The BN model was developed based on literature reviews and expert judgments. Using
GeNle software, causal relationships between variables were graphically represented with
directed arrows. The model was designed with a simple, shallow topology to prevent over-
fitting while maintaining an acceptable prediction error rate. Variables were discretized
into three states (low, medium, and high) using ArcGIS Pro, and CPTs were created based
on GIS data, field information, and calculated probability relationships.

The GIS-derived data were integrated into the BN model using GeNle software. This
BN-GIS integration facilitated the analysis of variable influences on forest fires, their prob-
abilities of causing fire, and their spatial impacts. The results provided valuable information
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on fire risk assessment and informed the development of strategic fire prevention measures.
The graphical structure of the BN-GIS model effectively visualized node relationships and
results, streamlining the analysis process and optimizing its outcomes.

An essential stage of the BN-GIS integration is creating a spatial risk map based on the
data obtained. A fire risk map was created for the study area with the data received from
the CPT tables created due to overlapping with the ArcGIS tool. This risk map presents the
risky areas of fire in the study area.

3.4 Sensitivity analysis

Sensitivity analysis is a type of analysis performed to understand the effects of changes in
the inputs of a system or model on its outputs (Demirel et al. 2024). This study helps deter-
mine which variables are more sensitive/important by determining the effects of the vari-
ables on fire risk. This analysis helps to visually and numerically determine the variables
that affect the fire risk the most and the probability values of these variables. Knowing the
variables affecting fire can pave the way for fire risk predictions. The sensitivity analyses
determined within this framework determined the probability of fire and the status of each
variable within the fire risk.

4 Results

The proposed BN model provides a robust framework for integrating environmental and
spatial variables affecting wildfires. The model is an essential tool for estimating fire occur-
rence probabilities by assessing the impact of various factors on fire risk. In the model,
separate networks were developed that represent the initial states of fire-related variables
through probability distributions for each node. These probabilities indicate the likelihood
of each variable being in a given state and provide essential assessments of the key deter-
minants of fire activity. To further develop the model, a sensitivity analysis was also per-
formed to assess the impact of each variable on the outcomes of the fire occurrence node.
A risk map was also created using the data from the BN model.

4.1 Analysis of variables affecting fire risk and probability-based interpretation

This section analyzes the effects of spatial and environmental variables affecting forest
fires on fire probability scenarios. When the state of each variable is determined, changes
in fire risk are analyzed in line with the probability values produced by the model. Scenario
analyses are important in determining the areas that should be prioritized in fire manage-
ment strategies. Evaluating the probability-based effects of variables has the potential to
increase the accuracy of fire risk estimates and contribute to the decision-making processes
of the model.

Land use is a crucial variable that directly influences fire probability. According to the
results for forested areas, the probability of fire is 93%, while the probability of no fire is
7% (Table 3). This finding highlights that forested areas significantly increase fire risk and
have a relatively high fire potential. Forested areas are particularly susceptible to fire due to
their dense vegetation and abundance of flammable natural materials, making them prone
to ignition and rapid fire spread. The data confirms that the model effectively identifies
forested areas as a strong determinant in fire prediction. The exceptionally high probability
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Table 3 Effect of variables on

the fire Scenario  Node State Fire probability
1 Land use Developed areas  0.59
2 Land use Forest 0.93
3 Aspect Flat 0.25
4 Aspect South 0.86
5 Population density ~ High 0.84
6 Population density Low 0.76

of fire in these areas underscores their vulnerability, while reducing uncertainty within the
model.

When “urban areas” were set to 100% within the land use variable, the probability of
fire was calculated as 59%, while the probability of no fire was 41% (Table 3). Although
the fire risk in urban areas is lower than in forested regions, a 59% probability of fire sug-
gests that human activity and the materials used in urban structures contribute to increased
fire risk. This risk is particularly evident in densely populated urban centers such as Bod-
rum, Marmaris, and Fethiye, where high tourism activity increases the likelihood of fire
incidents. The fire probability of 59% indicates that urban areas are not entirely fire-resist-
ant and still face a significant fire hazard. Factors such as electrical infrastructure, vehi-
cles, buildings, and other artificial structures further contribute to fire outbreaks in urban
environments.

