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ABSTRACT Forest fires have historically been a concern in fire-prone regions, where climatic and environ-
mental conditions naturally foster fire occurrences. However, in Central Europe, the increasing frequency
of wildfires is driven by a complex interplay of factors, reflecting both environmental changes and human
influences. This study uses machine learning to address key challenges in understanding fire risk in low-risk
regions, specifically: the limited applicability of models developed for high-risk areas and the struggle to
incorporate dynamic spatiotemporal factors. By analyzing eight years of fire data alongside variables such
as weather, geography, and population density, our objective is to develop a machine learning and GIS-based
procedure for identifying and understanding the underlying complexity of fire risk in Czechia. K-Medoids
clustering revealed challenges in forming distinct clusters, suggesting the need for additional or more
refined predictors. Classification models (e.g. Random Forest, Gradient Boosting, k-Nearest Neighbors)
were used to predict periods of increased fire risk. Soil temperature and population density emerged as the
most significant predictors. This study proposed two procedures: one that combines clustering and bivariate
analysis to identify clusters with homogeneous factors, and another as a classification-bivariate visualization
framework for assessing fire risk. The results indicate that classification performance can serve as a proxy
for spatial complexity and highlight regions where multiple factors drive fire occurrence. To enhance
model accuracy and applicability, incorporating high-resolution weather data, population mobility patterns,
vegetation types, and advanced modeling techniques is recommended. Introducing advanced predictors could
help differentiate between fires driven by natural factors and those influenced by human activities.

INDEX TERMS Wildfire, forest fire, fire risk, machine learning, clustering, GIS, spatial analysis, GFS
model.

I. INTRODUCTION
Open fires, encompassing wildland and grass fires, pose sub-
stantial risks to ecosystems, economies, and human health
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worldwide. Predicting their occurrence is a critical step
toward mitigating these risks and implementing effective pre-
vention strategies. In this study from the area of the Czech
Republic, “open fire” is defined as a fire classified by fire-
fighters as either wildland or grass fire. Our research focuses
on integrating Geographic Information Systems (GIS),
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TABLE 1. Forest fire drivers and prediction literature overview.

Authors Year Area

Main Conclusion

Huot et al. [1] 2022 Continental US

Data with resolution of 1 km are too coarse to capture fine-scale details, such as local wind

variations and the impact of human activity.

Mambile et al [3] 2024 Global Remote sensing data show promise, but lack of human activity data and over-reliance on
simulations instead of real-world results limit the progress.
Mubhs et al. [4] 2020 Unspecified Quantifying wildfire risk and the effectiveness of mitigation techniques is a foremost challenge,
requiring the development of unified, probabilistic models based on historical data.
Chuevico et al. [5] 2012 Peninsular Fire risk assessment system for modelling drivers (including human factors and fuel
Spain conditions) and fire vulnerability using high-resolution spatial data should use GIS capabilities.
Ganteaume et al. 2013 Mediterranean Human and environmental factors influence fire ignition, with regional variations requiring
[6] specific management approaches.
Conedera et al. [8] 2006 Alpine Region Lightning strikes are a significant fire ignition source in specific areas, with distinct
characteristics and potential increase due to climate change.
Oliveira et al. [10] 2012 Mediterranean Random Forest models outperform Multiple Regression for fire occurrence prediction,
highlighting precipitation and soil moisture as key factors.
Bilucan et al. [11] 2024 Antalya, Turkey Elevation seems to be the most critical factor influencing wildfire occurrence, with other

topographic and climatic factors like aspect, temperature, precipitation, and wind speed also

playing significant roles.

meteorological data, and Machine Learning (ML) algorithms
to set up and test pipelines that lead to the prediction and
classification of open fires [1], [2].

A. CURRENT UNDERSTANDING OF FIRE DYNAMICS
Despite advances in these areas, significant challenges
remain in adapting methodologies to account for different
environmental and anthropogenic conditions, particularly in
areas less prone to frequent fire situations [3], [4]. To effec-
tively predict these fires, a thorough understanding of their
underlying dynamics is essential. The ignition and spread of
fires result from a complex interplay of environmental and
anthropogenic factors. Key drivers include meteorological
conditions, vegetation and fuel characteristics, topography,
and human activities. These factors influence both the like-
lihood of ignition and govern fire intensity and spread
potential. Understanding these drivers is crucial for develop-
ing accurate predictive models and effective fire management
strategies [5], [6], [7].

The relative importance of human and environmental
drivers varies by region. Ganteaume et al. [6] emphasized
that in the Mediterranean, human-caused fires dominate,
often linked to arson or proximity to infrastructure. Envi-
ronmental factors, such as weather, fuel, and terrain, also
significantly influence fire events. Though human activity
is a critical factor, natural causes like lightning cannot be
overlooked. Conedera et al. [8] examined lightning-induced
fires in the Alpine region, revealing that these fires typically
occur at higher elevations and steeper slopes. Their research
highlighted that climate change, through increased drought
frequency, may amplify lightning-induced fires [8], [9].

Given the regional variations in fire drivers, select-
ing appropriate predictive models is crucial. For instance,
Oliveira et al. [10] found that Random Forest models outper-
formed Multiple Regression in predicting fire occurrences in
the Mediterranean, with precipitation and soil moisture as key
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variables. In regions like Antalya, Turkey, where wildfires
are frequent, Bilucan et al. [11] leveraged ensemble machine
learning techniques to analyze 13 key fire drivers, identifying
elevation as the most critical factor. The complex interaction
of these drivers underscores the need for dynamic models
capable of adapting to changing conditions. For example, the
Mediterranean region’s susceptibility to human-caused fires
contrasts with areas such as the Alps, where lightning plays
a significant role [6], [8].

Furthermore, the diverse methodologies applied in these
studies demonstrate the evolving nature of fire predic-
tion techniques. While Oliveira et al. [10] showed the
strength of Random Forest models, Bilucan et al. [11]
highlighted the effectiveness of ensemble methods visu-
alized by fire susceptibility maps. Clustering techniques,
such as k-modes and k-means clustering, have also been
employed to analyze spatiotemporal fire data, providing
insights into fire patterns while facing challenges in determin-
ing optimal cluster numbers and maintaining interpretability
(91, [12].

