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Abstract

Wildfires have intensified across the Mediterranean under compounding heatwaves, drought,
and human pressure, making a shift from reaction to prevention essential. This thesis de-
velops an operational wildfire susceptibility mapping (WSM) framework for Jijel Province
(Algeria) that integrates Geographic Information Systems (GIS) and machine learning. Four-
teen conditioning factorstopography (elevation, slope, aspect), climate (minimum, maximum,
and average temperature, humidity, wind speed, precipitation), vegetation (Normalized Dif-
ference Vegetation Index, NDVI), and anthropogenic pressure (distance to roads and settle-
ments)are harmonized on a 30,m grid and linked with civil protection fire records, yielding
an analysis-ready matrix of approximately 2.6 million samples. Collinearity screening (max-
imum Variance Inflation Factor, VIF = 7.58; minimum tolerance = 0.11) and light k-means
denoising of the Low class improve model stability.

We train Random Forest (RF), Extreme Gradient Boosting (XGBoost), a shallow Neu-
ral Network (NN), and Support Vector Machine (SVM) models with class balancing and
probability calibration. On the internal holdout set, RF attains an Area Under the Receiver
Operating Characteristic Curve (AUC) of 0.99 and an F1-score of 0.98, with XGBoost and
NN performing similarly, and SVM showing solid performance (AUC = 0.94). Continuous
susceptibility scores are calibrated and discretized into five classes (LowVery High). Indepen-
dent time-forward validation overlays wildfire occurrences from 20242025 (Civil Protection
records and Moderate Resolution Imaging Spectroradiometer, MODIS, data) on the suscep-
tibility maps: 87.73

The outputscalibrated probability surfaces, clearly legended risk classes, and uncertainty
layersare suitable for integration into web-based GIS dashboards to support resource pre-
positioning, fuel-break maintenance at the wildlandurban interface (WUI), and threshold-
based early warning systems. Limitations (sparse meteorological stations and ignition geolo-
cation uncertainty) and targeted improvements (denser in situ sensing and spatially blocked
cross-validation) are discussed. The framework is transferable to similar Mediterranean en-
vironments.



Résumé

Les incendies de forêt se sont intensifiés dans le bassin méditerranéen sous leffet combiné des
vagues de chaleur, des déficits hydriques et de la pression humaine, imposant un basculement
de la réaction vers la prévention. Cette thèse propose un cadre opérationnel de cartographie
de la susceptibilité aux feux de forêt (Wildfire Susceptibility Mapping, WSM) pour la wilaya
de Jijel (Algérie), fondé sur lintégration des Systèmes dInformation Géographique (SIG) et
de lapprentissage automatique. Quatorze facteurs de conditionnementtopographie (altitude,
pente, exposition), climat (températures minimale, maximale et moyenne, humidité, vent,
précipitations), végétation (Indice de Végétation par Différence Normalisée, NDVI) et pres-
sion anthropique (distance aux routes et aux zones habitées)sont harmonisés sur une grille
de 30,m et croisés avec les enregistrements de la Protection Civile, produisant une matrice
danalyse denviron 2,6 millions déchantillons. Le criblage de la colinéarité (Facteur dInflation
de la Variance maximal, VIF = 7,58 ; tolérance minimale = 0,11) et un léger débruitage par
k-means de la classe Faible améliorent la stabilité des modèles.

Nous entraînons des modèles de Forêt Aléatoire (Random Forest, RF), dExtreme Gradi-
ent Boosting (XGBoost), de réseau de neurones peu profond (NN) et de Machine à Vecteurs
de Support (Support Vector Machine, SVM), avec équilibrage des classes et calibration prob-
abiliste. En validation interne, le modèle RF atteint une Aire Sous la Courbe ROC (AUC) de
0,99 et un score F1 de 0,98 ; XGBoost et le réseau de neurones présentent des performances
comparables, tandis que le SVM demeure robuste (AUC = 0,94). Les scores continus de
susceptibilité sont calibrés puis discrétisés en cinq classes (Faible à Très Élevée). Une valida-
tion indépendante time-forward superpose les occurrences de feux de 20242025 (Protection
Civile et données du radiomètre MODIS Moderate Resolution Imaging Spectroradiometer)
aux cartes produites : 87,73,

Les sortiessurfaces de probabilité calibrées, classes de risque clairement légendées et
couches dincertitudesont prêtes pour une intégration dans des tableaux de bord web-SIG
afin de soutenir le pré-positionnement des ressources, lentretien des interfaces forêturbain
(WildlandUrban Interface, WUI) et les systèmes dalerte précoce à seuils. Les limites (réseau
de stations météorologiques clairsemé, incertitudes de géolocalisation des départs de feu) et
les pistes damélioration (densification des capteurs in situ, validation croisée spatiale bloquée)
sont discutées ; le cadre proposé est transférable à dautres contextes méditerranéens.



ثحبلاصخلم

ديازتملافافجلاورحلاتاجومرفاضتةجيتنًاظوحلمًاديازتطسوتملاضيبألارحبلاضوحيفتاباغلاقئارحتدهش

ًاراطإةحورطألاهذهحرتقتً.ايمتحًارمأةياقولاةيجيتارتساىلإةباجتسالاقطنمنملاقتنالالعجامم،ةيرشبلاطوغضلاو

ملعتلاتاينقتوةيفارغجلاتامولعملامظنجمدربعكلذو،رئازجلابلجيجةيالويفتاباغلاقئارحلضرعتلاةيلباقةجذمنلًايليغشت

ةيخانملاتانايبلاو،هيجوتورادحناوعافترانمةيفارغوبطلاصئاصخلالمشتًارثؤمًالماعرشعةعبرأىلعدامتعالامت.يلآلا

يفلثمتملايرشبلاطغضلاوةيرضخلاةلاحلاىلإةفاضإلاب،يرطملاطقاستلاوحايرلاةعرسوةبوطرلاوةرارحلاتاجردبةقلعتملا

ةصاخلاقئارحلاتالجسباهطبروًارتم30ةقدبةكبشقفوتانايبلاهذهديحوتمت.ةينكسلاتاعمجتلاوقرطلانمبرقلا

ترهظأدقو.ليلحتللةزهاجةنيعفلأةئامتسونينويلموحنمضتةمخضتانايبةدعاقىلعلوصحلاحاتأامم،ةيندملاةيامحلاب

.جئاتنلاةقدنيسحتلةيفصتلاتايمزراوخقيبطتويطخلالخادتلاةجلاعمدعبتانايبلارارقتساةيئاصحإلاتارابتخالا

تاهجتملاتالآوةيبصعلاتاكبشلاوXGBoostوةيئاوشعلاتاباغلاتلمشةمدقتمجذامنبيردتةساردلاتنمضت

ءادأةيئاوشعلاتاباغلاجذومنرهظأدقو.جئاتنلانزاوتنامضلتالامتحاللةقيقدةرياعمعم،ةمعادلا
ً

ةلحرميفًايئانثتسا

قئارحطاقسإمت،حرتقملاراطإللةيؤبنتلاةردقلارابتخالجأنمو.ىرخألاجذامنللةبراقتمجئاتنبًاعوبتم،يلخادلاققحتلا

نأنيبتثيح،ةجتنملاطئارخلاىلعدعبنعراعشتسالاوةيندملاةيامحلاتانايبنمةدمتسملا2025و2024نيبةدتمملاةرتفلا

.جذومنلاةقددكؤياممً،ادجةيلاعىلإةطسوتمةروطختاذكةفنصملاقطانملانمضتعقوةديدجلاقئارحلانمىمظعلاةيبلاغلا

امنيب،ةيخانمورديهلاطوغضلااهيلت،قئارحلابوشنليساسألاكرحملالثمتةيرشبلاةطشنألانأىلإةيمهألاتاليلحتتراشأامك

.نارينلاراشتناهيجوتيفًارودايفارغوبطلابعلت

ةماهةادأةيفارغجلامكحتلاتاحولنمضمادختساللةزهاجلارطاخملاتاقبطوتالامتحالاطئارخيفةلثمتملاتاجرخملادعت

ةمظنأليعفتوةيباغلاةينارمعلاتاهجاولادنعرانلازجاوحةنايصوأءافطإلادراوملقبسملاعيزوتلايفءاوس،رارقلاذاختامعدل

لقنةيناكمإىلعديكأتلاعم،عقاوملاديدحتةقدودصرلاتاطحمعيزوتبةقلعتملاتايدحتلاةشقانمبةساردلامتتختو.ركبملاراذنإلا

.ةهباشمصئاصختاذىرخأةيطسوتمقطانميفهقيبطتويجهنملاراطإلااذه

قئارحنمةياقولا،لماوعلاةيمهأليلحت،يناكملايفارغجلاليلحتلا،يلآلاملعتلا،لاعتشالاةيلباقطئارخ:ةيحاتفملاتاملكلا

.تاباغلا
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General introduction

Wildfires have emerged as one of the most critical environmental hazards of the twenty-first cen-
tury, posing severe threats to ecosystems, human lives, infrastructure, and socio-economic stability
worldwide. In recent decades, their frequency, intensity, and spatial extent have increased markedly,
transforming wildfires from episodic natural disturbances into recurrent disasters with long-lasting
consequences. Recent global assessments report approximately 2,805 direct fatalities, 8,540 injuries,
and impacts on more than 7 million people, while wildfires burn nearly 400 million hectares annually
at the global scale. These alarming figures reflect the convergence of climatic change, environmen-
tal stress, and intensified human activities, which together amplify wildfire risk across regions and
continents [1].

The environmental consequences of wildfires are profound. Large-scale burning contributes
significantly to land degradation, biodiversity loss, and ecosystem fragmentation, while also accel-
erating soil erosion and altering hydrological regimes. From a climatic perspective, wildfires act as
both a consequence and a driver of climate change by releasing substantial quantities of greenhouse
gases and aerosols into the atmosphere. Globally, an estimated hundreds of millions of hectares
burn each year, with Africa alone accounting for a substantial share of this total, highlighting the
disproportionate vulnerability of certain regions. However, wildfire disasters are not confined to
developing countries; recent catastrophic events in technologically advanced regions such as North
America, Southern Europe, and Australia demonstrate that no nation is immune to the escalating
wildfire crisis [2].