When the “land’s aspect” was set to 100% south, the probability of fire was calculated
as 86%, while the probability of no fire was 14%. Southern slopes have a high fire probabil-
ity because they receive more sunlight, leading to drier and hotter conditions. These condi-
tions cause vegetation to dry out, making it more susceptible to fire. The fire probability
on south-facing slopes can reach as high as 89%, highlighting their significant contribution
to fire risk. In contrast, when the land’s aspect was set to 100% flat, the probability of fire
was determined to be 25%, while the probability of no fire was 75%. This stark difference
underscores the role of land aspect in fire risk. While southern slopes exhibit a very high
fire probability of 89%, flat areas show a much lower fire probability of 25%, making them
relatively safer and low risk (Table 3).

When population density was set to 100% high, the probability of fire was calculated
as 84%, while the probability of no fire was 16%. High population density is also a critical
factor that increases fire risk, as rapid human activity in these areas can directly contribute
to fire outbreaks. In densely populated regions, fires are more likely due to careless behav-
ior or infrastructure-related issues. Conversely, when population density was set to 100%
low, the probability of fire decreased to 76%, while the probability of no fire increased
to 24%. Although fire risk remains significant even in areas with low population density,
the probability of fire is slightly lower due to reduced human influence. This comparison
highlights that human activity plays a key role in fire risk, with higher population density
leading to a greater likelihood of fire incidents (Table 3).

Scenarios in which the effect of more than one variable is analyzed simultaneously
are also examined, and simultaneously, the impact of a single variable is also discussed.
Instead of analyzing the effect of a single variable on fire risk, it may be important to
understand how the probability of fire changes when multiple variables coexist. The effect
of multiple variables is essential in predicting the probability of fire more precisely and
revealing how the interaction of these variables is reflected in fire risk. Accordingly, when
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land use is set as 100% forest, population density as 100% low, aspect as 100% south, slope
as 100% moderate, and elevation as 100% moderate, the probability of fire is extremely
high at 94% (Fig. 4). This shows how interrelated environmental factors increase fire risk.
Although each variable alone affects the probability of fire, as seen in this scenario, fire
risk reaches much more severe when multiple factors come together. Forested areas are
areas with natural fire risk and are one of the most important factors that increase the prob-
ability of fire due to dense vegetation and excessive combustible materials. Adding a vari-
able such as the southern direction, which is exposed to more sunlight and heat, causes
the vegetation to dry out and become flammable. Therefore, the south orientation of for-
ested areas increases the likelihood of fire outbreaks. The 100 percent southerly aspect is
an important environmental factor that increases the fire risk, as hot and dry conditions can
predispose to fire. The scenario also includes moderate slopes and areas of moderate eleva-
tion. Medium-sloping terrain allows for rapid fire spread because fire can move quickly
uphill or downhill. The elevation factor is another variable that affects fire spread. Moder-
ate elevation affects air circulation, allowing the fire to feed on oxygen and causing lower
humidity levels, making it more difficult to control the fire. Although low population den-
sity slightly reduces the reduction of fire, the effect of this variable is limited under such
intense influence of environmental factors. While the human factor does not significantly
impact this, natural factors significantly increase the probability of fire. As a result, the fire
risk in these multiple scenarios is calculated with a high probability of 94%, indicating that
environmental factors, when combined, can dramatically increase the probability of fire.
Mutually reinforcing variables such as forested area, southerly aspect, moderate slope, and
moderate elevation increase the fire risk even further. This multivariate analysis empha-
sizes that fire predictions should not be based solely on a single factor but rather on the
interactions of all relevant variables.
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) Population_Density Yes94% [————_flat 0%

No 6% r‘JJ north 0%
low 100% 7 least 0%
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high 0% \ isouth 100%
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iplantexchange 0% high 0% IS
forest 100%
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Fig. 4 Effect of multiple variables on fire probability
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4.2 Analysis of strong influences of factors affecting fire risk

Figure 5 and Table 4 show the strength and direction of the interactions between the vari-
ables in the BN model. In Fig. 5, the relationships between variables are visually repre-
sented by arrows, and the thickness of the arrows symbolizes the strength of these rela-
tionships. For example, there is a strong relationship between elevation, average rainfall,
average temperature, and fire risk (demonstrated as “Fire” in the Fig. 5). The thickness of
the arrows between these variables indicates that their influence on Fire is also high. Like-
wise, the Aspect variable has a substantial direct effect on Fire. This shows the contribu-
tion of land aspect and topography to fire risk. The land use variable also has a high impact
strength with other variables. The effect of land use on the main criterion of Fire is also
strong, and its impact on fire is significant. The power of influence between variables such
as population density, road network, and settlement units is already substantial.