The main literature findings are summarized for better
readability in Table 1.

B. ADVANCES AND CHALLENGES IN MACHINE
LEARNING FOR FIRE PREDICTION

The application of machine learning in fire prediction has
yielded promising results. Models like Random Forest (RF),
Support Vector Machines (SVM), and ensemble methods
have demonstrated success in integrating meteorological,
topographical, and remote sensing data to create fire suscep-
tibility maps [2], [13].

For example, techniques such as Genetic Algorithms (GA)
have been employed to optimize feature selection, enhanc-
ing model performance by focusing on the most influential
factors [13]. Hybrid approaches, such as GA-ANFIS (adap-
tive neuro-fuzzy inference system), have further improved
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TABLE 2. Literature overview of selected studies on machine learning (ML) techniques and fire modelling.

Authors Year Area Method

Main Conclusion

Kalantar et 2020 Chaloos Rood

MARS, BRT, SVM

ML models like MARS, BRT and SVM are promising for forest

al. [2] watershed, Iran fire susceptibility prediction
Rodrigues & 2014 Peninsular Spain ML ML models can identify human-caused fire risk factors
Riva [20]

Tutmez etal. 2017
[9]

Antalya, Turkey

K-modes clustering

K-modes clustering is useful for analyzing categorical data in
forest fire mapping but may not always find the globally optimal
solution.

Hong at al. 2018  Dayu County, China
[13] selection

ML with GA for feature

RF outperforms SVM for forest fire susceptibility mapping. GA
improves model performance by selecting informative features.

Moayediet 2020  Fire-prone region of
al. [14] Iran

Fuzzy-metaheuristic ensembles
(ANFIS with GA, PSO, DE)

Ensemble model with Genetic Algorithm (GA-ANFIS) achieved
the best results for forest fire susceptibility mapping.

Gigovié et 2019  Tara National Park,
al. [15] Serbia

Ensemble Model (SVM-RF)

Ensemble model (SVM-RF) outperforms SVM and RF for forest
fire susceptibility mapping.

Mohajane et~ 2021 Northern Morocco
al. [16]

Hybrid Machine Learning
(Frequency Ratio with MLP,
LR, CART, SVM, RF)

Random Forest-Frequency Ratio (RF-FR) achieved the highest
accuracy for forest fire susceptibility mapping.

ML — Machine Learning, MARS — Multivariate Adaptive Regression Splines, SVM — Support Vector Machine, RF — Random Forest, BRT — Boosted
Regression Trees, GA — Genetic Algorithms, PSO — Particle Swarm Optimization, DE — Differential Evolution, MLP — Multilayer Perceptron, LR — Logistic

Regression, CART — Classification and Regression Tree.

predictive accuracy by combining fuzzy logic systems with
ML algorithms [14]

However, these approaches often emphasize prediction
accuracy without addressing their scalability to diverse
environments or their reliance on extensive high-resolution
datasets. Ensemble models like SVM-RF and hybrid frame-
works such as RF-FR have shown significant promise, yet
their application to regions with minimal natural fire risk
and increasing human-induced ignitions remains underex-
plored [15], [16].

Furthermore, common clustering techniques, such as k-
modes clustering, have been utilized to analyze categorical
fire data. These methods provide information about fire
patterns but face challenges in determining optimal cluster
numbers and maintaining interpretability [9]. Such limita-
tions highlight the need for methodologies that can handle
the heterogeneity of fire drivers in diverse regions.

Recent works have also explored the use of drone-based
Al systems for wildfire monitoring and risk prediction [17],
crowd-sourced wildfire spread prediction using smart-
phones [18], and explainable AI approaches for predicting
wildfire spread using convolutional neural networks [19].

To summarize the literature review concerning the use of
various ML techniques, we conclude the key features of the
research in Table 2.

C. RESEARCH GAPS AND OBJECTIVES

Despite significant advances in GIS and ML techniques for
wildfire prediction, several key challenges remain, particu-
larly in regions with low natural wildfire risks, such as the
Czech Republic. These challenges include:

1) LIMITED APPLICABILITY OF CURRENT MODELS IN
LOW-RISK REGIONS

Many fire prediction models have been developed for fire-
prone regions, such as the Mediterranean or California, where
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fire risks are high due to environmental factors like vege-
tation, topography, and weather. These models often do not
account for regions with lower fire frequencies, where human
activity plays a more significant role in ignition. As a result,
there is a need to adapt existing models to better handle the
unique dynamics of low-risk areas, including human-induced
factors such as land-use changes, proximity to urban areas,
and socio-economic influences [10], [11].

2) UNDERUTILIZATION OF METEOROLOGICAL AND
SOCIO-ECONOMIC DATA

Although meteorological data has been integrated into fire
prediction models, many studies still fail to fully leverage
the potential of socio-economic and human activity data.
In regions like Central Europe, where human influence is a
primary fire driver, socio-economic variables such as popu-
lation density or land-use can significantly impact fire risks.
However, these data are often underrepresented in fire predic-
tion models, leading to a gap in understanding the full range
of factors contributing to fire occurrences [3], [20].

3) CHALLENGES IN PREDICTION
Many existing fire prediction models rely on observations
datasets. The dynamic nature of fire risks, influenced by
changing human behavior, urban development, and climate
conditions, requires models that can continuously adapt to
new information and evolving environmental conditions [2],
[13]. Current methods also struggle with incorporating tem-
poral dynamics, such as the seasonality of fire risks and
time-of-day factors, which are crucial for understanding
human-driven fire events in urban and semi-urban areas.
This study seeks to address these gaps by developing
a novel GIS-based and ML-based framework tailored to
regions where natural wildfire risks are low, but human activ-
ity plays a dominant role. Our specific objectives include:
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1) Evaluating the capacity of ML models to predict and
characterize fire occurrences driven by diverse environ-
mental and human factors.

2) Investigating the formation of geospatial clusters that
reflect distinct fire-causing conditions, enabling targeted
fire management strategies.