Among the most affected regions, the Mediterranean basin occupies a particularly critical po-
sition. Characterized by hot, dry summers, complex topography, and dense humanenvironment
interactions, Mediterranean landscapes are inherently prone to wildfire ignition and spread. Over
the past decades, the region has experienced some of the deadliest wildfire events on record, resulting
in significant loss of life, extensive forest damage, and long-term ecological disruption. Algeria, lo-
cated in the southern Mediterranean, exemplifies these challenges. Despite possessing vast forested
and biodiverse areas, the country has suffered extensive wildfire damage, particularly in its north-
ern and eastern regions. Historical records indicate that a substantial proportion of Algerias forest
cover has been lost to wildfires over the past half-century, with recent years marked by increasingly
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destructive fire seasons and rising human casualties [3].
The drivers underlying this alarming increase in wildfire activity are multifactorial. Climate

change plays a central role by altering temperature regimes, precipitation patterns, and atmospheric
circulation. Rising temperatures, prolonged droughts, reduced relative humidity, and increased
frequency of heatwaves create conditions that dry vegetation and enhance fuel flammability. These
climatic stresses are often compounded by extreme weather events, such as strong winds, which
can rapidly transform small ignitions into large, uncontrollable fires. At the same time, climate-
driven shifts in vegetation structure and productivity can increase fuel continuity, further amplifying
wildfire risk [4].

Equally important are anthropogenic factors, which have been consistently identified as the dom-
inant source of wildfire ignitions in many regions. Human activities such as agricultural burning,
land-use change, deforestation, infrastructure expansion, and increased accessibility to wildland
areas significantly elevate ignition pressure. In Mediterranean contexts, the expansion of wild-
landurban and wildlandagriculture interfaces has created landscapes where human presence and
combustible fuels intersect, greatly increasing the likelihood of fire occurrence. Reports from Euro-
pean and international fire monitoring systems consistently indicate that the majority of wildfires
are directly or indirectly linked to human actions, underscoring the need to explicitly integrate
anthropogenic variables into wildfire risk assessments [5].

In light of these escalating threats, proactive wildfire management has become an urgent priority.
Traditional reactive approaches focused solely on fire suppression are no longer sufficient in the face
of increasing fire frequency and intensity. Instead, there is a growing emphasis on prevention,
preparedness, and risk-informed decision-making. Within this paradigm, Wildfire Susceptibility
Mapping (WSM) has emerged as a critical tool for identifying areas that are more likely to experience
wildfire ignition and spread. By delineating zones of varying susceptibility, WSM supports strategic
planning, resource allocation, early warning, and targeted prevention measures [6].

Wildfire susceptibility mapping aims to quantify the spatial likelihood of wildfire occurrence
based on the analysis of conditioning factors that influence ignition and fire behavior. These factors
typically include climatic variables, vegetation characteristics, topographic features, hydrological
conditions, and indicators of human activity. By examining the relationships between historical
fire occurrences and these explanatory variables, WSM enables the classification of landscapes into
susceptibility levels ranging from low to very high. Such spatially explicit information is invaluable
for fire management agencies, land-use planners, and policymakers seeking to reduce wildfire impacts
[7].

However, producing reliable wildfire susceptibility maps presents significant methodological chal-
lenges. One of the primary difficulties lies in data availability and quality, particularly in regions
where monitoring infrastructure is limited. Environmental datasets often vary in spatial resolution,
temporal coverage, and accuracy, while fire occurrence records may contain positional errors or re-
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porting biases. To address these challenges, many studies have adopted data integration strategies
that combine global-scale datasets from international organizations with locally recorded informa-
tion from regional agencies. This approach allows researchers to leverage the strengths of large-scale
products while preserving the contextual specificity provided by local data sources [8].

Geographic Information Systems (GIS) play a central role in this integration process. GIS
technologies provide the spatial framework necessary to collect, harmonize, analyze, and visualize
heterogeneous datasets. Through GIS, environmental layers can be transformed into a common
spatial reference, enabling pixel-based analysis and the exploration of spatial relationships between
wildfire occurrences and conditioning factors. Beyond data management, GIS visualization capabil-
ities facilitate the interpretation of results by highlighting spatial patterns, hotspots, and gradients
of wildfire susceptibility that may not be apparent through numerical analysis alone [9].

Historically, wildfire susceptibility assessment has relied on traditional statistical and multi-
criteria decision analysis (MCDA) methods, such as frequency ratio, analytic hierarchy process,
and weighted overlay techniques. These methods are valued for their conceptual simplicity and
interpretability, and they remain useful in data-limited contexts. However, wildfire systems are in-
herently complex and nonlinear, involving interactions among numerous environmental and anthro-
pogenic factors. As the number of predictors and the volume of available data increase, conventional
methods may struggle to capture these complex relationships effectively [10].

In response to these limitations, machine learning (ML) approaches have gained increasing
prominence in wildfire susceptibility modeling. Techniques such as Random Forest, Support Vector
Machines, gradient boosting algorithms, and neural networks have demonstrated strong performance
in handling high-dimensional, nonlinear, and noisy datasets. These models are capable of learning
intricate patterns from historical data and translating them into accurate predictive maps. Conse-
quently, machine learning has become a cornerstone of modern WSM research, offering improved
predictive accuracy and robustness compared to many traditional approaches [11].

Despite their advantages, machine learning models introduce new challenges, particularly re-
garding interpretability and operational trust. High predictive performance alone is insufficient for
practical wildfire management if model outputs cannot be understood or justified by domain ex-
perts. Fire management agencies require not only accurate predictions but also clear explanations
of why certain areas are classified as high risk. This need has driven the growing integration of
explainable artificial intelligence (XAI) techniques, such as feature importance analysis and SHAP
(SHapley Additive exPlanations), into wildfire modeling frameworks. These tools enable researchers
to identify the most influential factors driving model predictions and to link statistical results with
physical and human processes on the ground [12].

Another critical limitation of many existing WSM studies lies in model validation. While internal
validation metrics such as accuracy and AUC are widely reported, relatively few studies perform
independent, time-forward validation using wildfire events from subsequent years. As a result, high
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internal performance does not always translate into reliable real-world predictive skill. Incorporating
independent post-model validation using newly observed fire occurrences is therefore essential to
demonstrate model generalization and operational relevance [13].

In this context, we have contributed to advancing the field of wildfire management and sus-
ceptibility mapping through three publications. In our first work, presented at the 2022 NTIC
International Conference, we provided a comprehensive survey on pre-disaster management based
on machine learning, IoT, and big data [14]. This study highlighted how emerging technologies can
enhance early warning systems, improve disaster preparedness, and provide rescue teams with more
time to respond effectively to wildfire events.

Building on this foundation, our second publication, presented at the 2023 IEEE International
Conference on Systems and Control, focused specifically on wildfire susceptibility mapping (WSM)
[15]. We reviewed various environmental factors, GIS integration, and machine learning techniques,
including statistical models and neural networks, emphasizing practical approaches for precise clas-
sification of areas according to fire risk. Finally, we also published a journal paper in Applied
Sciences in 2025, which introduces the predictive study and methodology that form the basis of the
research presented in this thesis [16]

The present thesis develops a comprehensive, data-driven wildfire susceptibility mapping frame-
work for the province of Jijel, located in eastern Algeria. Jijel represents a particularly relevant
case study due to its Mediterranean climate, complex topography, dense forest cover, and strong
humanenvironment interactions. The region has experienced recurrent and severe wildfire events,
yet remains underrepresented in the wildfire modeling literature, especially compared to northern
Mediterranean countries.

The proposed framework integrates environmental, climatic, topographic, hydrological, and
anthropogenic data from both global repositories and local agencies. GIS techniques are used to
harmonize and analyze these datasets, while multiple machine learning models are trained to assess
wildfire susceptibility. To improve data quality, preprocessing steps are applied to address class
imbalance, multicollinearity, and label uncertainty. Model performance is evaluated using standard
metrics and ROC analysis, followed by spatial mapping of susceptibility classes.

A key contribution of this work lies in its emphasis on interpretability and spatial reasoning.
Feature importance is quantified using SHAP analysis, and susceptibility maps are systematically
compared with environmental and human factor layers to assess physical coherence. Furthermore,
the models robustness is evaluated through an independent validation using wildfire occurrences
from 2024 and 2025, providing a rare example of time-forward validation in a southern Mediter-
ranean context. This combination of statistical evaluation, spatial analysis, explainability, and
real-world validation strengthens the credibility and operational relevance of the proposed approach.

Ultimately, the goal of this thesis is not only to produce accurate wildfire susceptibility maps, but
also to deliver interpretable, GIS-ready outputs that can support decision-making by firefighters,
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civil protection authorities, and land-use planners. By enhancing understanding of the factors
driving wildfire occurrence and identifying priority risk zones, this work aims to contribute to more
effective prevention strategies, improved resource allocation, and reduced wildfire impacts on both
ecosystems and communities.

The remainder of this thesis is organized as follows. Chapter 1 presents Pre-Wildfire Manage-
ment, focusing on strategies and approaches for disaster prevention and preparedness. Chapter 2
reviews related work on wildfire susceptibility mapping, data sources, and modeling approaches.
Chapter 3 describes the study area and dataset preparation, detailing the environmental and an-
thropogenic factors considered. Chapter 4 explains the methodology, including data processing,
model development, and validation procedures. Chapter 5 presents the results and discussion, ana-
lyzing model performance, spatial patterns, and interpretability. Finally, the thesis concludes with
a general conclusion summarizing key findings, limitations, and directions for future research."
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Chapter 1

Pre-Wildfire Management

1.1 Introduction
Wildfires have become a major challenge for environmental protection and public safety, particularly
in regions where climate variability, landscape conditions, and human pressure increase the likeli-
hood of destructive events [17]. Recent seasons have shown that wildfire impacts extend beyond
the burned area to include threats to human life, economic disruption, and long-term ecological
degradation. This reality has motivated a stronger focus on approaches that reduce risk before
disasters unfold, rather than relying mainly on actions taken after losses have already occurred [18].

Pre-wildfire management represents a strategic domain where decision-makers can actively shape
outcomes by improving anticipation, preparedness, and coordination [19]. It involves building the
capacity to understand risk patterns, identify critical conditions, and support timely action through
structured planning and reliable information flows. In practice, this requires combining scientific
knowledge with operational planning so that institutions and communities can move from uncer-
tainty to informed readiness [20].

At the same time, the increasing availability of data and digital tools has opened new possibil-
ities for strengthening pre-wildfire action. Sensing technologies, geospatial systems, and intelligent
analysis methods can support more accurate risk assessment, more reliable monitoring, and more
effective communication to relevant actors [21]. However, achieving real benefit depends on how
well these elements are integrated into coherent and usable systems that match the needs of agencies
and exposed communities.

This chapter establishes the conceptual and operational basis for proactive wildfire risk reduc-
tion. It clarifies the main pre-wildfire measures commonly used to anticipate and limit wildfire
impacts, and it highlights how modern technological tools can support these measures through
improved observation, analysis, and communication. By organizing the key concepts and sys-
tem components, the chapter provides a clear foundation for linking pre-wildfire action to spatial
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decision-support approaches.