Table 4 shows the interactions between variables in more detail. Accordingly, it evalu-
ates the interactions between the variables in the model in terms of average, maximum,
and weighted effects. These values quantitatively reveal the effect between variables. High
mean and maximum values indicate that the effect of the relevant variable on the other
variable is more substantial. In this context, among the variables that directly affect fire
risk is the Aspect variable, which has a low mean value, but the maximum value of 1 is
calculated with the Fire link. This shows that the aspect variable is important in terms of
fire occurrence. It is interpreted that south-facing slopes may be more susceptible to fire
risk because they receive more sunlight. Likewise, the maximum effect of the link between
average precipitation and Fire is calculated as 1, indicating that average precipitation is
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Fig.5 Strength of influence representation
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Table 4 Detailed demonstration of strength of influence

Parent node Child node Average* Maximum? Weighted*
Aspect Fire 0.06 1.00 0.06
Average precipitation Fire 0.13 1.00 1.00
Average temperature Fire 0.12 1.00 0.12
Distance to electricity lines Distance to main roads 0.05 0.19 0.05
Distance to main roads Fire 0.08 1.00 0.08
Distance to main roads Distance to electricity lines 0.20 0.31 0.20
Distance to electricity lines Slope 0.10 1.00 0.10
Elevation Wind speed 0.13 0.23 0.13
Elevation Average precipitation 0.87 0.94 0.87
Elevation Average temperature 0.64 0.87 0.64
Elevation Population density 0.35 0.47 0.35
Elevation Land use 0.16 0.26 0.16
Elevation Distance to settlements 0.10 0.24 0.10
Elevation Fire 0.14 1.00 0.14
Elevation Land use 2.00 0.56 1.00
Land use Fire 1.00 1.00 1.00
Population density Land use 0.52 0.79 0.52
Population density Distance to settlements 0.22 0.43 0.22
Population density Distance to main roads 0.02 0.04 0.02
Population density Aspect 0.07 1.00 0.07
Slope Wind speed 0.11 0.25 0.11
Slope Population density 0.21 0.26 0.21
Slope Land use 0.05 0.11 0.05
Slope Average precipitation 0.01 0.05 0.01

*Thickness of arcs can be based on one of the three: Average (default in GeNle), Maximum, and Weighted.
Average takes the plain average over distances

"Maximum uses the largest distance between distributions
*Weighted weighs the distances by the marginal probability of the parent node

important in determining fire risk and that low precipitation amounts significantly affect
fire occurrence. The maximum value of the link between Average Temperature and Fire is
calculated as 1, indicating that the temperature variable is among the factors that directly
affect fire risk. The maximum value of the link between the Land Use variable and Fire is
calculated as 1. This shows that land use has a strong direct impact on fire risk. Depending
on the land use, forested areas, agricultural lands, or residential areas can have significantly
different impacts on fire risk. The effect of elevation on some variables in the model is
also quite significant. In particular, the maximum link between the elevation variable and
average precipitation is calculated as 0.94, indicating that elevation is one of the strong-
est variables directly affecting the amount of rainfall. This is a confirmation of the fact
that higher altitude areas receive more precipitation, which can have a direct impact on
fire risk. The maximum value of the average temperature link of the elevation variable is
calculated as 0.87, which shows that the effect of elevation on temperature is quite strong.
Another strong link in the model is between population density and land use, with a maxi-
mum value of 0.7996. This result shows that population density is an important variable
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shaping land use and that human activities may have indirect effects on the occurrence of
forest fires. Similarly, the maximum value of the link between the elevation variable and
population density is 0.47, indicating that the elevation variable significantly affects popu-
lation density. Variables with lower maximum values include the link between slope and
wind speed (0.25) and the link between slope and population density (0.22). This indicates
that the slope factor has a particular influence on wind speed or population density, but this
influence is lower than other variables. In addition, proximity to power lines and distance
to settlements indirectly affect fire risk. Although proximity to power lines is not among
the variables with the strongest direct link to fire, it is associated with distance to main
roads (0.31) and slope (1.00), indicating that power lines can cause spark-induced fires,
especially with wind. Distance to settlements shows a strong relationship with elevation
(0.24) and population density (0.43), indicating the contribution of human influence to fire
risk and the importance of fire response time.

