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ABSTRACT

Forest fires have become a significant environmental concern in the Hyrcanian Forest, causing extensive loss of
vegetation and posing a threat to biodiversity. Accurate prediction of high-risk fire locations is crucial for effective
forest management. In this study, we developed and evaluated a clustering-based model using a multilayer
perceptron artificial neural network with an error backpropagation training procedure to model fire risk potential
in Saravan Forest, Guilan Province, North Iran. To optimize generalization, the model utilized two unsupervised
clustering-specific procedures, namely Fuzzy C-Means and k-Medoids. The primary focus of our study was on the
model's ability to predict potential fire risk locations, which is essential for forest fire prevention and control. The
input criteria included recorded fire incidents, distances to farmland, roads, rivers, air pressure, solar radiation,
slope, aspect, wind speed, and percentage of canopy cover density. The results showed that the procedure of the
two algorithms used in this study in allocating potential fire hazard points is highly similar, differing mainly in the
methodology employed for data center allocation. According to the results, the RMSE, R?, and MSE for the model
used in this study are respectively equal to 0.2861, 99.38, and 0.01919, which indicates the reliability of the model.
Moreover, according to the Confusion matrix analysis table's results, FCM was slightly better than K-medoids in
terms of its predictive accuracy. This model demonstrated high accuracy in predicting fire hazards, showing
promising potential for forest fire prediction using clustering-based models. Additionally, our model exhibited
superior performance compared to other clustering techniques for identifying potential fire hazard sites. Our
developed clustering-based model provides valuable insights for forest managers to identify locations at fire risk,
enabling more efficient resource allocation and preventative measures. This approach can significantly improve
forest fire management and reduce ecological damage caused by wildfires.
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INTRODUCTION

Artificial intelligence has been applied in wildfire science and management since the 1990s, with early applications
including neural networks and expert systems. Since then, the field has rapidly progressed congruently with the
wide adoption of machine learning (ML) methods in the environmental sciences (Jain et al. 2020). Forest fires are
a major environmental concern, with devastating effects on the forest ecosystem. Climate change is one of the
main drivers of forest fires in the 21% century, with rising temperatures, declining rainfall, and prolonged drought
seasons exacerbating their incidence (Argafiaraz et al. 2015; Littell et al. 2016). In addition to natural factors such
as topography, biology, and climate, human activities like forest roads, settlements, agriculture, and recreation also
contribute to the occurrence of forest fires (Eskandari 2015). Iran's forest areas, for instance, experience an annual
destruction of over 5,000 ha due to forest fires (Adab Kanniah et al. 2013). The Saravan forests, as a part of the
Hyrcanian forests inscribed as a UNESCO World Heritage Site located in Rasht, Guilan Province, North Iran
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represent a significant challenge in this regard. Despite recurring annual forest fires in the area and other parts of
Iran, statistical reports indicate that insufficient control measures have been taken (Eskandari & Chuvieco 2015).
Irrespective of the number of fires, the Global Forest Watch website registered the loss of 31 ha of forest in Rasht
between 2001 and 2017, most of which were related to forest fires (Zarekar et al. 2013; Global Forest Watch
2018). The protection of Saravan forests is thus crucial, as it represents a global challenge. To mitigate the risks
associated with forest fires, the development of effective fire management guidelines is fundamental. Machine
learning-based simulations can aid in understanding the behavior and impact of forest fires. This study aims to
investigate the ability of clustering algorithms, including FCM and K-medoids, to predict forest fire occurrence.
Few studies have explored the application of these two algorithms in modeling forest fires, hence the focus of this
study (Khatami et al. 2015; Jafarzadeh et al. 2017; Khatami et al. 2017; Giwa & Benkrid 2018). Based on previous
studies, the factors considered in the model include three primary criteria, including environmental, climatic, and
human factors, with ten sub-criteria. The model's parameters are selected according to established literature
(Eskandari et al. 2013; Eskandari & Chuvieco 2015; Zhong et al. 2017; Tien Bui et al. 2018). The study
hypothesizes that there is no significant difference between FCM and K-medoids algorithms' performance in
predicting forest fires. The results of this study will pave the way for further research on clustering algorithms'
application to improve forest fire prediction studies and better preparation for potential fires based on empirical
evidence. In conclusion, effective strategies and advanced technologies are necessary to mitigate the threats posed
by forest fires. Forest fires' devastating impact on ecosystems necessitates the development of robust fire
management guidelines and machine learning-based simulations to comprehend their complex dynamics and
design better approaches to manage them. By investigating the effectiveness of clustering algorithms in forest fire
modeling, we can improve our preparedness and reduce the damage caused by forest fires.