1.2 Wildfire Management
Wildfire management has become an essential priority as wildfire activity increases in frequency,
severity, and societal consequences. Beyond emergency response, it represents a coordinated ef-
fort that combines prevention-oriented measures, planning, and preparedness with organized in-
tervention and recovery mechanisms, supported by lessons learned from past wildfire events [22].
Establishing clear concepts and a structured management framework is therefore necessary to un-
derstand why wildfires produce growing impacts and how institutions can reduce risk, limit losses,
and strengthen resilience in exposed landscapes and communities.

1.2.1 Wildfires in Recent Years

Over recent years, wildfire activity has increasingly been described as a new operational reality
rather than an exceptional event. At the global scale, wildfire affects vast areas each year, with
an annual burned area exceeding 400 million hectares, as illustrated in Figure 1.1, which presents
the cumulative area burned by week [23]. Beyond the extent of burned land, wildfires represent a
growing threat to ecosystems, they reportedly damage more than 3% of the worlds forests annually
[24], which reinforces their status as a major concern for both environmental stability and human
safety.

Figure 1.1: Global burned area accumulated by week.
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This escalation is also reflected in the recurrence of high-impact wildfire seasons affecting large
regions and generating long-lasting consequences. In several countries, recent wildfire episodes have
caused severe disruption to livelihoods and economic activity. For example, the Australian bushfires
(2020) affected more than 26% of the Australian economy [25], Figure 1.2. Similarly, Algeria has
experienced multiple destructive wildfire seasons, notably in 2019 and 2021, with the 2021 wildfires
associated with more than 90 fatalities [26], Figure 1.3. Such extreme events can burn extensive
forest areas and generate social, environmental, and economic losses that may persist for years after
the wildfire is contained.

Figure 1.2: Australian Bushfires (2020)

Figure 1.3: Algerian Wildfires (2021)

The impacts of wildfires can be described through direct effects, which occur during or im-
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mediately after the event. From a human perspective, wildfire disasters cause mortality, injuries,
and disruptions to communities. According to the Georeferenced Emergency Events Database
(EM-DAT), wildfires account for 2,805 direct fatalities, 8,540 injuries, and around 7 million people
impacted [26]. Economically, wildfires directly damage houses, infrastructure, and productive areas,
disrupting local activity and destroying property. Ecologically, direct impacts include the loss of
vegetation cover, habitat destruction, and immediate degradation of air quality and environmental
services.

Wildfires also generate indirect impacts, which are often less visible in the short term but
can be more persistent and costly. For affected populations, post-disaster living conditionssuch
as displacement, overcrowded shelters, or limited access to servicescan aggravate health risks and
increase disease exposure. Economic consequences can extend well beyond the event itself through
reduced tourism revenues, lower productivity in forest-related industries, depreciation of real estate
values, increased health expenditures, insurance burdens, and the high costs of ecosystem and
residential-area rehabilitation. In many cases, these longer-term and indirect costs can exceed
the direct losses and tend to accumulate over time as recovery stretches across multiple seasons.
Ecologically, indirect effects may include altered ecosystem trajectories, impacts on fauna and flora
regeneration, and the intensification of other environmental hazards such as drought-related stress.

Several drivers are commonly cited to explain why wildfire impacts appear to be increasing.
Climatic pressures contribute through longer dry seasons, more frequent or intense droughts, and
a broader increase in aridity that dries vegetation and extends the wildfire season. At the same
time, human activity amplifies risk by providing ignition sources, modifying land use and natural
vegetation patterns, expanding exposure in wildfire-prone landscapes, and using wildfire as a land-
management tool in agriculture and natural ecosystems. Together, these drivers help explain why
recent wildfire disasters have attracted worldwide attention and why many countries are increasingly
investing in stronger prevention, preparedness, and fire-fighting capacity [24].

1.2.2 Wildfire Management to Reduce Impacts

Wildfire management can be defined as a coordinated set of prevention and suppression activities
undertaken by multiple agencies to reduce the likelihood of wildfire occurrence and to limit wildfire
impacts when events happen [27]. It is often implemented through structured actions that may be
sequential or distinct depending on institutional roles and operational needs. In addition, wildfire
management relies on historical records of wildfire events and past practices to identify recurring
patterns, evaluate what worked and what failed, and build stronger strategies that are adapted to
local conditions and evolving risk.[28]

Wildfire management includes diverse operational and planning measures that support decision-
making before and during wildfire events. These measures may include vegetation and fuel assess-
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ment, monitoring of fuel conditions, wildfire growth modeling or simulation to anticipate spread,
evacuation planning and readiness, and prevention strategies aimed at reducing ignition probability
and limiting potential damage. It also involves preparedness actions such as defining protection
priorities, organizing resources, training and coordination protocols, and implementing measures
that reduce vulnerability in exposed areas [28].

Historically, wildfire management in many regions focused primarily on suppression and emer-
gency operations, with strong emphasis on response capacity and evacuation during wildfire crises.
Over time, the increasing frequency and severity of wildfire events, together with improved oper-
ational knowledge and planning capacity, has encouraged a broader orientation toward prevention
and mitigation. This shift reflects the recognition that suppression alone is insufficient under esca-
lating risk conditions, and that reducing fuels, limiting ignitions, and improving preparedness can
substantially reduce overall impacts [27].

The importance of wildfire management lies in its ability to reduce wildfire-related losses across
multiple sectors. Effective wildfire management contributes to protecting human life and health,
safeguarding economic activity and property, and limiting ecological degradation and long-term en-
vironmental damage. Beyond the immediate response, sustained wildfire management strengthens
resilience by improving institutions, preparedness, and public safety, which aligns with long-term
changes observed in wildfire-related mortality across income groups, where decreasing death rates
in recent decades can be associated with improved management strategies and coordinated inter-
ventions [29].

1.2.3 Wildfire Management Cycle

Wildfire management cycle refers to a continuous, cyclical process used by governments, organiza-
tions, and communities to plan for and reduce the impacts of wildfires. It emphasizes proactive
planning before, during, and after a wildfire occurrence, with the objective of minimizing losses,
supporting affected populations, and restoring communities to normal or improved conditions[30].
Because Wildfire management is cyclical, it also encourages learning from historical wildfire events,
integrating lessons learned into future planning, and strengthening societal resilience over time [28].

Similar to other disaster management frameworks, multiple wildfire management cycle models
exist, and the differences between them mainly reflect how institutions choose to group actions and
how they intend to use the framework. A commonly used approach is the five-phase model con-
sisting of prevention, mitigation, preparedness, response, and recovery. A simpler four-phase model
combines prevention and mitigation into a single phase. Another widely used practical framing is
the three-phase model, where measures are classified by when they are applied: pre-disaster man-
agement (actions taken before the event), during-disaster management (immediate actions during
the event), and post-disaster management (actions after the event) [30]. The conceptual differences
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across these models are summarized in the corresponding Figure 1.4.

Figure 1.4: Comparison of Wildfire Management Cycle Models (3-, 4-, and 5-Phase model)

In general, more detailed cycle models are often preferred for planning and research because
they help structure measures clearly and improve understanding of how actions connect across time.
In contrast, simpler models may be more practical during operational periods because they support
fast coordination and decision-making [29]. The choice of model can also depend on the hazard
context, since some hazards require greater emphasis on particular periods or types of intervention
[30]. For clarity in this part, the five-phase model is used to explain the main phases of the wildfire
management cycle:

Prevention: focuses on actions taken to avoid wildfire incidents from occurring in the first
place. This includes reducing human caused ignitions, controlling ignition sources, enforcing regu-
lations, improving surveillance, and strengthening public awareness and education to reduce risky
behaviors and improve compliance with safety measures [30].

Mitigation: refers to measures that reduce the impacts of wildfires that may still occur. These
actions are typically long-term or structural, such as creating defensible space around homes by
removing flammable materials, implementing fuel management strategies in exposed landscapes,
and applying land-use measures that reduce vulnerability [28].

Preparedness: includes planning, organization, training, and equipping to ensure an effective
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response when a wildfire occurs. It involves developing evacuation plans, ensuring the readiness
of wildfire-response equipment and personnel, establishing coordination procedures, and installing
early warning and communication systems that support rapid decision-making [28].

Response: consists of immediate actions during and shortly after a wildfire to protect lives
and reduce losses. Key response actions include activating emergency operations centers, evacuating
exposed populations, conducting wildfire suppression operations, and opening shelters and support
services for affected communities [29].

Recovery: includes actions that restore the affected community to its pre-wildfire condition
or to an improved state. Typical recovery activities include debris clearance, financial and social
assistance to victims, repair and reconstruction of infrastructure, and longer-term rehabilitation
planning to reduce future vulnerability [28].

Although this chapter introduces the general wildfire management cycle, the remainder of the
chapter and the rest of the study focus mainly on measures implemented before wildfire occurrence.
For that reason, the three-phase model is adopted as the operational framing for the subsequent
sections, with emphasis placed on pre-wildfire management.

1.3 Pre-Wildfire Management
Despite continuous advances in technologies, strategies, and operational capacity for wildfire sup-
pression, it remains difficultand in some situations impossibleto fully control wildfires once they
start. This challenge becomes more critical under conditions that favor ignition and rapid spread,
such as heatwaves, very dry fuels, and strong winds, where wildfire behavior can exceed response
capacity and quickly escalate into large, destructive events [31].

For this reason, increasing attention has shifted toward actions implemented before wildfire
occurrence, with the primary goal of preventing ignition where possible and reducing potential
impacts where prevention is not sufficient. Pre-wildfire management is therefore viewed as a strategic
integration of measures designed to limit wildfire occurrence, reduce the potential severity and
spread of future wildfires, and ensure readiness for an effective response when an event begins [32].

Pre-wildfire management measures can be broadly grouped into two complementary categories.
The first is risk reduction, which aims to minimize the likelihood of wildfire occurrence and de-
crease the potential severity of impacts on landscapes and assets through actions such as burn
bans and restrictions, public awareness and education, infrastructure safeguards, fuel management,
and predictive planning. The second category is pre-response preparedness, which ensures that
communities and responders can act immediately and effectively when a wildfire starts, including
evacuation mapping and planning, early warning procedures, and operational wildfire detection
systems [33].

Within this perspective, and considering the growing role of data and analytical tools, this
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section focuses on three key pre-wildfire measures that support decision-making and rapid action:
wildfire prediction, wildfire detection, and early warning systems. These measures rely on collecting
and analyzing information about factors influencing wildfire occurrence and behavior, enabling
timely communication to relevant agencies and supporting proactive planning, situational awareness,
and coordinated response readiness.

1.3.1 Wildfire Prediction

Wildfire prediction is the scientific and computational discipline of forecasting the probability, lo-
cation, intensity, and potential behavior of wildfires across space and time [34]. It combines data-
driven methods (e.g., machine learning and deep learning), remote sensing, geospatial analysis, and
process-based ecological or physical modeling to estimate future wildfire conditions and support
decision making before, during, and after wildfire events [35].