Our hypothesis is that by analysing spatial and meteoro-
logical data from fire risk predictions, additional details like
the time of day of fire occurrence can be inferred. This could
help us distinguish between modal fires in dry, hot envi-
ronments and anomalous fires occurring under unfavourable
conditions, likely caused mainly by humans. Furthermore, the
aim is to develop a procedure both ML-based and GIS-based.
The purpose of the procedure is to identify locations with
specific fire tendencies.

Il. DATA AND METHODS

The overall financial cost of fires in the Czech Republic
increased significantly during the period 2001-2020 [21],
[22]. Rising temperatures and altered hydrological cycles
driven by climate change have increased vegetation flamma-
bility [23]. Human factors, such as land-use changes, outdoor
activities, and negligence, also contribute to fire risks, while
natural causes like lightning remain relevant [24].

The diverse topography and predominantly forested land-
scape of Czechia create conditions favorable for fire spread.
Coniferous forests, dominated by spruce and pine, are
widespread, while deciduous forests, such as oak and beech,
are more common at lower altitudes [25], [26]. Changes in
one aspect of the Czech landscape often influence others,
increasing fire risk.

Although the Czech Republic has not yet experienced
widespread wildfires, increasing trends and scientific evi-
dence suggest a growing threat [27]. To address this risk,
accurate fire prediction models and the exploration of new
predictors are essential for effective risk mitigation

A. DATA

This study utilizes fire data for classification, clustering, and
explaining fire location. To achieve these goals, the data is
categorized into three main groups by role: Fire Data (Target),
Predictive Data, and Explanatory Data (Table 3).

All these data sources were merged into a comprehen-
sive dataset on fire occurrences, with meteorological and
geographical conditions assigned to each event. For consis-
tency with the predictive models, all datasets were temporally
restricted to the period between January 16, 2015, and
December 31, 2022.

1) FIRE DATA

Understanding fire occurrence patterns is crucial for pro-
ducing clear and actionable analytical outputs. This study
analyzes data on fires that occurred in the Czech Republic
between January 16, 2015, and December 31, 2022, provided
by the Fire Rescue Service of the Czech Republic. A focus
was placed on the fires in forests, fields, and grasslands,
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TABLE 3. Overview of the data sources and their role in the modelling.

Category Subsets Source Role
Fire Hour, Location Czech Fire Target
occurrence Rescue Service
Fire cause/ What was the Czech Fire Explanatory
Trigger trigger reported by ~ Rescue Service
the firefighter dpt.?
Weather data Soil temperature, Global Forecast Predictive
precipitation, field System (GFS)
capacity, Haines analysis archive
index
Geographical ~ Population density, Land Survey Predictive
data land use type, Office, Czech
digital elevation Statistical
model Office

resulting in a sample of 36,780 fire incidents. The dataset
includes information on the fire’s location, time, and, if deter-
mined, the presumed cause of ignition.

The causes of fires were identified by the Fire Rescue
Service of the Czech Republic according to the Instruction
of the Director General [28], which outlines procedures for
investigating fire causes. This study specifically examines the
time of fire reporting and the reported cause of ignition to
investigate factors influencing fire events. Subsequent sec-
tions analyzed meteorological and geographical conditions
associated with fire ignition.

2) GEOGRAPHICAL DATA
The dataset was enriched with geographic data from official
sources, including elevation, land use, and population density.

o Elevation Data was retrieved from the 5-meter resolu-
tion digital elevation model [29].

« Land Use Data was classified as urban, peri-urban (e.g.,
landfills), or rural (e.g., forests, fields) based on the
Fundamental Base of Geographic Data [29].

« Population Density Data was obtained from the Czech
Statistical Office [30].

3) GLOBAL FORECAST SYSTEM DATA

To identify parameters influencing fire behaviour and pat-
terns, we analysed data from the Global Forecast System
(GFS), a weather prediction model developed by the National
Oceanic and Atmospheric Administration [31]. We leveraged
outputs from the initial model run time, which served as
potential predictor variables. The selection of predictors was
guided by the literature review and initial exploratory analy-
sis, focusing on the following variables:

o Soil Temperature (0-6 cm): Represents the tempera-
ture of the upper soil layer, influencing fire ignition and
spread potential, and demonstrating resistance to short-
term fluctuations [32].

o Field Capacity: Measures the soil’s maximum water
retention capacity. Drier soils are more prone to ignition,
increasing fire risk.
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TABLE 4. Overview of the used algorithms and their purpose.

Method Type Name Purpose
ML Clustering K-Means Clustering
conditions
K-Medoids Clustering
conditions
Classification Random Forest

Gradient Boosting*
Ada Boosting

Logistic Regression Classification of

Decision Trees daytime of
K-Nearest Neighbours oceurrence

Support Vector

Machine
GIS Clustering Multivariate Count — value
comparison
K-medoids Spatial

clustering
conditions

* In the more time-consuming cases, Light Gradient Boosting Machine
was used.

o Haines Index (HI, H-index): A composite metric of
temperature, humidity, and wind speed that assesses fire
danger. Higher values indicate drier conditions, stronger
winds, and a higher potential for fire spread.

o Accumulated Precipitation (6, 12, and 24 hours):
Captures total rainfall within the specified periods pre-
ceding a fire event, affecting ignition likelihood.

Meteorological variables were treated individually in
exploratory analyses and jointly within ML models to account
for complex interactions.

B. METHODS

For clustering and classification, we used a portfolio of meth-
ods (Table 4), categorized by their environment and type.
Methods were applied either in an integrated development
environment (without location data) or within a GIS to iden-
tify spatial clusters.

Clustering was performed independently to explore data
structures, while classification models were used to predict
fire risk based on temporal and environmental factors. The
clustering results were not used to refine classification pre-
dictions but rather to assess spatial patterns. The multivariate
GIS clustering method refers to a spatial analysis technique
that evaluates multiple layers (e.g., model accuracy and fire
events density) to identify spatial hotspots.

To evaluate the algorithms performance, we used highly
interpretable metrics: Accuracy, Precision, Recall, and F1-
Score. Their short explanation is in Table 5.