4.3 Sensitivity analysis

According to the output results, the “aspect” variable significantly affects fire probability.
Consequently, forest fire risk is higher on flat and southern slopes than high, steep, and
northern slopes. This shows the effect of topographic conditions on fire risk. For example,
fire probability increases to 0.81 for flat and medium slope combinations of aspect and
slope. Therefore, it shows how fire risk increases depending on the physical and geographi-
cal characteristics of the land and carries serious risks, especially in flat areas (Table 5).
Meteorological variables also seriously affect the probability of fire. Variables such as
average temperature and wind speed play a vital role in the occurrence of fires. The com-
bination of temperature, wind speed, and low altitude are among the factors that signifi-
cantly increase the probability of fire. Especially low temperatures and low wind speeds

Table 5 Sensitivity analysis results for the Yes fire occurrence scenario

Sensitivity for fire =yes/current value: 0.81/reachable range: [0.56-0.82]

No Case Target value range  Current
parameter
value

1 Aspect=Flat/Slope =Medium 0.81-0.56 0.0024

2 Aspect=Flat/Slope =Low 0.82-0.61 0.37

3 Average Temperature = Low/Elevation =Low/Wind Speed =Low 0.81-0.67 0.0077

4 Average Temperature = Low/Elevation = Low/Wind 0.81-0.69 0.01

Speed =Medium
5 Aspect =Flat/Slope =High 0.81-0.69 0.09
6 Average Precipitation = Medium/Elevation =Low/ Wind 0.82-0.71 0.09
Speed =Low
Average Precipitation =Low/Elevation =Low/Wind Speed =Low 0.71-0.82 0.90
8 Average Temperature = High/Elevation = Medium/Wind 0.81-0.70 0.003
Speed =High
9 Average Temperature = High/Elevation = Medium/ Wind 0.81-0.71 0.001
Speed =Medium
10 Average Temperature =Low/Elevation =Low/Wind Speed=High  0.81-0.71 0.01
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are observed to increase the probability of fire. This finding reveals that fire risk in the
study area may be high in hot and dry weather and regions and low temperatures and wind
speeds. Wind speed is an essential factor affecting the rate of fire spread. While high wind
speeds can accelerate the spread of fire, low wind speeds can cause the risk to be higher in
the area where the fire starts (Table 5).

Average Precipitation is another crucial factor affecting fire risk. In areas with low pre-
cipitation levels, fire risk increases. However, this analysis has shown that moderate Pre-
cipitation, combined with low temperature and wind speed, can further increase the prob-
ability of fire. This finding suggests that fire risk can be high in arid and certain humid
conditions. For example, in areas with moderate rainfall and low wind speed, the prob-
ability of fire can be as high as 0.82. The impact of rainfall plays a complex role in estimat-
ing fire risk. Therefore, accurately analyzing the impact of rainfall is considered a critical
element in fire risk management. In addition to topographic and meteorological variables,
Elevation significantly influences fire probability. Low altitudes and combinations of tem-
peratures and wind speeds increase the fire risk. According to the analysis, fire risk is
higher in low-altitude areas than in high-altitude areas, confirming that topographic factors
play a critical role in determining fire risk (Table 5).

The sensitivity analysis, where the fire situation is considered “No”, examines the prob-
abilities of fire not occurring in scenarios where various environmental and topographic
variables are considered together. The analysis shows how different combinations of vari-
ables affect fire risk, focusing on factors that reduce the probability of fire occurrence
(Table 6).