Wildfire prediction is essential because it shifts wildfire management from reactive suppression
to proactive risk reduction. By anticipating hazardous conditions and likely wildfire outcomes,
agencies can allocate personnel and equipment more efficiently, prioritize prevention actions (e.g.,
fuel treatments, prescribed burning, community preparedness), and issue earlier, more targeted
warnings that protect lives, infrastructure, ecosystems, and public healthespecially as climate change
increases the frequency of extreme wildfire conditions [35].

A major direction in the literature is ignition prediction (also called susceptibility or occurrence
prediction), which aims to identify where wildfires are more likely to occur in the future under similar
conditions. This type relies primarily on historical wildfire records and long-term environmental
and human related factors to learn patterns associated with ignition likelihood and spatial risk [22].

In terms of architecture, ignition prediction typically starts with multi-source historical datasets:
wildfire inventories (locations and dates), meteorological summaries, topography, vegetation and fuel
proxies, land use/land cover, and human pressure indicators (e.g., roads, population density). After
preprocessing (cleaning, spatial alignment, handling class imbalance), models are trained to output
a risk classification or probability surface, commonly delivered as susceptibility/risk maps [36], see
Figure 1.5.
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Figure 1.5: Architecture of wildfire ignition (susceptibility) prediction

Outputs from ignition prediction are often used for planning and mitigation, such as prioritizing
high-risk zones for prevention, improving patrol routes, optimizing sensor/Unmanned Aerial Vehicle
(UAV) deployment, and supporting policy decisions. Importantly, the goal is not to predict the exact
ignition time, but to provide actionable spatial intelligence about likely hotspots and the relative
contribution of driving factors [22].

Researchers in [36] conducted a comparative study applying multiple machine learning methods
to build an ignition prediction model for Portugals Montesinho Natural Park using spatial and
temporal predictors. Researchers in [37] represented environmental factorscombining climate data
and wildfire recordswithin a graph structure to enable the use of graph convolutional networks
alongside Long Short-Term Memory (LSTM) models, aiming to capture spatial dependencies and
temporal dynamics simultaneously.

A second direction is wildfire spread prediction, which focuses on forecasting how a wildfire
will evolve after ignitionincluding direction, rate of spread, and potentially affected area. Unlike
ignition prediction, spread prediction is dynamic and time-sensitive, and it is designed to support
operational decisions during active wildfire events [38].

The architecture for spread prediction typically requires (1) an ignition starting point or perime-
ter, (2) near real time and short term forecast variables (wind speed/direction, temperature, hu-
midity), (3) terrain and fuels information (topography, vegetation state), and (4) historical context
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to stabilize learning, Figure 1.6. Models ingest recent temporal windows (hours/days) and produce
forecasts such as next-step perimeter growth, spread probability maps, or affected-surface estimates
over a defined horizon [20].

Figure 1.6: Architecture of wildfire spread prediction

Spread prediction is especially valuable for incident response, because it supports decisions like
evacuation planning, line placement, resource dispatch, and protection of critical assets. It can be
implemented using physics-based simulators, data-driven deep models, or hybrid approaches that
combine both, depending on the required speed, scale, and interpretability [39].

Researchers in [20] proposed a deep learning model for large-scale wildfire spread forecasting
based on an Multi-Attention Network (MA-Net) architecture, considering prediction horizons from 1
to 5 days and using environmental and climate inputs. Researchers in [40] developed a Convolutional
Neural NetworkBidirectional Long Short-Term Memory (CNNBiLSTM) model for wildfire spread
prediction in Canada using predictors such as topography, temperature, wind information, and
vegetation indices.

Wildfire prediction still faces major challenges due to environmental complexity and data lim-
itations. Key issues include sparse real-time ground observations (e.g., fuel moisture in remote
areas), difficulty capturing wildfireatmosphere feedbacks where large wildfires generate their own
local weather, uncertainty from ember spotting that triggers new ignitions ahead of the wildfire
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front, and novel climate conditions that reduce the reliability of models trained on historical regimes
[36]. Additionally, there is often a critical trade-off between speed and accuracy, where operational
needs demand fast forecasts while high-fidelity modeling can be computationally expensive during
time-critical wildfire emergencies [38].

1.4 Wildfire Detection
Wildfire detection represents the operational bridge between a state of readiness and active response.
It can be defined as the process of identifying and locating the earliest signs of wildfire ignitionsuch
as smoke plumes, thermal anomalies, or gas emissionsin order to trigger rapid intervention while
the event is still small and localized [41].

The importance of wildfire detection lies in exploiting the critical time window between ignition
and escalation. When detection occurs early, responders can mobilize while the wildfire remains
limited in size and intensity, which increases the probability of successful containment and reduces
the likelihood that it becomes uncontrollable under adverse conditions. In this way, early detection
contributes directly to reducing wildfire impacts and threats on human safety, economic assets, and
ecosystems [42].

In general, the architecture of wildfire detection systems begins with real-time data acquisition
from one or more sources, such as satellite imagery, fixed cameras, in situ sensors, aerial platforms,
or even human-generated signals such as social media reports [21]. The incoming data are then
processed using automated methodsoften based on computer vision, signal processing, or real-time
classification modelsto identify wildfire signatures (smoke, flames, heat, or gases) and generate alerts
with location estimates, as summarized in the corresponding Figure 1.7 .
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Figure 1.7: General architecture of wildfire detection

A first major category in wildfire detection is satellite-based systems, where spaceborne obser-
vations are used to identify potential ignition points through thermal or radiative anomalies. This
approach is valuable for monitoring large territories and supporting regional-scale situational aware-
ness. However, it is often constrained by revisit time, spatial resolution trade-offs, and atmospheric
limitations such as cloud cover, which can delay or obscure early ignition signals. Researchers in
[43] provided an example using a Convolutional Neural Network (CNN)-based approach trained on
spaceborne data for wildfire detection.

A second category is ground-based camera networks, which rely on fixed cameras deployed by
agencies or authorities, especially in wildfire-prone zones such as forests and agricultural interfaces.
These systems analyze video streams to detect smoke or flames using image-processing and deep
learning methods, often providing high temporal resolution and fast alerting. In [44] researchers
developed a prototype for smoke detection by leveraging networks of cameras originally installed
for surveillance and alerting purposes.

A third category is Internet of Things (IoT)-based sensing, where sensors are distributed in the
landscape to capture early physical or chemical signals associated with ignition. This may include
gas sensors capable of detecting emissions during smoldering phases before smoke becomes clearly
visible, as well as other sensing modalities. For instance, [45] proposed a detection approach based
on sound-spectrum sensing, using acoustic signatures to support wildfire detection.
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A fourth category is aerial surveillance, which uses UAVs (drones) equipped with optical, ther-
mal, or chemical sensors to identify wildfire hotspots and confirm ignition locations. Aerial plat-
forms can provide flexible deployment, detailed close-range observation, and improved detection
under some visibility constraints, including heavy smoke, depending on the sensor payload. Re-
searchers in [46] developed a deep ensemble learning approach to classify UAV-collected imagery
for wildfire detection.

Despite their promise, wildfire detection systems face important challenges, particularly the risk
of false alarms and missed detections. False alarms, or false positives, occur when the system signals
a fire where none exists, for example due to industrial smoke, dust, fog, sun glare, or red roofs, lead-
ing to unnecessary operational responses [21]. Conversely, false negatives, where an actual wildfire
is not detected, can be catastrophic as they delay response and allow fires to spread uncontrolled.
In addition, operational performance may be affected by computational latency, and deploying and
maintaining sensing infrastructure, communication networks, and real-time processing can be costly,
especially for wide geographic coverage [45].

1.5 Wildfire Early Warning Systems
Early warning systems (EWS) for wildfires can be defined as an integrated set of capacities designed
to provide timely and actionable information that enables individuals, communities, and institutions
to prepare and act appropriately to reduce harm [22]. Unlike wildfire detection, which is primarily
a technical task focused on identifying the presence of a wildfire (or the earliest ignition signals), an
EWS is a holistic process: it incorporates detection but extends it with risk analysis, forecasting,
formal communication procedures, and organized community and institutional response mechanisms
[47].

The architecture of a wildfire EWS typically begins with risk knowledge, where multi-source data
are collected and analyzed to understand wildfire occurrence, exposure, and vulnerability patterns.
This is followed by monitoring and forecasting, using observational systems and analytical models
to track current conditions and anticipate potential wildfire development. The next component is
warning dissemination, where alerts are communicated through predefined channels to responsible
agencies, responders, and at-risk populations [22]. Finally, preparedness and response capacities
ensure that warnings translate into effective action, meaning that institutions and communities are
trained, coordinated, and equipped to respond based on updated information and clear procedures
[47], as illustrated in the associated Figure 1.8.
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Figure 1.8: Architecture of a Wildfire Early Warning System

The importance of wildfire early warning systems lies in their capacity to transform information
into protection. By combining understanding, prediction, detection, and communication in a single
coordinated system, EWS can reduce fatalities, injuries, and economic losses by enabling earlier and
more targeted preventive actions and evacuations. Well-designed EWS also contribute to resilience
by strengthening coordination across agencies, improving public awareness and trust, and ensuring
that communities can respond effectively under rapidly evolving wildfire conditions [22].

Examples in the literature illustrate different implementation approaches. Researchers in [48]
developed a forest wildfire early warning system that integrated data collection using UAVs and
installed sensors, used these inputs to support wildfire prediction and detection, and then trans-
mitted alerts autonomously through applications installed on citizens devices. In another example,
[19] proposed a system based on a network of carbon dioxide (CO) sensors used for early wildfire
detection, where sensor data were aggregated and analyzed through cloud technologies to support
warning generation and information sharing.

1.6 Technologies Supporting Pre-Wildfire Management
Pre-wildfire management requires highly effective systems capable of operating under complex en-
vironmental conditions and strict time constraints. To meet these demands, agencies increasingly
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rely on a combination of available technologies to improve situational awareness, strengthen risk
analysis, and support timely decision-making. Tools such as IoT sensing networks, UAV-based
surveillance, remote sensing, GIS, cloud computing, artificial intelligence methods, and operational
platforms (including web and mobile applications) contribute to building high-performance capabil-
ities for understanding wildfire drivers, predicting risk, detecting early signals, and communicating
actionable information to responders and communities.

1.6.1 IoT for Pre-Wildfire Management

The Internet of Things (IoT) can be viewed as a high-resolution nervous system for wildfire manage-
ment, enabling granular, real-time monitoring that is difficult to achieve through satellite observa-
tions or manual patrols alone. By deploying dense networks of solar-powered or energy-harvesting
sensor nodes across large and remote landscapes, agencies can continuously track micro-climatic
conditions and local risk thresholds such as temperature, humidity, and wind speed [49]. These
networks are particularly valuable for early wildfire detection, since they can identify abnormal
signals and provide precise location information (including GPS coordinates) at very early stages,
sometimes before smoke becomes visible to observers or detectable by conventional optical systems
[50].