For the clustering tasks, the Silhouette score (equation 1)
was used:

b —al)
SO = 0O = at) M

where:
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TABLE 5. Accuracy metrics used for the classification models
performance monitoring.

Name Equation
Accuracy (TN+TP)/ TS What proportion of predictions
were correct?
Precision TP /(TP + FP) Out of all positive predictions,
what proportion were correct?
Recall TP / (TP + FN) Out of all actual positive cases,
what proportion were correctly
identified?
Fl-Score  2*(P*R)/(P+R)  How well does the model balance

precision and recall?

TP — True Positives, TN — True Negatives, FP — False Positives, FN —
False Negatives, TS — Total Samples, P — Precision, and R — Recall.

Clusters Analysis:

——>  Clusters ——> “Cclose to median”
or

“far from median”

ML Clustering

E Model
i i i Performance
[ [

ML Classification

Fire data
Weather data
Geographical data

Areas of low and
high predictability
to be analyzed

FIGURE 1. Flowchart of the overall workflow.

o a(i): the average distance of the point to all other points
in the same cluster. This measures the cohesion of dis-
tances within its cluster.

o b(i): The smallest average distance of i to all points in the
other clusters. This represents the separation between i
and the closest neighbouring cluster.

o The overall Silhouette score for the dataset is the mean
of s(i) over all data points.

It is a quantitative measure used to assess the quality
of cluster assignments within a dataset [33]. It provides a
comparative evaluation of the similarity between a data point
and its assigned cluster relative to other clusters. A higher
coefficient indicates that a data point is well-matched to its
cluster and distinctly separated from neighbouring clusters.
Conversely, a lower or negative coefficient suggests poten-
tial misclassification or overlapping clusters. The Silhouette
Score was computed iteratively to determine the optimal
number of clusters, ensuring meaningful spatial groupings.

All statistical calculations were carried out using R soft-
ware [34], Python libraries, and ArcGIS Pro [35], which was
also used for data visualizations and map creation.

To facilitate a comprehensive understanding of the analyt-
ical framework employed in this study, the overall method-
ological workflow is summarized in a schematic flowchart

(Fig. 1).

C. DESCRIPTIVE STATISTICS
We employed a linear regression coefficient to overview the
trend in fire occurrence at each 0.25-degree grid point of the
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Trend of Data Count
over years 2015-2022

:’ Regional Municipality
(O cFsarid point

k- slope of the trend line

— —
5.0 -14 03 20

Elevation

1300
1100
900
700
500
350
200

m s —_— T

FIGURE 2. Trend in the data count over the years (position of the
aggregation points based on the points on the GFS grid) expressed as the
slope coefficient k of the linear regression.

Aggregate Fire Event Density

) o 1 hexagen = 22 km? 0 7% 150 300
Fire Event Count ———

FIGURE 3. Density of aggregate points (fire events) by year using a
hexagonal grid.

GFS meteorological model (Fig. 2). This analysis provides
a visual representation of regions experiencing increasing or
decreasing fire numbers over time.

According to the distribution of fires in the Czech Repub-
lic, knowing the population density, the capital city of Prague
is noticeable. Then the line of cities in the northwest, where
especially in 2015, 2018, 2019 and 2022 the increased num-
ber of fires can be assumed (Fig. 3).

1) TIME OF OCCURANCE

The time of day is one of the key parameters. The distribution
of the frequency of open fires depending on the calendar
month and the time of day is illustrated in Fig. 4. The hour
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Count of Fire Incidents for Month and Hour (January 16, 2015 - December 31, 2022)

<65 W< 155 W< 300 W< ag0 W< 700

Month

FIGURE 4. Summarized diurnal course of fires for different months.

of the day represented a key modelling parameter due to its
twofold benefit. Firstly, it is a quantitative variable readily
integrated into the model. Secondly, it has the potential to
serve as a model output. Predicting the time of day when
fires occur helps differentiate human-induced and natural fire
triggers, enabling targeted prevention strategies.

As evident in Fig. 4, there is a clear connection between the
hour of the day, the temperature, and possibly human activity.
Therefore, during the modelling application phase, our aim
was to predict the time of occurrence. Since it is apparent
that there are some fire-prone hours, we opted for using
the cyclical time of the day and year to preserve its value.
Sine and cosine transformations were chosen over categorical
encoding to capture periodicity, allowing models to recognize
smooth transitions between hours (e.g., midnight to 1 a.m.)
and months (e.g., December to January).

The meteorological data used exhibit a diurnal cycle, sug-
gesting a high correlation with time. Based on the GFS data,
we constructed histograms for the analysed meteorological
variables (Fig. 5). These histograms indicate that the Haines
Index may serve as a relatively strong predictor, providing
a solid foundation for assessing conditions conducive to fire
occurrence.

Fires with a high Haines Index (HI) tend to occur in the
afternoon, aligning with the maximum daily temperatures.
This suggests that ideal burning conditions drive these fires,
while those with lower HI may arise from non-weather-
related factors throughout the day. This knowledge enables us
to track the daily progression of fire activity as a function of
the HI. Leveraging machine learning methods, we explored
downscaling and classifying the Haines Index to use it as
an analytical tool to predict various characteristics related to
fires.

2) CAUSES AND TRIGGERS
We also examined the cause and description attribute listed
in the fire database (Fig. 6). Identifying spatial patterns of
specific fire causes, such as lightning or arson, provides
essential context for ML model development, ensuring the
models can differentiate between natural and human-induced
fires.

Since it is clear that of the data where a description or
cause is given, the majority is man-made, we include some
geographic data in the modelling, such as population density
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FIGURE 5. Comparison of the selected predictors related to all meteorological data and fires in the area of interest: (a) Soil temperature, (b) Field
capacity, (c) Haines Index, and (d) Haines Index Distribution with the hour of the day showing the most pronounced diurnal cycle of the highest values.