The combination of flat areas (Aspect=Flat) and moderate slope (Slope=Medium)
stands out as one of the situations with the highest probability of fire not occurring. In this
case, the probability of fire is assessed in a range of up to 0.17-0.43, indicating that the ter-
rain significantly reduces the fire risk. While the fire risk increases on sloping terrain, this
risk is balanced by keeping the slope at moderate levels. Besides, it is important to note

Table 6 Sensitivity analysis results for the No fire occurrence scenario

Sensitivity for fire =no/current value: 0. 0.18/reachable range: [0.17-0.43]

No Case Target value range  Current
parameter
value

1 Aspect=Flat/Slope =Medium 0.18-0.43 0.0024

2 Aspect=Flat/Slope =Low 0.17-0.38 0.03

3 Average Temperature = Low/Elevation =Low/Wind Speed =Low 0.18-0.32 0.0077

4 Average Temperature = Low/Elevation = Low/Wind 0.18-0.30 0.01

Speed =Medium
5 Aspect =Flat/Slope =High 0.18-0.30 0.0015
6 Average Precipitation = Medium/Elevation =Low/ Wind 0.17-0.28 0.09
Speed =Low
Average Precipitation =Low/Elevation =Low/Wind Speed =Low 0.28-0.17 0.90
8 Average Temperature = High/Elevation = Medium/Wind 0.18-0.29 0.0037
Speed =High
9 Average Temperature = High/Elevation = Medium/ Wind 0.18-0.28 0.0013
Speed =Medium
10 Average Temperature =Low/Elevation =Low/Wind Speed=High  0.18-0.28 0.01
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that Aspect="Flat (flat terrain) is observed in both fire probability Yes and fire probability
No cases. In the case of no fire (No), flat terrain (Aspect=Flat) generally reduces the fire
risk. This may mean that the terrain structure makes it more difficult for fires to spread.
In particular, the absence of natural obstacles (e.g., slopes that change the direction of the
wind) necessary for fire spread in flat terrain may increase the probability of a fire not
starting.

In the case of a No fire, low temperatures stand out as an important factor that increases
the probability that the fire will not occur. Low-temperature levels do not provide the con-
ditions necessary for a fire to start; therefore, the fire risk remains low. As it is difficult
for a fire to start at low temperatures, low temperatures can also make it difficult for a
fire to spread. Thus, when the temperature decreases, the probability of fire decreases to
0.17-0.28. The combination of low wind speed and low temperature values also reduces
the probability of fire to the lowest level. According to the model result, if the probability
of fire is No, low altitude values are another important variable that reduces the fire risk.
According to the result, the probability of fire varies between 0.17 and 0.28. Especially
at low altitudes, the probability of fire is minimized by low wind speed, which further
increases the probability of fire (Table 6).

In the case of a No fire, high rainfall is one factor that significantly reduces the risk of
fire. High precipitation increases the moisture content of the soil and vegetation and elimi-
nates the conditions necessary for a fire outbreak. In areas with high rainfall, the probabil-
ity of fire is at low levels. High precipitation amounts, especially in combination with low
wind speed, also prevent fire spread and increase the probability that the fire will not occur.
Likewise, low wind speeds also make the spread of fire difficult, increasing the likelihood
that the fire will not start. Low wind speeds reduce the risk of fire outbreaks by preventing
air movements favoring fire spread. When conditions such as low wind speed, temperature,
or elevation are present, the probability of a fire not starting increases (Table 6).

The No fire occurrence scenario analysis shows that factors reducing fire risk play a
significant role under certain combinations. Specifically, conditions such as low wind
speed, high rainfall, and low temperature are the most important variables that increase the
likelihood of no fire. Combining these factors significantly reduces fire risk and keeps the
probability of fire non-occurrence within a wide range (between 0.17 and 0.43). Overall,
the sensitivity analysis regarding the No fire scenario helps to understand how the fire’s
probability decreases due to various variables’ interaction. These combinations highlight
the conditions under which fire risk is lower, providing valuable insights for developing
fire management strategies. Thus, through this analysis, it becomes clearer which variables
should be focused on to minimize fire probability, enabling the creation of effective preven-
tive strategies for fire risk management.

In general, the findings of the sensitivity analysis show that the interaction of factors
affecting fire risk is quite complex and that the risk may increase with the combination of
more than one variable. These combinations provide important data that must be analyzed
to predict fire risk more accurately.