MATERIALS AND METHODS

Sampling and analysis of samples

Saravan forest is located at 37°5'35"” north latitude and 49°24'29" east longitude. It encompasses the outskirts of
Rasht City and the Rudbar forestry area in Iran (Fig. 1). This area falls within the humid to very humid climatic
zone. The characteristic soil profile of this region exhibits significant depth, well-developed horizons, a high
organic matter content, and a neutral to acidic pH, spans over 8937 ha with an altitude ranging from 50 m to 600
m above sea level (Farahi et al. 2012). This forest is a crucial natural resource for the region, but it is under constant
threat from forest fires. To better understanding the factors contributing to forest fires in this area, we developed
a model using various data sources. Historic records of forest fire data were obtained from the Department of
Natural Resources and Watershed Guilan, while meteorological data such as air pressure and wind direction were
collected from the Guilan Meteorological Organization. These data sets covered the years 2007 to 2017.
Additionally, using GPS from Guilan Environmental Protection Agency, we identified roads, rivers, and
agricultural areas in the region. Despite the importance of this area, there was no suitable information layer
available in the Environmental Protection and Natural Resources Organization of Guilan Province. As a result, all
required layers were produced. Using ArcGIS and ENVI software, we created these layers and prepared the criteria
that would affect the likelihood of forest fires. These criteria were then categorized into three parts: human factors
(such as agriculture, roads, and villages), environmental factors (including slope, slope direction, and rivers), and
climate factors (air pressure, radiation, and wind speed). To incorporate these criteria into our model, we converted
the resulting maps of the study area into a matrix that could be inputted into MATLAB software. Despite the
challenges faced during data collection and processing, we believe that our model will provide valuable insights
into the factors that contribute to forest fires in the Saravan forest and aid in developing strategies for its
conservation and protection. In the first stage of data mining, the correlation coefficient between the assumed
features was extracted. The Pearson correlation coefficient was used in this study, which measures the relationship
between two quantitative variables. The coefficient value ranges from 1 to -1, with higher values indicating a
stronger correlation between the variables being considered. A value close to 1 or -1 is indicative of a high
correlation in the positive or negative direction, respectively. Meanwhile, a value close to 0 implies that there is
no significant correlation between the variables. The Pearson correlation coefficient has been widely utilized in
different fields, including finance, economics, and social sciences (Hunt 1986). By quantifying the extent of the
relationship between different variables, it becomes possible to identify the most relevant features for inclusion in
the model and exclude redundant information. Thus, this coefficient serves as a crucial tool for effective data
preprocessing in machine learning applications.
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Fig. 1. Map of sampled stations.

In summary, through the use of the Pearson correlation coefficient, we can gain valuable insights into the strength
and nature of the relationship between different variables and improve the overall accuracy of the model, as
follows:

P (X, y) =r(xy) (cov (x,y))/ (ox oY) @

where: cov is the covariance, ox is the standard deviation X and oy is the standard deviation of Y. Then, two
clustering methods - Fuzzy C-mean and K-medoids - were employed to model fire risk prediction in the Saravan
region, using the inputs identified in earlier stages. Before this, however, it was necessary to normalize the input
data due to the heterogeneous nature of the variables considered. In cases where there is a large discrepancy
between the maximum and minimum values of the data, distance criteria can become inefficient in clustering
algorithms, and the size of the data can have a significant impact on overall accuracy. Given that our input criteria
consisted of variables with different definitions and widely varying intervals, pre-processing was deemed essential.
To achieve this, we utilized the base 10 logarithms to make the data more homogeneous across a specific range.
The polyfit command was then applied to standardize all the data within the range of 0 and 1, which was completed
through the use of the polyval command or linear mapping, a function that preserves the actions of addition and
scalar multiplication. All of these operations were carried out within the MATLAB (version R2019a) software
environment, providing a reliable platform for pre-processing the data before clustering. This step was crucial in
ensuring the accuracy and effectiveness of the subsequent clustering methods employed. By utilizing both Fuzzy
C-mean and K-medoid clustering techniques, we were able to model fire risk prediction in the Saravan region with
an improved level of accuracy, benefiting from the standardized input data processed using the methods outlined
above. In the following stage of this study, clustering learning methods were employed to effectively model fire
risk potential. This method represents one branch of multivariate statistical analysis and unsupervised learning in
artificial neural networks. One of the primary benefits of utilizing these methods is that it allows for learning
without pre-existing labels and minimal human supervision. The process of clustering divides society into several
sub-communities, known as clusters, where samples are classified based on their similarity to others within the
same cluster, while also being dissimilar to those outside the cluster (Kaufman et al. 2005; Karimov et al. 2015;
Littell et al. 2016). These clusters are classified based on the relationships between them, a crucial aspect of
clustering analysis (Jiawei et al. 2001). The multilayer perceptron (MLP) model of artificial neural network was
utilized in conjunction with an error backpropagation training procedure to model fire risk potential effectively. In
spatial analysis, MLPs, self-organizing maps (SOMs), and radial basis functions (RBFs) have been primarily relied
upon due to their practical capabilities. Among these options, MLPs remain a popular choice. Our ANN model
consisted of three layers, with 10 input nodes, five nodes in the middle layer, and one node in the output layer. To
train the ANN model effectively, we utilized both unsupervised clustering methods, such as the fuzzy c-means



(FCM) algorithm, and supervised algorithms, like the k-medoids algorithm. This approach enabled us to leverage
the strengths of both methodologies to produce more accurate and reliable models for predicting fire risk potential
in Saravan region.

K-Medoids algorithm

The study utilizes an improved k-medoids algorithm as the first clustering technique. This algorithm is similar to
the k-means algorithm, but instead of using the mean, it uses the actual sample itself as a representation of the
cluster. The main objective of the algorithm is to minimize the sum of differences between the points in a cluster
and the center point of the cluster. Each medoid represents the most central data point of a cluster. Noteworthy,
this algorithm is generally less sensitive to data outside the cluster when compared to other clustering algorithms
(Krishnapuram et al. 1999). To implement the k-medoids algorithm, we first randomly select the initial
representatives for the k clusters. We then identify the nearest representative for each sample and create a similarity
matrix (n-k). Samples are then grouped into one of the k clusters. To assess the quality of the clusters obtained,
we replace a sample with one of the representative samples and calculate the cost of this replacement. If the cost
is negative, meaning the new assignment is a better fit, the transfer takes place. This step is repeated until the
center point of the clusters remains constant in two consecutive iterations (Kaufman & Rousseeuw 2005). The
PAM (Partitioning Around Medoids) algorithm is a widely used and effective clustering method in K-medoids
analysis. However, its high iteration requirement makes it unsuitable for large datasets (Kaufman & Rousseeuw
2005). To address this issue, K-medoid clustering also includes CLARA and CLARANS algorithms. CLARA is
designed specifically for larger datasets. It randomly selects samples from the dataset and applies the PAM
algorithm to them, generating the best clustering output. The rest of the database components are then assigned to
their nearest cluster based on the generated output (Wei et al. 2000). In contrast, CLARANS is based on off-center
data. In this study, we employed the PAM algorithm as it is one of the most commonly used and powerful
techniques in K-medoids clustering. When calculating data spacing, the Euclidean distance criterion was applied,
which is a standard approach in K-medoids clustering (Dunn 1973; Krishnapuram et al. 1999; Nayak et al. 2015).
Specifically, we calculated and stored the distances between each datum and its corresponding center in a
designated variable, consistent with established practice in clustering research.