Total Fire

Count
36,780

49.1%
18,050

arson

cigarette butt

lightning

match or lighter

setting fires, burning grasses
others

unknown

EODO0O0CEm

FIGURE 6. Causes of the fires within the dataset (absolute numbers and their corresponding

percentage contributions).

in a given municipality. However, it is anticipated that in
Central Europe in general, it is human activity that is an
unpredictable triggering factor for fires. However, this can
be linked to time, temperature, or, for example, rainfall,
which can significantly determine both fire risk and human
activity.
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The following figures depict the spatial distribution of fires
in the country (Fig. 7 — Fig. 13). The visualization of the map
fields was also designed to illustrate the influence of the spa-
tial distribution of fires on geographical characteristics such
as elevation and the location of regional municipalities. Fig. 7
highlights the fires attributed to lightning strikes, a purely
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FIGURE 7. Spatial distribution of fires caused by lightning.

Burning-Caused Fire Event
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SPATIAL DISTRIBUTION OF FIRES
OF NATURAL ORIGIN
LIGHTNING-CAUSED

2015-2022

200
km

SPATIAL DISTRIBUTION OF FIRES
OF ANTHROPOGENIC ORIGIN
CAUSED BY SETTING FIRES OR
BURNING GRASS

2015-2022

200
km

FIGURE 8. Spatial distribution of fires caused by setting fires in nature or in landfills, burning grasses.

natural source. The distribution of these fires appears rela-
tively uniform, with a certain concentration in the southwest-
ern border mountains (Sumava). This low-inhabited region
experiences enhanced convection due to the orientation of the
mountains and hosts a national park with widespread forested
areas.

Human-caused fires, including setting fires in nature or in
landfills and burning grasses (Fig. 8) were further depicted.
The database contains sub-categories such as burning of
branches after forestry work, etc. Fig. 8 shows notable
bigger-scale clustering patterns

As analysed in a previous study by Hubacek et al. [36],
the central region of the Czech Republic exhibits a dis-
tinctive pattern of fires around settlements characterized
by smaller towns with rural suburbs, numerous orchards,
and gardens. Additionally, there has been significant forest

VOLUME 13, 2025

activity in the past due to the drying of forests. This region
has experienced pronounced drought conditions. However,
as illustrated in Fig. 9 and Fig. 10, smoking and associ-
ated cigarettes butts and matches is more an urban issue,
and national parks and natural areas are almost bypassed.
However, it is one of the most common triggers when
identified.

A spatial distribution very similar to that of fires caused
by matches or lighters also corresponds to arson-related inci-
dents (Fig. 11). This is a very interesting finding, which may
be conditioned by a common behavioural trait of the pop-
ulation in these areas, defining clearly identifiable clusters
(e.g. the one in the northwest). Fig. 12 shows the spatial
distribution of the other, otherwise classified, human-caused
fires, and Fig. 13 shows the spatial distribution of fires caused
by unknown causes.
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FIGURE 9. Spatial distribution of fires caused by cigarette butt.
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FIGURE 10. Spatial distribution of fires caused by matches or lighters.

As presented in figures 7-13, human activity signifi-
cantly influences the distribution of fires. Their locations
appear to be essentially coincident with the population
density. With a knowledge of local geography, it is inter-
esting to note that, for example, in figure 9, the density
is higher in the smaller cities of the Northwest. It can
be assumed that there is also a significant effect of pop-
ulation composition, standard of living, or lifestyle. The
significant number of fires with undetermined causes in the
dataset exposed limitations of the data recorded by the fire
units. Thus, it was not possible to further classify these
events.

Ill. RESULTS
A. K-MEANS AND K-MEDOIDS CLUSTERING

Our primary goal was to define characteristics for repre-
sentative (e.g. median-case) fire events and identify those
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occurring at the boundaries, away from the cluster centroids.
To detect outlier fires, we used centroid-based clustering
methods like k-means and k-medoids [37]. These meth-
ods were preferred over hierarchical clustering because
they allowed identification regions where events deviate
from the norm by defining clusters with clear centers.
While density-based clustering could offer insights into high-
density areas, centroid-based methods were more suited to
our objectives.

Initial clustering on all fire events resulted in a low Sil-
houette score (<0.27), indicating that the features did not
adequately capture the complexity of fire occurrences. This
prompted us to focus on meteorological conditions with
continuous variables and filter the input using the categor-
ical Haines Index. The low Silhouette score suggested that
our feature set needed refinement to achieve clearer cluster
separation. (Fig. 14).
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Arson-Caused Fire Event
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FIGURE 11. Spatial distribution of fires caused by arson.

Fire Event Caused by Other Factors

I: Regional Municipality

Elevation

I 1300
1100
900
700
500

350
200

m AMSL

SPATIAL DISTRIBUTION OF FIRES
OF ANTHROPOGENIC ORIGIN
CAUSED BY ARSON

2015-2022

200
km

SPATIAL DISTRIBUTION OF FIRES
OF ANTHROPOGENIC ORIGIN
CAUSED BY OTHER FACTORS

2015-2022

200
km

FIGURE 12. Spatial distribution of fires caused by other human actions.

Despite splitting by Haines index, the Silhouette score
remained difficult to improve beyond 0.5, suggesting that
further adjustments to the feature set or clustering approach
might be necessary. As a result, we expanded the dataset
by including geographical data, such as population density
(pop_density), to assess whether geographical factors could
enhance clustering performance. Table 6 summarizes the per-
formance of different clustering iterations.

The analysis summarized in Table 6 explored the
clustering of fire events using features like temperature
(TMP_L1), population density (pop_density), and tempo-
ral aspects (hour/month sine/cosine). The results suggest
connections between feature selection, Haines Index, and
clustering difficulty. Although the Silhouette Score sug-
gested some clustering challenges, the selected features
provided useful information about the suitability of selected
features.
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The last cluster’s Silhouette Score significantly decreased
with Haines Index = 6, indicating complexity in the clus-
tering process, but also suggesting inappropriate features for
high-risk periods. The anticipation is that the sine function
effectively separates the summer months (high Haines Index
values) from the rest of the year, leading to better clustering
with Haines Index equal to 6. The cosine function, with its
focus on spring/fall differences, may not capture this seasonal
pattern as effectively.

The impact of Haines Index on clustering is noteworthy.
In some cases, higher Haines Index values correspond to
better Silhouette Scores. This suggests that categorizing fire
events based on a fire risk index could be beneficial. However,
it is crucial to avoid overfitting the data by using too many
clusters.