4.4 Firerisk analysis with BN-GIS integration

The fire risk map created for the study area is a significant output of the BN-GIS integra-
tion. This map visualizes the fire risk status of various environmental and spatial factors
in the region in line with the variables determined for the study area. The spatial effects
of land use, aspect, slope, elevation, population density, wind speed, temperature, and
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precipitation shape fire risk distribution. The map has an increasing risk trend from green
to red (Fig. 6).
According to the results, the following inferences can be drawn:

e The coastal areas of Mugla province are particularly the most prominent in terms of
risk. Coastal districts such as Marmaris, Bodrum, Fethiye, and Datca are among the
fire susceptible areas due to the density of forest areas, the length of hot and dry sum-
mer months, and population density. In these areas, it is evaluated that variables such as
land use (density of forest areas), population density, distance to main roads, and slope
play a determining role in fire probability. Increasing population density in densely for-
ested areas, a dense road situation, and more sunlight on south-facing slopes increase
the fire risk by increasing the temperature and decreasing humidity.

e Inland districts of Mentese, Kdycegiz, Yatagan, Seydikemer, Dalaman, and Milas show
different distributions in terms of fire risk compared to the coastal regions. Accordingly,
Koycegiz, inland areas of Dalaman and Ula districts, especially with their high forest
areas, constitute fire risk areas, while land use variable affects these regions. Likewise,
fire risk is also high around the forest areas around Milas, Yatagan, and Kavaklidere.
On the other hand, very high and bare mountainous areas located in the northeastern
regions of Seydikemer district are the least risky areas. In such regions, the effect of
height, slope, and bare area criteria come to the fore. The fire risk decreases in higher
altitudes and sloping areas because of lower temperatures. In contrast, temperature and
drought increase fire risk in low-altitude areas. Likewise, bare areas devoid of forest
also reduce the fire risk.

e Mentese, Kavaklidere, and Seydikemer districts generally have relatively lower risk
levels, and climatic factors and altitude variables limit fire risk in these regions. Since
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Fig. 6 Fire susceptibility map of the studied region
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these districts are typically located at higher altitudes and have higher humidity, the
fire risk is lower than that of coastal and forested areas. On the other hand, fire risk
increases in some areas due to land use and population density variables in areas close
to forest areas. This is evident in the map, with some sections’ medium risk levels in
light green and yellow tones.

e As aresult, the fire risk distribution in Mugla province has been shaped by geographi-
cal characteristics, land use, population density, road conditions, climatic factors, and
elevation. In summary, it is seen on the map that areas with dense forests and low
altitudes are riskier in terms of fire, while the risk level is lower in high altitudes and
humid regions. It has been determined that the risk of fire is higher in coastal areas due
to the high population density, density of forest areas, high temperature, and drought
effect. On the other hand, the regions formed by bare, high, and sloping mountainous
regions have been determined as less risky areas.

5 Discussion

This study was compared with previous research regarding variable selection and analysis
methods. The results indicate that variables such as aspect, slope, population density, ele-
vation, and land use are key determinants of fire risk. According to the analysis, fire risk is
particularly high in flat and moderately sloped areas and regions near forests and residential
areas. Similarities and differences emerge when comparing the findings with previous stud-
ies on forest fire risk. For instance, Sevinc et al. (2020) emphasized temperature, precipita-
tion, and land use as primary factors. In contrast, this study focuses on spatial and topo-
graphic variables such as aspect, slope, population density, elevation, land use, proximity
to power lines, and distance to settlements. This distinction highlights how fire risk factors
vary depending on geographical characteristics and data accessibility. Despite these differ-
ences, there are notable overlaps between the two studies. Sevinc et al. (2020) found that
temperature increase, and anthropogenic factors significantly contribute to fire risk, while
this study identifies flat lands, low slopes, and forested areas as critical fire-prone zones.
Additionally, both studies acknowledge land use, population density, and distance to set-
tlements as key determinants of fire risk. Sevinc et al. (2020) concluded that forested areas
have a significantly higher fire risk, while areas with low population density experience a
lower probability of fire. Their study also highlighted the impact of climatic variables on
fire probability. Similarly, this study underscores the influence of land use, topographic,
and climatic variables on fire probability. However, differences in variable selection and
the study period have led to variations in the priority rankings of fire risk factors.