FCM algorithm

The current study employs the Fuzzy c-means algorithm as a second approach. This algorithm employs a
membership function to assign the degree of membership to each data point for each cluster. The algorithm then
iteratively updates the membership values and cluster centroids until convergence, resulting in the final clusters.
The FCM algorithm is particularly suitable for cases where the boundaries between clusters are not well-defined,
as it allows for overlapping clusters and soft assignments of data points to multiple clusters (Bezdek 1981). The
Fuzzy c-means algorithm follows these steps:

Random initialization of cluster membership values pij.

Calculation of the cluster centers.

Updating the membership values based on the following equation:

Calculation of the objective function Jm.

Repeating steps 2-4 until the value of Jm stops improving beyond a specified threshold or after reaching a
predetermined number of iterations.

For this particular study, five clusters and corresponding centers were selected, and a threshold level of 1 km + 0.5
was employed. To compare the performance of both algorithms used in the research, a confusion matrix was used
(Fawcett 2006).

Model validation

To assess the accuracy of our model, we employed two widely-used statistical measures: the root means square
error (RMSE), and the value of the coefficient of determination (R?; Shahin et al. 2008). R? value indicates how
much variation in the dependent variable can be accounted for by changes in the independent variable(s), while
RMSE quantifies the average error between predicted and observed values. In other words, R? determines what
percentage of changes in the dependent variable are affected by the corresponding independent variable, and
RMSE compares the prediction errors of a data set. The higher the RMSE and R? values, the better the data fit
together. The formulas RMSE and R? are as follows (Lewis-Beck & Skalaban 1990; Chai & Draxler 2014).



R?= YL ,(0; — 0)(P, —P)?/(P,— P)* (P, — P)? (2)
JEL,(0;—P)/n 3)

where Oi is the observational data, Pi is the simulated data, P is the simulated data by the model, and n is the
number of data.

The Mean Squared Error (MSE) is a commonly used metric for measuring the accuracy of a regression model. It
is calculated as the average squared difference between the predicted and actual values in the test dataset. The
formula for calculating MSE is as follows (Mood et al. 2013):

1 ~
MSE = ~ YL (vi — 91)? 4)

where the averaging operation is performed with }2i = 1 and (yi-y)? calculates the square value of the error of
each data (Mohamed et al. 2008). Eventually, to objectively compare the performance of two algorithms used for
cluster selection in the clustering method, a Confusion Matrix was employed. This evaluation technique,
introduced by Fawcett (2006), provides a tabular representation of the true positive, false positive, true negative,
and false negative rates of the algorithms, allowing for an in-depth analysis of their effectiveness. By assessing
metrics such as accuracy, precision, recall, and F; score derived from the confusion matrix, one can gain insights
into the suitability of each algorithm for generating accurate and meaningful clusters. Thus, this approach
facilitates an unbiased comparison of the algorithms and enables the selection of the optimal one for the specific
task at hand.

RESULTS

Fig. 2 presents a map of various environmental variables that were analyzed in the study area. The map is divided
into ten layers, each representing a different variable. The first layer, labelled "Aspect,” indicates the direction in
which each portion of the landscape is facing. The second, "Slope," shows the angle of the terrain. The third,
"Wind Speed," displays the average wind speed at each location.