IoT also plays a central role in data transmission for wide-area monitoring by using low-power
and long-range communication solutions such as Long Range (LoRa)-based networks, LoRaWAN,
and, when necessary, direct-to-satellite connectivity. These communication capabilities make it
possible to deliver alerts from areas without cellular coverage, improving detection reliability in
deep wilderness regions. In addition, modern IoT nodes increasingly incorporate edge computing,
allowing preliminary processing to be performed locally so that only high-probability threats trigger
communication and alerts, reducing bandwidth requirements and improving system responsiveness
[51].

Beyond detection, IoT supports wildfire prevention through continuous monitoring of vulner-
able infrastructure. For example, sensors installed along utility networks can detect mechanical
anomalies in real time (such as line faults or abnormal movement), enabling rapid intervention and,
when applicable, automated shut-offs that reduce the likelihood of ignition sources reaching dry
fuels [52]. In this way, IoT contributes not only to early warning but also to reducing human-caused
ignition risk through infrastructure-level safeguards, see Figure 1.9.
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Figure 1.9: Role of IoT in Pre-Wildfire Management: Real-Time Monitoring, Early Detec-
tion, and Alert Transmission

A scalable approach combining IoT connectivity and machine learning has been proposed in [53],
where a forest wildfire detection solution based on LoRa technology and wireless sensor networks was
integrated with a feed-forward neural network. In that system, data analysis and alert management
were supported through a Social Internet of Things (SIoT) paradigm, and the overall configuration
was validated in a real forest scenario, demonstrating its applicability for early detection.

Despite these advantages, deploying IoT for wildfire management faces substantial economic and
logistical challenges. Achieving reliable coverage across rugged forest landscapes may require thou-
sands of sensor units, in addition to gateways and, in some cases, satellite backhaul subscriptions,
creating high initial investment costs and ongoing operational expenses for many local authorities
[54]. Maintenance is also demanding, because sensors can be damaged by extreme weather, wildlife
activity, or even the wildfires they are designed to detect, requiring hazardous field interventions
in remote areas. Although energy-harvesting solutions are improving, many systems still depend
on batteries that must be replaced periodically. Finally, rapid hardware obsolescence and evolving
communication standards can complicate long-term interoperability, making sustained operation
and upgrades a persistent technical and financial burden [51].
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1.6.2 UAVs for Pre-Wildfire Management

Unmanned Aerial Vehicles (UAVs) provide a flexible aerial intelligence layer for pre-wildfire man-
agement, bridging the scale gap between ground sensing and satellite observation through high-
resolution, on-demand data collection. Their main advantage is the ability to operate over complex
terrain and hazardous environmentssuch as steep valleys, remote mountain areas, and dense forest
canopieswhere ground access is difficult and manned operations can be costly or constrained [55].
Equipped with payloads such as optical cameras, thermal infrared sensors, Light Detection and
Ranging (LiDAR), or hyperspectral sensors, UAVs can be used proactively to generate detailed
maps of fuel structure and vegetation condition, supporting the identification of zones where fuels
are dry and continuous enough to favor ignition and rapid spread. This type of granular informa-
tion helps agencies plan targeted mitigation actions, including prioritizing fuel treatments, defining
strategic firebreak locations, and improving monitoring coverage over high-risk landscapes [18].

UAVs also support the operational transition from detection to response through rapid verifica-
tion and real-time surveillance. When an IoT network or satellite observation indicates a potential
hotspot, UAVs can be dispatched to the reported coordinates to provide visual confirmation, reduc-
ing false alarms caused by non-wildfire sources such as dust or industrial emissions. In early wildfire
stages, thermal sensors can help locate active hotspots and assess initial spread patterns under low
visibility conditions (e.g., smoke or nighttime), delivering live situational awareness that supports
faster and more precise decisions, including resource staging and targeted evacuation planning [56],
see Figure 1.10. Recent research has also adapted deep learning for UAV-based wildfire detection,
including an enhanced YOLOv8 approach designed for UAV imagery that improves localization ac-
curacy through Wise-IoU (WIoU) v3 loss, reduces model complexity via Ghost Shuffle Convolution,
and strengthens smoke-feature extraction in complex wooded scenes using BiFormer attention [57].
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Figure 1.10: Role of UAVs in Pre-Wildfire Management: Fuel Mapping, Hotspot Verification,
and Real-Time Surveillance

At the same time, UAV deployment faces technical, operational, and regulatory challenges
that can limit sustained coverage and reliable real-time use. Battery endurance is often restricted,
especially for multi-sensor payloads, requiring frequent recharging or coordinated rotations for per-
sistent monitoring. Performance can degrade under harsh conditions such as strong winds, tur-
bulence, and high temperatures, while reliable data transmission remains difficult in mountainous
regions or remote forests with limited connectivity, and smoke can reduce visibility unless advanced
(and costly) thermal or LiDAR sensors are used. Regulatory constraintsparticularly restrictions
on beyond-visual-line-of-sight operationscan reduce deployment flexibility, and safety concerns arise
when unauthorized drone activity interferes with official aerial operations, creating operational risk
and occasionally forcing mission interruptions [55].

1.6.3 Remote Sensing and GIS for Pre-Wildfire Management

Remote sensing and Geographic Information Systems (GIS) form a foundational intelligence layer for
pre-wildfire management by providing wide-area spatial observation and the analytical framework
needed to understand landscape-scale risk. Remote sensing acts as a primary data source by using
satellite missions (e.g., Sentinel and Landsat families) and additional sensing technologies such as
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LiDAR and Synthetic Aperture Radar (SAR) to monitor environmental conditions without physical
contact [58]. These observations support the derivation of key indices and variables used in wildfire
analysis, including vegetation-condition indicators such as Normalized Difference Vegetation Index
(NDVI) and severity-related metrics such as Normalized Burn Ratio (NBR).. In addition, SAR
observations are valuable because they can maintain coverage under cloud conditions and some
visibility constraints, while thermal sensors can support hotspot identification and help flag potential
ignitions in remote areas [59], see Figure 1.11.

GIS complements remote sensing by integrating multi-source information into a unified decision-
support environment. By combining remote sensing products with terrain variables (elevation, slope,
aspect), historical wildfire occurrence, weather information, and indicators of human presence (e.g.,
proximity to roads and settlements), GIS enables the production of wildfire susceptibility maps and
other risk layers that are directly usable for planning [59]. In the pre-wildfire phase, these outputs
help prioritize areas for prevention and mitigation actions such as fuel treatment planning, targeted
monitoring, and risk-informed land-management decisions. More broadly, the integration of remote
sensing and GIS supports a shift toward data-driven risk reduction by improving spatial under-
standing of wildfire drivers and enabling systematic prioritization across large territories [ref45],
see Figure 1.11.

Figure 1.11: Role of Remote Sensing and GIS in Pre-Wildfire Management: Landscape
Monitoring, Risk Mapping, and Decision Support
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A representative example of this integration is reported in [60], where remote sensing and
spatial statistical methods were used to analyze wildfire occurrence patterns and their relationships
with multiple environmental and anthropogenic factors. Spatial distribution was explored using
techniques such as kernel density estimation and spatial autocorrelation/hotspot analyses (e.g.,
Morans I and Getis-Ord Gi), while regression-based models (including geographically weighted
approaches) were applied to quantify how variables such as elevation, slope, relative humidity,
temperature, and land-use/deforestation indicators relate to wildfire frequency across heterogeneous
regions. Such studies illustrate how remote sensing products and GIS-based spatial analysis can
jointly support robust understanding of where and why wildfire activity concentrates.

Despite their importance, remote sensing and GIS approaches face several practical challenges.
Processing high-resolution SAR or LiDAR data over large areas can require substantial storage,
computational power, and advanced preprocessing workflows, which may exceed the capacity of
many local agencies. Access to very high-resolution imagery can also be limited by cost, creating
uneven data availability across regions. Finally, temporal constraints remain significant: high-
resolution satellite observations may have revisit intervals of days, while sensors with frequent
updates often provide coarser resolution, which can limit the detection of small or early-stage
ignitions and reduce responsiveness in fast-evolving conditions [ref45].

1.6.4 AI Methods for Pre-Wildfire Management

Artificial intelligence (AI) can be considered the cognitive core of pre-wildfire management because
it enables rapid, autonomous analysis of large and heterogeneous datasets that would be difficult
to process manually. In ignition prediction (susceptibility/occurrence prediction), machine learning
(ML) methods such as Random Forest, Support Vector Machines (SVM), and gradient boosting
models (e.g., XGBoost) are widely used to learn non-linear relationships from historical archives
that combine meteorological conditions, topography, vegetation proxies, and human-activity indica-
tors. These models are particularly valuable because, in addition to producing susceptibility maps,
they can support factor interpretation through feature importance analysis, helping agencies iden-
tify which driverssuch as drought-related indicators or proximity to infrastructurecontribute most
strongly to wildfire likelihood in a given region [61], see Figure 1.12.

Deep learning (DL) has further increased automation in wildfire detection and behavior-related
forecasting. Convolutional Neural Networks (CNNs) are commonly used in camera networks and
satellite-image workflows to detect smoke signatures or thermal anomalies quickly and consistently,
including under conditions where human observation may be constrained (e.g., low visibility or
continuous monitoring needs) [62]. For short-term wildfire behavior and spread-related predic-
tion, time-series models such as recurrent neural networks (RNNs) and Long Short-Term Memory
(LSTM) networks can integrate evolving meteorological inputs to estimate near-future wildfire dy-
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namics over operational horizons. More recent directions also include generative approaches and
physics-informed learning, which can support scenario generation, training, and faster approxima-
tions of coupled wildfireatmosphere effects within simulation or decision-support contexts [63], see
Figure 1.12.

Figure 1.12: Role of Artificial Intelligence in Pre-Wildfire Management: Susceptibility Mod-
eling, Automated Detection, and Behavior Forecasting

Various ML approaches, including Support Vector Regression (SVR), Gaussian Process Regres-
sion (GPR), regression trees, and neural networks, have also been evaluated for predicting wildfire
rate of spread in grassland contexts using datasets that combine wildfire and experimental records,
with results showing strong fits on model development data [64].

However, important limitations remain for AI-enabled wildfire management. A key concern is
interpretability: while DL models can achieve high predictive performance, their black-box nature
may reduce trust and hinder adoption in high-stakes operational decisions where decision-makers
need understandable justifications. AI performance also depends strongly on training data quality
and representativeness; models trained mainly on historical conditions may generalize poorly under
novel climate extremes, increasing the risk of failure when wildfire behavior departs from past
patterns. In addition, the computational demands of DLespecially for large-scale, near-real-time
processingoften require cloud or high-performance infrastructure, which can become a vulnerability
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when connectivity or power is disrupted during wildfire emergencies [65].