Another study by Dlamini (2010) utilized BN for forest fire risk analysis. This finding
is consistent with the results of previous studies, key variables such as land use, eleva-
tion, average annual precipitation and temperature, aspect, and distance to settlements were
emphasized. The findings indicated that areas covered by sugarcane, forests, and meadows
have a high fire risk, whereas water bodies and bare surfaces exhibit a lower risk. The
present study aligns with Dlamini’s (2010) findings, as the variables influencing forest fire
probability are relatively similar. Both studies highlight that fire risk is significantly higher
in forested areas, reinforcing that dense vegetation and flammable materials play a crucial
role in fire susceptibility.

Various studies have integrated forest fire risk with GIS and MCDM methods in the lit-
erature. For instance, Akbulak et al. (2018) developed a risk map for Canakkale province.
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The study used slope, elevation, aspect, distance to roads and settlement areas, and vegeta-
tion cover. Similar to the findings of this study, it was emphasized that fire risk increases in
sloping areas, densely populated regions, and areas close to settlements. In another study,
Coban and Erdin (2020) similarly observed that population density and proximity to set-
tlements significantly affect fire probability. The study particularly highlighted the role of
human activities in escalating fire risk. Abedi Gheshlaghi (2019) also emphasized popu-
lation density, land use, and proximity to settlement centers. His study underscored the
strong correlation between fire risk and human-related variables. Akay and Sahin (2019)
analyzed factors like slope, aspect, elevation, land use, and vegetation cover, demonstrat-
ing that topographic factors and vegetation density are crucial for understanding fire risk.
These findings align with the results of the analyses in this study, supporting the conclu-
sion that both human and environmental factors contribute significantly to fire risk.

This study, which focuses on forest fire susceptibility analysis, creates a fire risk map for
Mugla province using the integration of Bayesian Networks (BN) and GIS. Noroozi et al.
(2024) conducted a fire susceptibility analysis in Firouzabad, Iran, comparing the Random
Forest (RF) and BN models. There are both similarities and differences between the two
studies. While this study concentrates on the BN model, providing a more detailed analysis
of spatial relationships and highlighting its ability to manage uncertainties, Noroozi et al.
(2024) emphasized the high accuracy of the RF model. In this study, spatial analyses were
used to evaluate factors such as slope, aspect, elevation, population density, and land use,
whereas Noroozi et al. (2024) conducted a statistical analysis of different environmental
variables’ effects on fire risk using the RF model. Both studies provided practical methods
for identifying fire risk areas. Although both the BN and RF models were successful in
fire risk analysis, the BN model stands out as a powerful tool, particularly in identifying
causal relationships between variables and managing uncertainty. Thus, the integration of
BN with GIS and its spatial analysis capabilities in fire risk assessment set this study apart
from similar studies in the literature, offering unique advantages in understanding the com-
plex interactions influencing fire risk.

Building on the abovementioned discussion, the present study concludes that the find-
ings obtained using the BN method in Mugla align with similar modeling approaches
found in studies conducted in regions with varying geographical and climatic characteris-
tics. However, results may differ depending on the unique characteristics of each area and
the specific risk factors that hold significance. The study highlights the potential of the BN
model to analyze the relationships between different variables in depth and to contribute to
decision support systems through the integrated use of spatial data.