To improve clustering performance, future studies could
explore the following.
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FIGURE 13. Spatial distribution of fires caused by unknown cases.
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FIGURE 14. Tested configurations of clustering algorithms, including type
(Means/Medoids), number of clusters, and predictor sets. ‘TMP_L1"
represents soil temperature, ‘hour/month_sin’ denotes the sine
transformation of time, and ‘FLDCP_L1’ refers to field capacity as a
parameter of first-layer soil wetness.

o Inclusion of additional features: Investigating features
beyond the ones used here, such as vegetation type or
topography [5], might provide a richer but also more
complex dataset for clustering.

« Dimensionality reduction techniques: Techniques like
Principal Component Analysis (PCA) could help iden-
tify a smaller set of features that effectively represent the
data for clustering purposes.

o Analysis of high-scoring clusters: Analysing the char-
acteristics of clusters with higher Silhouette Scores can
provide explanatory case studies, the specific fire event
conditions that are easier to distinguish based on the
chosen features.

Finally, the most successful algorithm was applied and
viewed the content of the triggers by clusters (Table 7).
The table suggests partially correct assumption that higher
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TABLE 6. Clustering iterations performance metrics applied on the
different datasets.

Feature Set Haines Index Silhouette
Score
TMP_ L1, 2 0.45
pop_density, 3 0.48
hour_sin 4 0.47
5 0.40
6 0.55
TMP_L1, 2 0.31
pop_density, 3 0.35
hour_sin, 4 0.40
month_sin 5 0.44
6 0.50
TMP LI, 2 037
pop_density, 3 0.35
hour_sin, 4 0.35
month_cos 5 0.41
6 0.19

TMP_L1 - soil temperature, pop_density — population density,

hour/month_sin/cos — sine/cosine function of the time/month.

Haines Index might overlap with specific causes. It shows a
trend in which the Silhouette Score indicating better cluster
separation increases with Haines Index. This suggests that
for higher fire risk conditions (higher Haines Index), the
clustering algorithm could perform better at grouping fire
events according to their causes.

Specifically, for Haines Index = 6 (highest risk), the most
dominant causes could indicate that during periods of high
fire danger, human activity such as smoking (“‘Cigarette butt”
and “Match or lighter’”) or accidental setting fire and burn-
ing (e.g., during gardening and forestry works) becomes a
more prominent factor. A similar trend can also be observed
in other causes, which are not dominant, but in their sum,
an increasing number of cases with higher Haines Index can
be observed. Additionally, the dry conditions associated with
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TABLE 7. Silhouette score of the K-Medoids clustering algorithms based on the Haines index (HI) value with the most frequent causes.

HI Silhouette Number of fires by cause
score Total Arson Cigarette butt  Lightning ~ Match or lighter ~ Setting fire, burning grass ~ Others ~ Unknown
2 0.45 1785 71 131 19 115 274 324 851
3 0.47 6279 170 438 98 422 987 1104 3060
4 0.47 6366 157 506 73 515 964 1063 3088
5 0.40 9165 207 791 109 701 1395 1329 4633
6 0.55 13185 224 1411 88 892 2548 1604 6418

CLUSTERING PROCESS

K-medoids Spatial density

>

Bivariate analysis

High

High Count

Distance

Low

,

Spatial Clusters

FIGURE 15. Tested configurations of clustering algorithms, including type
(Means/Medoids), number of clusters, and predictor sets. ‘TMP_L1"
represents soil temperature, ‘hour/month_sin’ denotes the sine
transformation of time, and ‘FLDCP_L1’ refers to field capacity as a
parameter of first-layer soil wetness.

high HI might make it harder to pinpoint the exact cause,
leading to more ‘“Unknown” classifications.

“Arson” and “Lightning” appear as causes across all
Haines Index values, suggesting that these factors could be
less influenced by overall fire risk conditions. Arson might
be a more consistent human-caused factor, while lightning
strikes can occur regardless of fire danger.

The high number of “Unknown” causes across all Haines
Index values poses a limitation of the data. This could cover
significant groups that would skew the statistics of the causes
towards different ratios.

Despite weakened clustering due to human influence, our
method (Fig. 15) proved its ability to spatially separate fire
causes (not included in clustering). Using different data sam-
ples and representative fires, fire risk indices, etc., different
clusters and homogeneous regions would separate.
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FIGURE 16. Military training area Boletice identified by the high distance
from the centroids during the clustering and bivariate analysis. (Basemap

source: [29])

TABLE 8. Number of all cases in highlighted cluster in boletice area and
number of extraordinary (military) causes.

HI Number of Cases Explosives or Military Causes
2 3 3

3 17 13

4 29 15

5 37 13

6 5 4

The proposed method identified, among others, a cluster in
the South Bohemian region (Boletice area, Fig. 16) with high
fire count and large distances from the centroid (purple color
of the bivariate cluster). This suggests atypical, localized

fires.

Analysis revealed a high proportion of single-cause fires
in this area, with all clusters having above-average distances
from the centroid, indicating rather anomalous parameter
combinations. Interestingly, there is a military training area.
Inspired by this cluster, we investigated the number of fires
(Table 8) caused by military activities (bullets, explosives,
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FIGURE 17. Distances from the centroid from boletice area for K-medoids
cluster, H-index 5 indicating higher fire risk.

sparks, etc.) the causes were manually retrieved from the
description of the event.

In all cases, the median distance from the centroid was
higher than the median in the Czech Republic. As an example,
we present the cluster for H-index = 5 (Fig. 17), i.e. higher
fire risk.

All median distances from the centroids were higher than
the national median for Czechia, indicating that fires in this
location are less representative based on the predictors. These
findings suggest that our proposed method can effectively
highlight spatial clusters of fires with common causes, as evi-
denced by a high proportion attributed to military activities.
This is particularly true under the least favourable conditions
for fire occurrence. However, under more favourable

conditions, fires may be ignited by a variety of causes.