1.6.5 Operational Platforms for Pre-Wildfire Management

Operational platforms for wildfire management have increasingly evolved into common operational
pictures that unify fragmented information into intuitive web and mobile interfaces for both profes-
sionals and the public. At the agency level, these platforms function as coordination and decision-
support environments by integrating heterogeneous streams such as satellite-based detections, GIS
layers, weather information, analytical outputs, and GPS-based tracking of operational resources.
By providing a synchronized view across institutions, they reduce communication gaps and support
faster and more consistent decisions during rapidly evolving wildfire situations [66], see Figure 1.13.

For communities, high-accessibility mobile applications play a complementary role by bridging
the last mile of emergency communication. These tools translate operational information into ac-
tionable guidance by providing perimeter visualization, evacuation updates, and practical safety
instructions, while also supporting public health awareness through smoke and air-quality infor-
mation. Through connected workflows, the same ecosystem can support a continuous information
chainfrom the moment an ignition signal is detected to the moment alerts and guidance reach
exposed populationsthereby improving timeliness and coordination [67], see Figure 1.13.

Figure 1.13: Operational Web and Mobile Platforms for Pre-Wildfire Management
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A relevant approach is presented in [68], where a decision support system adapted to the Por-
tuguese context combines multi-sensor technologies with GIS functionalities through three compo-
nents: an ArcGIS Online feature service for near-real-time collaborative operational data sharing, a
mobile client application providing GIS-based visualization dashboards, and a multi-sensor device
collecting field data to enrich the information flow for wildfire management.

Even the most advanced operational platforms face significant hurdles that can limit effective-
ness during wildfire crises. A central challenge is interoperability, since different agencies may rely
on incompatible software and data standards, producing fragmented situational awareness and con-
flicting versions of key layers such as wildfire perimeters. The digital divide also remains critical:
remote or low-income populations may lack connectivity or digital literacy, reducing access to timely
alerts. In addition, operational trust can be affected when AI-driven outputs are difficult to inter-
pret, while latency and uncertainty in data streams can reduce usefulness in fast-moving events
where minutes matter. Finally, when platforms incorporate crowdsourced information, maintaining
data quality becomes difficult, and unverified reports can introduce confusion for both citizens and
responders [69].

1.7 Conclusion
Pre-wildfire management provides a practical pathway to reducing wildfire losses by strengthening
anticipation, preparedness, and coordination before critical conditions escalate. When combined
with reliable information, efficient monitoring, and effective communication, it supports better pri-
oritization of prevention actions and improves readiness for rapid intervention, while acknowledging
that performance is shaped by data limitations, system costs, and operational constraints.

Building on this foundation, the next chapter reviews wildfire susceptibility mapping (WSM)
literature as a key risk-assessment component that translates multi-source factors into actionable
spatial evidence for prevention planning and decision support.
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Chapter 2

Wildfire Susceptibility Mapping

2.1 Introduction
Over the past two decades, the literature on wildfire susceptibility mapping has expanded sig-
nificantly, reflecting advances in Earth observation technologies, geographic information systems,
and data-driven modeling techniques. Researchers have explored a wide range of conditioning fac-
tors, methodological approaches, and analytical tools, resulting in diverse workflows and modeling
philosophies. While this growing body of work has led to notable improvements in predictive ac-
curacy, it has also introduced heterogeneity in data sources, factor selection strategies, modeling
methods, and validation practices, making it difficult to identify best practices or transferable so-
lutions.

The objective of this chapter is to synthesize and critically review existing research on wildfire
susceptibility mapping in order to establish a structured foundation for the proposed methodology.
The chapter examines key concepts and system architectures, commonly used environmental and
anthropogenic factors, the role of GIS in data integration and analysis, modeling techniques ranging
from traditional methods to advanced machine learning and deep learning approaches, and recent
efforts toward interpretability. By highlighting methodological trends, strengths, and limitations,
this review identifies persistent research gaps and motivates the design choices adopted in the
subsequent chapters of this thesis.

2.2 Wildfire Susceptibility Mapping: Definition and
Architecture

Wildfire Susceptibility Mapping (WSM) refers to the spatial assessment of the likelihood that a
wildfire may occur in a given location based on its inherent environmental and anthropogenic

30



Wildfire Susceptibility Mapping

characteristics [70]. Unlike short-term fire danger or hazard indices that fluctuate daily with me-
teorological conditions, susceptibility mapping focuses on relatively stable or slowly varying factors
such as terrain, vegetation structure, climate trends, and human presence. The outcome is typically
a spatially explicit map that classifies the landscape into different susceptibility levels, providing a
long-term perspective on where wildfire ignition is more likely to occur [71].

The importance of WSM lies in its role as a proactive decision-support tool for wildfire risk re-
duction. By identifying areas that are structurally prone to wildfire occurrence, susceptibility maps
support long-term land-use planning, fuel management strategies, and prevention policies. They
allow authorities to prioritize mitigation measures such as fuel treatments, firebreak construction,
and regulation enforcement in the wildlandurban interface. In recent years, WSM products have
also gained relevance for emergency preparedness, insurance risk assessment, and public aware-
ness, as they provide a scientifically grounded basis for anticipating wildfire exposure under typical
environmental conditions rather than reacting to crises after ignition [72].

From a systems perspective, WSM is commonly implemented through a structured data-to-
decision workflow that integrates heterogeneous spatial information into a coherent analytical frame-
work. This workflow generally begins with the acquisition of conditioning factors representing topo-
graphic, vegetation, climatic, and human influences, together with historical wildfire records. These
inputs are harmonized and processed within a geospatial environment before being analyzed using
statistical or machine learning techniques to estimate susceptibility patterns. The final outputs
are spatial productsoften continuous probability surfaces or classified mapsthat are designed for
integration into geographic information systems and operational planning platforms [73], see Figure
2.1. This general architecture provides the foundation upon which diverse modeling approaches in
the literature are built and compared in this chapter.
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Figure 2.1: General workflow of wildfire susceptibility mapping system.
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2.3 Factors Influencing Wildfire Occurrence
The development of a Wildfire Susceptibility Mapping system begins with the identification and col-
lection of environmental and anthropogenic factors that influence wildfire occurrence. Researchers
first focus on assembling spatial data describing the physical environment, vegetation characteristics,
climatic conditions, and human activities from all available sources, including remote sensing prod-
ucts, meteorological records, field surveys, and geospatial databases. This step is fundamental not
only for building susceptibility models but also for understanding how different factors contributein-
dividually and collectivelyto wildfire ignition and spatial patterns. By analyzing these relationships,
WSM studies aim to move beyond simple prediction toward a more explanatory understanding of
wildfire dynamics across landscapes[74]

In recent years, advances in Earth observation, data availability, and machine learning tech-
niques have led to the use of an increasingly large and diverse set of conditioning factors in wildfire
susceptibility studies. While this richness of data has improved modeling capabilities, it has also
introduced new challenges related to redundancy, scale mismatch, and model interpretability. Con-
sequently, selecting appropriate factors has become a critical methodological step, requiring careful
consideration of the study areas environmental context, data quality, and research objectives. Es-
tablishing clear criteria for factor selection helps ensure that susceptibility models remain robust,
transferable, and physically meaningful rather than overly complex or data-driven without environ-
mental justification [74].

2.3.1 Environmental and Anthropogenic Factors

Environmental factors are widely recognized as the fundamental elements that precondition land-
scapes for wildfire ignition and spread. Among them, climatic and meteorological variables play the
most dynamic and influential role, as they directly control fuel moisture and fire behavior. Rising
temperatures, prolonged droughts, and declining relative humidity accelerate vegetation desiccation,
increasing flammability across large regions. High-risk fire conditions are often associated with the
combined effects of heat, dryness, and strong winds, where temperature and humidity primarily
govern ignition probability, while wind speed and direction strongly influence fire propagation and
intensity. Because of their temporal variability, climatic variables are incorporated into WSM stud-
ies using different temporal representations, ranging from long-term averages that reflect structural
susceptibility to seasonal or lagged indicators that capture pre-fire drying conditions [75].

Topography provides the physical framework within which fires evolve and is therefore among
the most consistently used groups of factors in susceptibility modeling. Elevation, slope, and aspect
influence local microclimates, fuel distribution, and wind exposure [76]. Slope is particularly sig-
nificant, as fires tend to spread more rapidly uphill due to flame tilt and preheating of fuels, while
aspect controls solar radiation and moisture retention, creating contrasts between drier sun-exposed
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slopes and cooler shaded ones. These variables are favored in regional and national-scale studies
because they are stable over time, globally available through digital elevation models, and easily
interpretable by decision-makers, making them a reliable foundation for comparative WSM analyses
[77].

Vegetation-related factors represent the fuel component of the fire triangle and are essential
for sustaining wildfire activity. Fuel load, continuity, and condition strongly influence susceptibil-
ity, and are commonly represented through remote sensingderived indices such as NDVI, EVI, and
land-cover classifications [72]. These proxies capture vegetation density, health, and moisture sta-
tus, allowing researchers to distinguish between fuel-rich forested areas, shrublands, and fragmented
agricultural or urban interfaces. Several studies report non-linear relationships between vegetation
indices and fire occurrence, particularly in Mediterranean and semi-arid environments, where in-
termediate vegetation greenness often corresponds to abundant fine fuels that favor ignition and
rapid spread. Species composition and the presence of dead or stressed vegetation further increase
susceptibility by facilitating ladder fuels and crown fire development [76].

Hydrological and soil-related factors are incorporated less consistently but can be locally impor-
tant in shaping fire occurrence patterns. Variables such as distance to rivers, wetlands, and water
bodies are often used as proxies for moisture availability and landscape accessibility, with effects
that vary depending on regional climate and land use [76]. Soil moisture, soil type, and texture
influence water retention and vegetation growth, thereby indirectly affecting fuel conditions. Ad-
vances in satellite-based soil moisture products have increased the inclusion of these variables in
large-scale studies, while higher-resolution national soil datasets are typically employed in localized
case studies [78].

Anthropogenic factors are widely acknowledged as the dominant catalysts of wildfire ignitions,
accounting for the majority of recorded fire events worldwide. Proximity to roads, settlements, and
infrastructure is consistently identified as a strong predictor of fire occurrence, reflecting increased
human presence, accessibility, and accidental or negligent ignition sources [76]. The expansion of
the WildlandUrban Interface intensifies this pressure by introducing artificial fuels and increasing
interactions between human activities and fire-prone ecosystems. Power lines, recreational areas,
agricultural boundaries, and population density are also frequently used proxies, although many
studies deliberately limit the number of human-related variables to reduce redundancy and maintain
model interpretability [77].