The fourth, "Air Pressure," indicates the air pressure at each point on the map. The fifth, sixth, and seventh layers
exhibit the distance to the nearest road, river, and agricultural area, respectively. The eighth, "Solar Radiation,"
displays the amount of solar radiation that each location receives. The ninth, "Canopy Cover Density," indicates
the amount of vegetation cover at each location. Finally, the tenth, "Forest Type,” shows the different types of
forests in the study area. The present study outlines the findings of our investigation on fire estimation models.
Our analysis of the correlation coefficient revealed a relatively high degree of similarity between forest type and
canopy cover density, as well as between air pressure, distance to road, and forest type. This finding is not
surprising given the strong influence of forest texture and air pressure on climate. The correlation coefficient
analysis table enables designers and analysts to streamline their decision-making process by identifying and
eliminating variables that exhibit significant redundancy. In Table 1, the primary diameter is marked with "1",
while highly similar variables are denoted by an absence of a rounded square. Overall, our findings suggest that
data collection was appropriately conducted, as evidenced by the relatively low degree of similarity in correlation
coefficients across various variables.

General procedure for allocating potential fire hazard points in K-Medoids and FCM

The steps taken in both the K-medoids and FCM algorithms are highly similar, differing mainly in the methodology
employed for data center allocation. Specifically, while the K-medoids algorithm utilizes medoid data centers, the
FCM algorithm employs a centroid data center evaluated fuzzily (Wei et al. 2000). In both cases, we have five
clusters and corresponding cluster centuries, with a threshold level of 1 km deemed desirable for each cluster (as
demonstrated in Tables 2-3). Both algorithms evaluate data based on its distance from the center, with the distance
between each data point and its corresponding center calculated accordingly.

By assuming a maximum of 15% of the maximum distance between the accident point and the center of its
corresponding cluster, the high probability space for fire can be determined. Adjusting this distance up or down
will correspondingly decrease or increase the likelihood of fire. Noteworthy, the aforementioned approaches rely
heavily on distance calculations to determine the probability space for fire. As such, fine-tuning the maximum
allowable distance between the accident point and the cluster center through further experimentation may refine
the accuracy of the resulting predictions.
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Fig. 2. Map of A) Aspect, B) Slope, C) wind speed, D) Air pressure, E) Distance to the road, F) Distance, to the river, G)
Distance to agriculture, H) Solar radiation, 1) Canopy cover density, J) forest type in the study.



Table 1. Pearson correlation coefficient analysis table.
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Validation

According to the results, the RMSE, R?, and MSE for the model used in this study are respectively equal to 0.2861,
99.38, and 0.01919, which indicates the reliability of the model.

Table 2. Clustering of studied parameters by K-Medoids.
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Map of clustering with FCM and K-Medoids

In this step, the fire-prone areas maps based on FCM and K-Medoids for forecasting fire-prone areas
wereproduced (Fig. 3). The results of comparing FCM and K-Medoids are shown in Table 4._The blue columns
correspond to the prediction similarity percentage of both algorithms. Orange cells are cases of fire by the FCM algorithm that
were not confirmed by the K-medoids algorithm.



Table 3. Clustering of studied parameters by FCM.
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Fig. 3. Final map for forecasting fire-prone areas with a) FCM, b) K-Medoids.

Table 4. Confusion matrix analysis table for FCM and K-medoids.
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]
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5
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1 2 3 4 5
Predicted Class
DISCUSSION

The Saravan Forest Park in Rasht, Guilan Province, represents a vital old-growth forest region renowned for its
rich biodiversity and unique plant species. Despite its ecological significance, the area has been subject to several



challenges, including being utilized as a landfill site by neighbouring cities (Piruz et al. 2010), clearcutting
activities aimed at making room for power towers (Yaghmaeiyan Mahabadi et al. 2017), and the proliferation of
dense shrubs - all of which have contributed to an alarming frequency of fires each year (Frahi et al. 2012). This
study compared the performance of two clustering algorithms, Fuzzy C-Means and K-medoids, in modelling fire
distribution within Saravan Forest Park. The purpose was to identify high-risk areas for wildfire. The findings
showed that clustering-based methods are essential for improving forest fire prediction models. Specific input
criteria such as recorded fire locations, distance from farmland, road proximity, river proximity, air pressure, solar
radiation, slope, aspect, wind speed, and percentage of canopy cover density are key predictors of fire risk.
Incorporating these variables increases the accuracy of the model, resulting in more effective predictions. This
study highlights the importance of using advanced analytical tools and relevant input criteria to predict and
manage wildfires in ecologically sensitive regions such as Saravan Forest Park. Moreover, this study showed the
issue of forest fires and the importance of using advanced analytical tools and relevant input criteria to predict and
manage wildfires in ecologically-sensitive regions. Our findings align with the results of another authors
(Sathishkumar et al. 2023).