B. CLASSIFICATION METHODS

Besides clustering, we employed supervised ML classifica-
tion methods to predict the time of day with the highest
probability of fire occurrence. We chose this target variable
due to:

o Quantitativeness: The time of occurrence of fire can be
easily measured and represented numerically.

« Predictable Distribution: The distribution of fire occur-
rences throughout the day likely exhibits patterns that
can be learned by ML models.

« Potential Applications: Predicting peak fire occurrence
times can be valuable for resource allocation and fire
prevention strategies. It can also reveal unusual events
with different timely patterns.

The day was segmented into four equal time periods (0-
6, 6-12, 12-18, 18-24 UTC) corresponding to the GFS run
steps. We employed stratified 80/20 train-test data splitting
to ensure a balanced representation of fire occurrences across
all time periods in the training data. Hyperparameter tun-
ing for each algorithm was performed using Randomized
Search with a 10-fold cross-validation. The following ML
classification algorithms were evaluated (Fig 18): Random
Forest, Gradient Boosting, AdaBoost 2, Logistic Regression,
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Decision Trees, K-Nearest Neighbors (KNN), and Support
Vector Machine (SVM).

While all models in Fig. 16 exhibited limitations in pre-
dicting the time interval of a forest fire, analysing their
performance through precision, recall, and F1 scores reveals
some hints to explore further. Gradient Boosting stands out
with the highest accuracy and precision, indicating a strong
ability to identify true positives. However, its lower F1 score
suggests that it might be missing some actual fires (false neg-
atives) due to its conservative approach. KNN’s success likely
stems from its ability to handle complex data by leveraging
similarities in past fire events. Conversely, SVM’s perfor-
mance suffered because it struggled with data with unclear
boundaries, which might be the case for fire occurrence times.
These observations could guide further considerations about
the nature of the prediction task when selecting a machine
learning model.

Although the initial results were not suitable for building a
complex hierarchical model, our aim was to improve model
performance by incorporating additional geographic infor-
mation about population density and investigating the impact
of data splitting. To assess the influence of data partition-
ing on model robustness, we employed a repeated 100-fold
cross-validation approach for the Random Forest model. This
technique involves splitting the data into training on 100 ran-
dom subsets (80/20 ratio) and monitoring the accuracy to
estimate the influence of the feature distribution within the
training and testing set.

Random Forest, which leverages an ensemble of decision
trees and utilizes a “majority vote” approach for classifica-
tion, is typically less susceptible to outliers compared to some
other models. This characteristic makes it a suitable choice
to explore the impact of data partitioning in this context. For
a dataset that contains soil temperature, field capacity, pop-
ulation density, and accumulated precipitation, the Random
Forest model achieved performance metrics within the range
presented in Table 9.

Table 9 highlights the variability in performance metrics
even when using only training fires. This suggests a potential
presence of two fire sub-groups within the data:

« Representative Subset: This subset might exhibit con-
sistent fire behaviour captured by the model, leading
to some stability in performance metrics across training
runs.

o Heterogeneous Subset: This subset might consist of
more diverse fire events, leading to greater variation in
model performance across different training data splits.

We hypothesize that the representative subset might be
characterized by the following.

o Human-caused fires.

e Occurrence during appropriate weather conditions
(higher temperatures, low humidity).

e Occurrence during periods of high human activity
(potentially near settlements).
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Baseline Models: Evaluation Metrics by Classifier
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FIGURE 18. Performance metrics of the baseline models.

TABLE 9. Performance metrics for the 100 random train/test splits.

F1

Accuracy  Precision  Recall AUC

Score
Range 0.53- 0.51- 0.52- 0.52- 0.69-
0.63 0.61 0.60 0.58 0.76

AUC — Area Under the Curve.
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FIGURE 19. Importance of features (predictors) for the Random Forest
classification model that predicts the time of the fire occurrence. PCPN
24/12/6 stands for total precipitation over a 24/12/6-hour period.

However, the feature importance analysis provides a more
consistent pattern across model training runs (Fig. 19).
Random Forest consistently identifies temperature and pop-
ulation density as the most important features, followed by
field capacity, precipitation, and the Haines Index.

We can evaluate that precipitation (all three values) holds
an important value together with other predictors. To address
this, future studies could explore techniques like Principal
Component Analysis (PCA) to identify features with reduced
correlation or create aggregate measures for features like
precipitation. However, this could reduce interpretability of
results.

The following figures (Fig. 20) present the accuracy of
each method on a 0.25-degree grid depending on fire density
(related to the unit area of 0.25 degrees square). The ML
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algorithms were trained on data from all other grid points
within the country and tested on the specific point of interest.
This leave-one-out approach enabled us to identify three
primary scenarios:

1) High-density, high-accuracy fire locations: Regions with
frequent fire occurrences often exhibited high prediction
accuracy, suggesting strong correlations with broader
spatial patterns.

High-density, low-accuracy fire locations: Despite the
high fire frequency, certain areas showed lower pre-
diction accuracy, indicating the potential influence of
complex local factors.

Low-density fire locations: Due to limited data points,
the predictive performance in these regions is less reli-
able and requires case-specific analysis.

2)

3)

Specifically for the Random Forest (RF) and Gradient
Boosting (GB) models, they performed quite similarly to
analyzing the influence of environmental and anthropogenic
factors on fire risk. Visualizations of the ML outputs revealed
a connection between the number of fires in a location and the
accuracy of the models. Locations with a high frequency of
fires often exhibited higher model accuracy (RF/GB). This
suggests that these areas likely have more consistent fire
drivers related to the factors considered (e.g., consistently
high temperatures, low precipitation). Consistent patterns
allow models like RF and GB to learn effectively and achieve
high accuracy in predicting fire events.

Conversely, locations with frequent fires but low model
accuracy (RF/GB) could indicate a diversity of fire causes
not well captured by the chosen environmental and anthro-
pogenic factors. Alternatively, limitations in data quality or
the exclusion of spatial relationships between fires (presum-
ably nuances in human activity) could contribute to lower
accuracy.

Finally, locations with low fire counts presented a chal-
lenge for the models due to limited data. With fewer fire
events, models struggle to learn robust patterns, and random
chances can play a larger role in predictions.