Finally, historical wildfire data play a dual role in susceptibility studies. Past fire occurrences
provide essential labels for supervised learning models, linking observed ignitions to their environ-
mental and anthropogenic context [76]. In some cases, smoothed fire density or hotspot layers are
also used to represent persistent ignition patterns driven by recurring human activity. However, the
literature emphasizes the need for careful temporal separation between training and validation data
to avoid circularity and over-optimistic model performance. When used appropriately, historical
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fire records significantly enhance the robustness and explanatory power of wildfire susceptibility
models [79].

2.3.2 Selection of Conditioning Factors

The selection of conditioning factors is a critical step in wildfire susceptibility mapping, as it directly
influences model performance, interpretability, and generalization. Although a large number of
environmental and anthropogenic variables have been reported in the literature, not all factors
contribute equally to wildfire occurrence, and inappropriate selection may introduce redundancy,
multicollinearity, or noise into susceptibility models

To understand how researchers select conditioning factors for wildfire susceptibility modeling,
23 peer-reviewed studies were analyzed. The factors employed in each study were identified and
compiled, and their frequencies of use were summarized in Figure 2.2. Across the selected studies,
a total of 28 distinct conditioning factors were used. The analysis reveals substantial variability in
factor selection, reflecting differences in study objectives, geographic context, data availability, and
methodological choices. Some factors are widely adopted across the literature, while others appear
only sporadically.

From Figure 2.2, it is evident that certain variables are consistently used in the majority of
studies. Topographic factors (particularly slope, which appears in all 23 studies) are among the
most frequently adopted variables, followed by elevation and aspect. Climatic variables such as
temperature and precipitation are also widely used due to their direct influence on fuel moisture and
ignition probability. Vegetation-related indicators, especially the Normalized Difference Vegetation
Index (NDVI), are commonly employed as proxies for fuel availability and vegetation health. In
contrast, other factors, such as drought indices, soil moisture, or specific hydrological variables, are
used far less frequently, often appearing only in studies focused on particular climatic or ecological
contexts.
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Figure 2.2: Frequency of conditioning factors reported in recent WSM studies by category.

A key observation from the reviewed literature is that factor selection is strongly dependent on
the objectives of the study. Some authors aim to assess the combined influence of a wide range
of environmental and anthropogenic drivers on wildfire occurrence and therefore include a large
number of factors; for example, some studies employ more than 20 variables to capture all potential
influences [77]. Conversely, other studies deliberately limit the number of factors (sometimes to only
two or three) in order to focus on the role of specific phenomena, such as vegetation condition or soil
moisture, and to better interpret their individual effects [78]. Nevertheless, the majority of studies
adopt an intermediate strategy, typically selecting between 10 and 14 factors [71, 79]. This range
appears to provide a balance between model comprehensiveness and methodological robustness,
while reducing redundancy, multicollinearity, and the inclusion of irrelevant variables.

Practical considerations also play a significant role in factor selection. Many of the most fre-
quently used variables are derived from globally available datasets, such as digital elevation models
for slope and aspect [79]or satellite products for NDVI [80], which facilitates their use across different
regions. When multiple variables represent similar processes (such as different wind) related metrics
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or overlapping proxies of human activity, researchers often retain only one to avoid redundancy [72].
Human-related factors illustrate this selection trade-off particularly well. While proximity to

roads and settlements is almost universally included as a proxy for anthropogenic ignition pressure,
some authors extend their analysis by incorporating additional variables such as population density,
agricultural areas, recreational zones, or power lines to examine their individual contributions in
more detail [81, 82]. When multiple variables represent similar processes, researchers often retain
only the most interpretable or best-curated indicators to avoid conceptual and statistical overlap.

Several studies further support factor selection through statistical screening methods. Collinear-
ity diagnostics, such as correlation analysis and Variance Inflation Factor (VIF), are frequently
applied to identify and remove redundant predictors. For instance, authors in [83] excluded vari-
ables such as water vapor pressure, gross primary productivity (GPP), potential evapotranspiration
(PET), and aridity index (AI) due to high VIF values, thereby improving model stability and
interpretability.

Despite these practices, explicit justification of factor choice remains uneven across the literature.
Only a limited number of studies [84, 85] thoroughly discuss the physical relevance of their selected
factors, grounding their decisions in expert knowledge, fire behavior theory, and domain-specific
reports. This approach provides deeper insight into the mechanisms linking conditioning factors to
wildfire occurrence [73, 86]. In contrast, many studies rely primarily on commonly used variables
without a detailed examination of their suitability for the specific study area, often driven by data
availability rather than contextual relevance.

Overall, the literature indicates that conditioning factor selection in WSM is governed by a
combination of scientific relevance, study objectives, expert judgment, methodological constraints,
and data availability. This diversity of approaches highlights the absence of a universal factor set
and underscores the need for context specific selection strategies that balance physical relevance,
data quality, and model interpretability.

2.4 Role of GIS in Wildfire Susceptibility Mapping
Geographic Information Systems (GIS) constitute a core component of wildfire susceptibility map-
ping due to their capacity to manage, analyze, and integrate spatial data from heterogeneous sources
2.3. One of the primary functions of GIS in WSM is spatial data extraction. GIS tools are widely
used to derive relevant variables from satellite imagery and other geospatial datasets, including
topographic attributes, vegetation indices, climatic parameters, and land use or land cover infor-
mation. These spatial layers are converted into quantitative representations that can be directly
incorporated into statistical and machine learning models for susceptibility assessment [87, 88, 70,
89].

Another fundamental contribution of GIS lies in spatial scale harmonization. Data used in
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wildfire studies are typically collected from multiple sources that differ in spatial resolution, extent,
and projection systems. GIS enables the resampling, reprojection, and alignment of these datasets
to a common spatial resolution and coordinate framework. This unification process ensures spatial
consistency across all layers, which is essential for accurate comparison, integration, and modeling
of wildfire susceptibility [90].

GIS also plays a critical role in dataset construction and integration. Multiple spatial layers
representing environmental conditions and human-related factors are combined within a GIS envi-
ronment to build comprehensive analysis-ready datasets. Each conditioning factor is organized as
a raster or vector layer and structured into a geographic matrix, allowing pixel-level or unit-based
analysis. This systematic integration provides the foundation upon which machine learning and
other modeling techniques operate [74, 91].

Finally, GIS is indispensable for visualization and interpretation of results. Its cartographic ca-
pabilities enable the effective representation of spatial relationships and patterns through thematic
maps. By overlaying and comparing different layerssuch as elevation, vegetation cover, and prox-
imity to human infrastructureresearchers can visually explore the interactions among conditioning
factors and better interpret their influence on wildfire occurrence. These visualization tools are also
essential for communicating susceptibility outcomes to decision-makers and stakeholders [92, 89].

Figure 2.3: Role of GIS in Data Integration, Analysis, and Visualization for Wildfire Suscep-
tibility Mapping
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2.5 Methods Used for Wildfire Susceptibility Modeling
Wildfire susceptibility modeling (WSM) aims to explore and quantify the relationships between
historical wildfire occurrences and the environmental and anthropogenic factors that influence them,
with the ultimate goal of classifying areas according to their likelihood of experiencing future fires.
Over time, a wide range of methodological approaches has been developed for this purpose, evolving
from traditional prescriptive and rule-based techniques to more advanced data-driven methods,
including machine learning (ML) and deep learning (DL) algorithms [84]. This methodological
evolution reflects the increasing availability of spatial data, advances in computational capacity,
and the need for more accurate and scalable predictive models.

Early WSM studies predominantly relied on statistical and multi-criteria decision analysis
(MCDA) methods to assess wildfire risk. Techniques such as the Analytic Hierarchy Process
(AHP),Vlse Kriterijumska Optimizacija Kompromisno Resenje (VIKOR), and Technique for Or-
der Preference by Similarity to Ideal Solution(TOPSIS) have been widely employed to classify
regions based on their susceptibility to wildfires by aggregating multiple conditioning factors using
predefined weights. For example, researchers in [93] applied VIKOR and TOPSIS to generate a
wildfire susceptibility map for Mula Province in Turkey, while authors in [94] combined AHP and
TOPSIS to assess wildfire risk in West Sikkim, India. These methods provide transparent and
interpretable decision-making frameworks and are relatively easy to implement. However, their re-
liance on expert-defined weights, static assumptions, and linear relationships, as well as their limited
predictive capability and scalability, restrict their effectiveness for large-scale and complex wildfire
susceptibility assessments.

In recent years, machine learning methods have gained substantial popularity in WSM due
to their ability to process large and heterogeneous datasets, capture nonlinear interactions among
variables, and generate robust predictive outputs. Many studies adopt a comparative approach,
evaluating multiple ML algorithms to identify the most suitable model for a given study area. For
instance, decision treebased algorithms were applied in [84] to produce a WSM for the Liguria region
in Italy. Among ML techniques, Random Forest (RF) has emerged as one of the most frequently
used models, owing to its high predictive accuracy, robustness to overfitting, and capacity to handle
both linear and nonlinear relationships. In [83], RF outperformed several alternative ML algorithms
according to multiple evaluation metrics. Gradient Boosting Machine (GBM) models, including
CatBoost, XGBoost, and LightGBM, have also been extensively applied in WSM. A comparative
study in [77] demonstrated that CatBoost achieved an accuracy of 95.47% in a wildfire susceptibility
assessment in Turkey, highlighting the strong performance of boosting-based approaches.

To further enhance model interpretability and predictive power, some researchers have incorpo-
rated temporal dimensions into WSM. By segmenting datasets according to seasonal or temporal
patterns, these studies examine how the influence of conditioning factors varies throughout the year.
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For example, authors in [70, 90] applied ML algorithms separately to summer and winter datasets,
revealing distinct seasonal dependencies in wildfire occurrence.

Deep learning approaches have also been explored in wildfire susceptibility modeling, particu-
larly with the growing availability of high-resolution satellite imagery and gridded environmental
data. Convolutional Neural Networks (CNNs) are commonly used to extract spatial patterns from
imagery, while Deep Neural Networks (DNNs) model complex nonlinear relationships among mul-
tiple predictors. For instance, a CNN-based approach achieved an accuracy of approximately 95%
for wildfire susceptibility mapping in the Biobío and Ñuble regions of Chile [73]. Similarly, a DNN
model applied in the Gippsland region of Australia reached an accuracy of 0.92, underscoring the
potential of DL models to capture complex spatial and environmental interactions in WSM [75].

Beyond CNN- and DNN-based frameworks, recent studies have increasingly framed wildfire risk
assessment as a spatiotemporal learning problem. In this context, transformer-based architectures
have been introduced to jointly model spatial dependencies and temporal evolution in Earth system
variables. These models are particularly effective in capturing long-range interactions and dynamic
risk patterns, thereby complementing static susceptibility mapping approaches with time-aware
representations and nonlocal relationships [95].