The effective prediction and management of forest fires are critical challenges for forest managers worldwide.
This study highlights the potential of machine learning techniques, particularly clustering-based methods, in
addressing these challenges. Specifically, the successful application of such methods in Hyrcanian Forests
underscores their practical utility. Two algorithms were employed in this research to analyse fire probability
within the forest. The resulting matrix analysis table revealed five distinct classes of fire probability. The first
class, called the hot spot floor, includes areas located within 1 km of the nearest cluster centre. The second,
identified as the first-class high-risk floor, corresponds to areas situated between 1-5 km from the nearest cluster
centre. The third, known as the second-class high-risk floor, encompasses areas located 5-10 km from the cluster
centre. The fourth, referred to as the first-class low-risk floor, covers areas positioned from 10-50 km from the
centre of the cluster. Finally, the fifth, designated as the second-class low-risk floor, consists of areas situated
between 50-255 km from the cluster centre. By identifying these five classes of fire probability, this study offers
valuable insights to forest managers, enabling them to develop effective strategies in order to prevent or mitigate
forest fires. The current study utilized a confusion matrix to evaluate the performances of two algorithms for
predicting forest fires. The results were presented in three tables: (i) a large table containing pixel information for
the study area, (ii) a right-hand table displaying rows of pixel surfaces for the study area using the FCM algorithm,
and (iii) a bottom table showing pixel levels in the study area with priority given to the K-medoids algorithm.
Using linear analysis, blue columns were created to represent the percentage of similarities in fire predictions
made by both algorithms. The analysis revealed that 38.7% of pixels fell under the hotspot category in both
algorithms, while 79.1%, 63.9%, 96.5%, and 100% of pixels were categorized as first-degree high-risk, second-
class high-risk, first-class low-risk, and second-class low-risk, respectively. The orange cells present in the table
indicate fire hazard predictions made by the FCM algorithm that was not confirmed by the K-medoids algorithm.
These discrepancies reflect differences between the two models. In particular, 61.3% of pixels were classified as
hotspots by the FCM algorithm, while 20.9%, 36.1%, and 9.5% were identified as first-class high-risk, second-
class high-risk, and first-class low-risk categories, respectively. A column analysis was also performed with a
priority given to the K-medoids algorithm. This analysis demonstrated that 49.2% of pixels were identified as
hotspots by both algorithms, while 72.1%, 32.1%, 96.5%, and 100% of pixels were categorized as first-class high-
risk, second-class high-risk, first-class low-risk, and second-class low-risk, respectively (as indicated in blue).
Orange cells in this table represent fire hazard predictions made only by the K-medoids algorithm that where not
confirmed by the FCM algorithm. Specifically, 50.8% of pixels were categorized as hotspots, while 27.9%, 67.9%,
and 3.5% fell under the high-risk, second-class high-risk, and low-risk categories, respectively. In this study, we
compared the performance of two algorithms in predicting fire risk locations. Observations revealed an elevation
in commonality in higher classes of analysis for both row and column analyses of the study area, suggesting a
decrease in algorithm sensitivity as one move away from the clusters' centres. Overall, the fuzzy algorithm
demonstrated marginally superior performance over the K-medoids algorithm, with an overall subscription rate
of 372.2% compared to 349% for the K-medoids algorithm. These findings are consistent with previous studies
demonstrating the effectiveness of clustering algorithms in wildfire risk modelling. For instance, Bharany et al.
(2022) reported that clustering algorithms exhibited good performance in predicting wildfire risk. Moreover,
studies applying the FCM algorithm to cluster data in neural network training have shown its effectiveness in