These findings confirm common assumptions of human-
caused fires but also emphasize the importance of
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FIGURE 20. Accuracy of the Random Forest (a); K-Nearest Neighbors (b); Light Gradient Boosting (c) and Decision Tree (d) for each point of 0.25 degrees
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FIGURE 21. Procedure of the ML diagnostics of the area based on
historical data.

acknowledging limitations. The low accuracy of the model in
some locations suggests the influence of factors beyond those
quantified in this study. Additionally, it is crucial to interpret
model results alongside expert knowledge about fire causes
in areas with infrequent fires.

Based on the classification performed and inherent analy-
sis, we propose the procedure to exploit ML classification for
determination of the local complexity (Fig. 21).

We suggest continued exploration of machine learning
(ML) methods for fire risk location definition. When com-
bined with advanced data, such as output from local meteo-
rological models, these methods could effectively classify fire
features under well-understood conditions. These are very
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often rural areas with well-developed infrastructure, or local
settlements directly bordering with natural areas. However,
in cases where ML models perform poorly, it implies that
even human understanding of fire causes in that location may
be limited by the available data. Especially poor performance
can be generally seen in proximity of big cities with high
fluctuation of the inhabitants. Due to the dataset size, varying
accuracy can also be spotted in mountainous and bordering
areas. We emphasize that the success of such data-driven ML
approaches hinges on both high-quality data and a robust
methodological framework..

IV. DISCUSSION

This study evaluated the potential of sequential machine
learning and GIS techniques for identification of fire occur-
rence patterns in the Czech Republic by developing a classifi-
cation and clustering framework. Unlike previous studies that
focus predominantly on arid, subtropical, or Mediterranean
regions, this research introduces a novel perspective within
the central European (low-risk region) context. Key contribu-
tions include:

« Applying ML techniques to a less-studied geographical
area (Czechia) with distinct fire dynamics.

o Integrating and sequentially utilizing ML modelling
with GIS-based bivariate visualization to enhance inter-
pretability.

o Categorizing input data using the Haines Index and
analysing outputs based on reported fire causes to
uncover patterns and drivers of fire risk.
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Using fire occurrence data and meteorological predictions,
the study aimed to identify factors influencing fire events and
predict periods of heightened fire risk, such as the time of day
with the highest likelihood of fire occurrence.

A. KEY FINDINGS

o Clustering: K-Means and K-Medoids established
feature-fire event connections, but clear separation was
challenging, leading to low Silhouette scores. This
suggests feature limitations rooted in the inherent com-
plexity of the predictor-target relationship, which results
in significant group overlap and requires further refine-
ment before operational deployment. Better clustering
may require additional features (e.g., vegetation type)
and dimensionality reduction (e.g., PCA). Notably,
higher Haines Index values corresponded to better clus-
ter separation, validating the use of risk indices for
grouping similar events. The distance from the cen-
troid effectively identified homogeneous areas, which
allowed detection of military areas with unusual patterns
(explosives/hot bullets) when combined with spatial
clustering. In our case study, K-Medoids combined with
spatial clustering detected military areas with unusual
fire patterns, caused by explosives or hot bullets.

« Classification: Supervised ML methods yielded mod-
erate performance in predicting the time of day with
the highest fire risk. Variability in performance suggests
potential sub-groups within the data: a representative
subset with consistent behaviour and a heterogeneous
subset with more diverse events. Nevertheless, tempera-
ture and population density emerged as the most relevant
factors for predicting the time of fire occurrence.

B. PRACTICAL IMPLICATION

« Clustering-based approach: This approach, once fully
developed, can become an actionable tool for assessing
fire risks. By grouping fire events based on similar
characteristics identified through clustering (e.g. high
Haines Index and specific causes), forest management
authorities can prioritize areas for targeted fire preven-
tion efforts. In the final stage, it can serve as a tool for
retrospective estimation of the likely fire causes.

« Classification-based approach: This approach has the
potential to project a fire risk model. By incorporating
real-time weather data and population density informa-
tion into the model, authorities can generate real-time
fire risk maps. These maps can be used to alert fire
units in high-risk areas during peak fire times (late after-
noons with high temperatures). It might also serve as
a diagnostic tool for area complexity. The performance
of the ML model itself can be considered as a feature
of the area. Highly predictable fire events, likely due
to natural causes and influenced primarily by weather
and geographical data, would result in simpler statisti-
cal characteristics within the model. Conversely, com-
plex statistical characteristics within the model would
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indicate a more challenging area to model, potentially
due to the higher influence of diverse factors like human
activity.

V. CONCLUSION AND FUTURE WORK

The current lack of comprehensive data on human activity
and fine-scale weather patterns limited the study. Future work
should explore the incorporation of these factors to improve
model performance. As for previous studies, we suggest
focusing on:

I)We suggest identifying and integrating data on vegeta-
tion types, conditions, and susceptibility to fire risk based on
historical fire patterns and the classifications of forest and
agricultural experts.

2)We suggest developing a more granular classification
system for human activity, especially focusing on the work
schedules of gardening and forest workers in the region as a
potential major fire risk factor.

3)We recommend utilizing high-resolution weather data to
capture local weather patterns and fluctuations to improve
the accuracy of the model. This is crucial for operational ML
models used in real-time fire risk assessment.

4)The high number of ‘““unproven” and ‘‘unidentified”
events points to the need for more precise data on the causes
of fires to obtain their full explanatory potential.

5)Exploring more advanced models or hierarchical
approaches could potentially capture the complex interac-
tions between various factors that influence fire occurrences.

6)Integrating spatial data and techniques can help incor-
porate the influence of human activity patterns on fire
risk. However, we suggest incorporating data on human
activity in advance so that these relationships can be
captured right during ML modelling and exploratory
analysis.

In general, this study demonstrates the potential of ML
for analysing fire occurrence patterns and classifying the
homogeneity of fire risk. By addressing data limitations and
exploring more advanced techniques, future research can lead
to the development of even more robust models for fire
classification, clustering, prediction, but the most likely we
anticipate further categorization of fires and demographics to
target precautions and policies.
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