6 Conclusion

This study integrates GIS and BN to analyze fire-related parameters in the Mugla region,
utilizing past fire location data. The BN model provides a valuable tool for understanding
complex processes such as forest fires by analyzing various physical and human geographic
variables. This approach enables statistical modeling of these variables’ effects on fire risk,
offering a clearer picture of their interrelationships. BN stands out particularly in man-
aging uncertainty and providing decision-makers with insights into which variables most
significantly influence fire risk. As such, the methodology used in this study proves to be a
powerful tool for assessing fire risk probabilities.
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GIS plays a critical role by overlaying each variable’s data to determine the final fire
risk. Integrating BN and GIS has further enhanced the analysis by allowing for a more
coordinated examination of these critical data layers. This study identified eleven physi-
cal and human geographic variables and incorporated into the BN model using the GeNle
program. The probability values for these variables were calculated using ArcGIS’s super-
imposition method. Data from the last five years of fires in the region were used to model
the "Fire" event node, enabling the identification of factors influencing fire risk. Seven dis-
tinct scenarios were developed for analysis, including variations in land use (urban vs. for-
ested areas), slope (flat vs. southern), and population density (high vs. low). Additionally,
scenarios combining multiple variables—such as high population density, southern slopes,
and forest areas—were explored. The fire risk map created in this study provides a detailed
spatial distribution of fire-sensitive areas across Mugla province. The results indicated
higher fire risk in coastal areas (such as Marmaris, Fethiye, Dat¢a, and Bodrum), while
inland areas with higher altitudes, steep slopes, and barren lands had lower fire risk. Key
determinants of fire risk included slope, aspect, land use, population density, and climate
variables. Notably, fire probability was higher in areas with southern slopes, low altitudes,
and dense forest cover.

The study highlights land use, topographic features, climate conditions, and human
activities as primary factors influencing fire risk in Mugla. Forested areas, in particular, are
at high risk due to dense vegetation and dry weather conditions. Variables such as slope,
wind speed, and direction determine the rate and direction of fire spread, with southern
slopes and forested areas near settlements being especially susceptible. The study further
emphasized that fire risk increases on flat terrains and low slopes, while population density,
temperature, and land use were also significant contributors.

This research offers valuable insights for decision-makers and policymakers. By analyz-
ing BN node values, it is possible to identify the most likely fire-contributing conditions,
thereby enabling the implementation of preventative measures and reducing fire risk. The
spatial fire risk map and variable analyses prepared within the scope of the study provide
important data for decision-makers to develop forward-looking and effective risk mitiga-
tion strategies. Identifying high-risk areas, especially in coastal districts (such as Bodrum,
Marmaris, Fethiye, and Datca), makes it possible to prioritize the allocation of watchtow-
ers, rapid response teams, and additional extinguishing resources to these areas. The strong
influence of slope, aspect, and land use on fire risk makes it necessary to increase protec-
tive forestry efforts and create fire lanes on southern slopes. Where forest and agricultural
land are intertwined, awareness raising and inspections should be intensified to prevent
stubble burning. In addition, the risk map can be used as a guide in zoning planning, and
regulations such as restricting construction in high-risk areas or requiring safe construction
standards can be made. Finally, organizing training and drills by local administrations and
disaster response units focusing on high-risk districts will strengthen the measures that can
be taken.

While the study offers considerable benefits, it does have some limitations. Its focus
on a limited geographic area may restrict large-scale applications, and the temperature
and precipitation data were estimated through methods like IDW and Kriging in ArcGIS.
These approximations may not fully reflect localized variations. Additionally, the study
used a small number of classes for certain variables, limiting the complexity of the BN
model and optimizing computational efficiency. However, multiple scenarios were con-
sidered to enhance the reliability of the model’s outputs, and the results were compared
to similar studies in literature. Another limitation is that the node values were considered
static, which may reduce the long-term predictive effectiveness, particularly in relation to
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human-induced factors such as proximity to power lines, roads, and settlements. Future
studies could address this limitation by using dynamic BN models that account for tempo-
ral changes.

Furthermore, additional parameters that affect fire risk in real life, such as time since
the last fire, seasonality of fires, land ownership status, and human activities such as agri-
culture and tourism, can be integrated to improve the model’s accuracy. However, it was
impossible to include these parameters in the model in this study due to various limita-
tions. A significant limitation was the lack of up-to-date, reliable, and continuous spatial
data for variables such as the time since the last fire, the season of fires, and land ownership
status. Obtaining such data often requires long-term field observations, access to archival
resources, or costly data generation processes. In addition, since increasing the number of
variables in the BN structure may lead to CPT overgrowth and a significant increase in
computational burden, the number of variables has been deliberately limited to maintain
model simplicity and computational efficiency. Therefore, these variables are considered
potential inputs that can be evaluated in future studies. Including microclimatic factors and
land management practices would offer a more comprehensive risk assessment. In future
studies, incorporating machine learning and artificial neural networks could enhance the
GIS-BN integration, creating a more robust and sensitive model.
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