improving the input-output relationship, thus increasing the likelihood of predictive accuracies. For example, Xu
& Wunsch (2005) and Esakar & Chaudhari (2013) reported that the FCM algorithm was effective in improving
the accuracy of predictive models. Rakshit et al. (2021) in their study, used the machine learning method to predict
the risk of forest fires. They focused on using meteorological data while their paper considered a broader range
of factors such as distances to farmland, roads, and rivers, air pressure, solar radiation, slope, aspect, wind speed,
and percentage of canopy cover density. Additionally, the other paper aimed to predict the depth of risk for specific
areas, while their paper focuses on identifying locations at risk of fire. In one of the most recent articles,
Sathishkumar et al. (2023) similar to our study, used the machine learning method to predict the risk of forest
fires. They used different methodologies to address different forest fire-related challenges. Also, in contrast to
their result, our study demonstrates high accuracy in predicting fire hazards and exhibits superior performance
compared to other clustering techniques for identifying potential fire hazard sites. However, their results are
consistent with our results in showing the potential of machine learning algorithms to improve forest fire
management and reduce the environmental damage caused by forest fires.

CONCLUSIONS

The increasing occurrence of wildfires has become a global concern, and the Saravan Forest Park in Guilan
Provine, North Iran has also experienced multiple fire outbreaks. To address this issue, the study aimed to
understand the causes of wildfires in the area and develop models using clustering algorithms for assessing fire
risks. The findings of the study suggest that it is necessary to have a good understanding of the reasons behind the
occurrence of wildfires to devise effective prevention strategies (Rakshit et al. 2021; Shreya et al. 2022). In
addition, the study's framework can be used as a prototype model that can be customized by changing input
parameters and algorithms. This approach allows fire prediction models to be tailored to specific regions where
wildfire incidence is on the rise. The study evaluated two clustering algorithms, Fuzzy C-means (FCM) and K-
medoids, for their ability to identify high-risk areas. The results indicate that both algorithms can predict high-
risk areas effectively. However, FCM was slightly better than K-medoids in terms of its predictive accuracy.
Noteworthy, the accuracy of clustering algorithms drops, by elevation in the distance from the fire cluster centre.
Overall, the study highlights the potential of clustering algorithms in predicting fire risks and provides useful
insights into managing fire hazards. The findings offer relevant information that could inform land management
policies, such as prescribed fires and resource allocation for firefighting activities. The implications of this study
go beyond the Saravan Forest Park and contribute to the broader field of forest fire management. Future research
aimed at enhancing the accuracy and efficiency of wildfire risk models could build on the study's findings. This
study provides valuable insights into the effectiveness of clustering algorithms in wildfire risk modelling.
However, several limitations should be considered when interpreting the findings. First, our analysis was limited
to the Saravan Forest Park in Guilan Province, North Iran, and our results may not be generalizable to other
regions with different climates, ecosystems or topographical features. Thus, further research is required to
determine the extent to which these algorithms can be applied in other settings. Second, we only evaluated the
performance of two clustering algorithms and did not compare them with other modelling approaches, such as
machine learning or deep learning algorithms. Future research could expand on these findings by comparing
clustering algorithms with other machine learning methods and evaluating their potential to predict wildfire risk
locations. Third, further research is needed to determine the most effective methods for validating predictive
models, such as the quantification of predictive probability accuracy. Future studies could employ ground-truthing
exercises to validate the predictive power of these models. Ground-truthing involves collecting data from the
forest floor, such as leaf litter depth, fuel load, and vegetation density, to verify the accuracy of the predictive
models. This approach has been employed in previous studies and could offer a reliable validation method for
wildfire risk prediction models. Despite these limitations, this study provides an important contribution to the field
of wildfire risk modelling and management. By demonstrating the potential of clustering algorithms such as FCM
and K-medoids, this study offers promising avenues for developing proactive strategies to mitigate the risk of
catastrophic wildfires. Future research could build on these findings by exploring other clustering algorithms or
comparing clustering with other machine learning and deep learning models.
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