To improve prediction accuracy and model robustness, several studies have proposed hybrid and
ensemble modeling strategies. For example, authors in [96] introduced a hybrid framework integrat-
ing Adaptive Neuro-Fuzzy Inference Systems (ANFIS) and Support Vector Machines (SVM) with
Genetic Algorithms and meta-heuristic optimization techniques. Similarly, [76] employed Genetic
Algorithms and other meta-heuristic methods to optimize WSM in the Zagros Mountains of Iran.
Ensemble learning approaches have also been widely investigated. In [82], three base modelsSVM,
Multilayer Perceptron (MLP), and XGBoostwere combined in a stacked architecture, followed by
meta-learning and hyperparameter optimization in a second layer to reduce subjectivity and enhance
overall predictive performance.

Table ?? provides a summary of representative methods employed in selected WSM studies,
without repetition, along with their reported accuracies. Collectively, these developments illustrate
a clear transition from traditional rule-based and statistical methods toward advanced ML and DL
approaches in wildfire susceptibility mapping, driven by the increasing demand for higher accuracy,
scalability, and methodological robustness.
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Table 2.1: Methods used for wildfire susceptibility mapping

Reference Methods Accuracy Validation
Method

[97]
Fuzzy AHP 0.83 MCDA ranking

validation
AHP 0.81 MCDA ranking

validation
Frequency Ratio 0.77 MCDA ranking

validation

[93]
VIKOR 0.83 MCDA ranking

validation
TOPSIS 0.77 MCDA ranking

validation

[77]
MLP-NET 0.88 ROCAUC

Random Forest 0.93 ROCAUC
Logistic Regression 0.79 ROCAUC

[85]
Recurrent Neural

Network
0.97 ROC/AUC

LSTM 0.96 ROC/AUC

[98]
KNearest Neighbor 0.88 kfold
Logistic Regression 0.87 assumed kfold

Decision Tree 0.81 kfold

[73]
SVM 0.89 ROCAUC

Boosted Regression
Tree

0.91 ROCAUC

[99]
CatBoost 0.95 ROCAUC
XGBoost 0.92 ROCAUC

LightGBM 0.94 T ROCAUC
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2.6 Interpretability in WSM
Interpretability in Wildfire Susceptibility Mapping (WSM) refers to the ability to understand and
explain how a model arrives at its predictions. Rather than only assigning a susceptibility score
to each spatial unit, an interpretable model clarifies the contribution of individual environmental
and anthropogenic factors to that prediction [35]. This allows researchers and practitioners to link
model outputs to physical wildfire processes, such as the influence of terrain, vegetation, climate,
or human activity, thereby bridging computational modeling and domain knowledge[38].

In wildfire risk management, predictive performance metrics alone are not sufficient for val-
idating models used in decision-making. High accuracy does not guarantee that a model relies
on meaningful or physically plausible relationships, and models may inadvertently exploit spuri-
ous correlations. Interpretability is therefore essential for building trust, ensuring accountability,
and supporting informed decisions, particularly when susceptibility maps guide land-use planning,
prevention strategies, or emergency response actions that must be justified to stakeholders [75].

Interpretability in WSM begins with transparent justification of conditioning factor selection.
Factors should be chosen based on their documented relevance to wildfire occurrence, supported by
previous studies and expert knowledge, rather than data availability alone. Clear reporting of factor
selection, correlation analysis, and multicollinearity assessment helps ensure that predictors provide
complementary information and that model behavior reflects known wildfire dynamics rather than
redundant or irrelevant signals [86].

For complex machine learning models commonly used in WSM, SHAP (SHapley Additive ex-
Planations) has become a standard tool for interpretability. SHAP quantifies the contribution of
each factor to model predictions, enabling both global interpretation (by ranking the most influen-
tial variables across the study area) and local interpretation (by explaining why a specific location
is classified as high risk). This dual perspective enhances understanding of model behavior and
supports targeted wildfire prevention measures [86].

Spatial visualization is a key component of interpretable WSM. Beyond susceptibility maps,
explanatory maps such as dominant-factor maps or spatial SHAP value maps provide insight into the
drivers of wildfire risk across different areas. These visualizations transform numerical explanations
into intuitive spatial patterns, helping decision-makers distinguish between regions dominated by
climatic stress, vegetation conditions, or human activity, and enabling more effective, location-
specific management strategies [91].

2.7 Research Gaps in Wildfire Susceptibility Mapping
A primary challenge in wildfire susceptibility mapping lies in data availability and quality. In many
regions, particularly in developing and low-resource countries, local ground-based observations of

University of Mila: 2025 42



Wildfire Susceptibility Mapping

climate, fuel conditions, and human activities are sparse or entirely absent. This limitation forces
researchers to rely heavily on global datasets derived from satellites or reanalysis products [73].
While these sources provide valuable and consistent spatial coverage, they often lack the spatial
resolution, temporal frequency, or local calibration needed to accurately represent microclimatic
conditions and human-driven ignition processes, thereby constraining the reliability and scope of
WSM studies, see Figure 2.4.

Another important research gap concerns the selection of conditioning factors. Although a large
number of environmental and anthropogenic variables have been proposed in the literature, there is
no standardized or universally accepted framework for selecting the most relevant factors for a given
study area [78]. Many studies adopt commonly used variables without systematically evaluating
their physical relevance, redundancy, or regional specificity. As a result, models may suffer from
multicollinearity, overfitting, or the inclusion of non-informative predictors, which reduces both
predictive robustness and interpretability, see Figure 2.4.

The methodology used for labeling wildfire occurrence data also presents significant challenges.
Most WSM studies rely on historical fire records to define fire and non-fire samples; however,
the criteria used to generate absence or low-susceptibility labels vary widely across studies [84].
Inconsistent buffer distances, temporal windows, and sampling strategies can introduce bias, mis-
labeling, or spatial autocorrelation, ultimately affecting model learning and evaluation. The lack
of standardized and transparent labeling protocols remains a major obstacle to comparability and
reproducibility in WSM research, see Figure 2.4.

Model selection and data treatment strategies represent another unresolved issue. While ma-
chine learning and deep learning methods have demonstrated strong predictive capabilities, there is
no consensus on which models are most appropriate under different data conditions, spatial scales,
or objectives [86]. Many studies prioritize performance comparisons without sufficiently addressing
data preprocessing, class imbalance handling, or model complexity relative to dataset size. This
often leads to the use of overly complex models where simpler approaches may suffice, or to limited
exploration of hybrid and spatiotemporal architectures, see Figure 2.4.

Validation practices in WSM also reveal notable limitations. The majority of studies rely on tra-
ditional evaluation metrics such as accuracy, AUC, or F1-score, which may not adequately capture
spatial reliability, uncertainty, or operational usefulness [77]. These metrics can be insensitive to spa-
tial clustering, class imbalance, and threshold selection, potentially overstating model performance.
The absence of spatially explicit validation, calibration analysis, and uncertainty quantification re-
stricts the confidence with which susceptibility maps can be used in real-world decision-making, see
Figure 2.4.

Finally, the interpretation of model results remains an underdeveloped aspect of WSM research.
Despite increasing model complexity, many studies provide limited insight into the drivers of pre-
dicted wildfire susceptibility, focusing primarily on performance outcomes [91]. Insufficient use of
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explainability techniques and explanatory maps reduces the transparency and practical applicability
of susceptibility models. This gap hinders the translation of WSM outputs into actionable wildfire
management strategies and underscores the need for systematic integration of interpretability into
future research, see Figure 2.4.

Figure 2.4: Key Challenges in Wildfire Susceptibility Mapping

2.8 Conclusion
This chapter has reviewed the state of the art in wildfire susceptibility mapping, emphasizing how
researchers conceptualize susceptibility, construct spatial datasets, select conditioning factors, and
apply increasingly sophisticated modeling techniques. The literature demonstrates a clear shift from
rule-based and expert-driven approaches toward data-driven machine learning and deep learning
frameworks, supported by GIS and remote sensing technologies. At the same time, the review
reveals substantial variability in factor selection, labeling strategies, validation methods, and levels
of interpretability, reflecting both regional constraints and methodological trade-offs.

Despite significant progress, the analysis highlights several unresolved challenges, including lim-
ited local data availability, the absence of standardized factor selection and labeling protocols, re-
liance on conventional evaluation metrics, and insufficient attention to model interpretability. These
gaps underscore the need for susceptibility models that are not only accurate, but also transparent,
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context-aware, and operationally meaningful. Building on the insights derived from this review,
the next chapter focuses on the literature and methodological foundations of wildfire susceptibility
modeling in greater depth, providing the basis for the proposed framework and experimental design
adopted in this research.
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Chapter 3

Study Area and Dataset Preparation

3.1 Introduction
A reliable wildfire susceptibility model depends fundamentally on the quality, consistency, and rep-
resentativeness of the input dataset. Before any learning stage, it is therefore essential to construct
a well-structured dataset that accurately captures the environmental and anthropogenic conditions
influencing wildfire occurrence. Following the analysis of the study area and the identification of rel-
evant wildfire-driving factors, this chapter details the process of transforming heterogeneous spatial
information into a coherent and learning-ready dataset.

The dataset preparation workflow begins with the collection of multi-source data describing to-
pographic, climatic, vegetation-related, and human-related factors. These data are then harmonized
and preprocessed to ensure spatial consistency and numerical reliability. Special attention is given
to data cleaning, multicollinearity assessment, and factor suitability to avoid bias and instability in
subsequent modeling stages. Finally, an effective data labeling strategy based on historical wild-
fire records is applied to convert continuous spatial information into discrete susceptibility classes
suitable for supervised learning. Through this structured pipeline, the chapter establishes a robust
foundation for the modeling and evaluation phases that follow.

3.2 Study Area: Jijel Province
The Jijel Province is located in the northeastern part of Algeria, along the Mediterranean coastline.
It is bordered by the Mediterranean Sea to the north, Skikda Province to the east, Mila and
Constantine Provinces to the south, and Béjaïa Province to the west. Administratively, Jijel is
composed of several districts (daïras) and municipalities, covering a total area of approximately
2,400 kmš [100]. The province is characterized by a complex terrain that includes coastal plains,
mountainous areas belonging to the Tell Atlas range, and dense forested landscapes. Its geographic
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position and physical diversity make Jijel a representative case for wildfire studies in Mediterranean
environments, see Figure 3.1.

Figure 3.1: Study area map (Jijel province, Algeria).

The selection of Jijel as the study area is motivated by its climatic and environmental charac-
teristics, which are typical of the Mediterranean region. The province experiences a Mediterranean
climate, with hot and dry summers and mild, wet winters, conditions that are well known to favor
wildfire ignition and spread. In addition, Jijel shares similar climatic patterns, topographic fea-
tures, and vegetation cover with the broader eastern northern Algeria region, including neighboring
provinces. Dense forests, shrublands, steep slopes, and seasonal droughts are common across this
area, making Jijel a suitable proxy for studying wildfire susceptibility in a larger regional context
[100].

Furthermore, Jijel has been severely affected by recurrent wildfires in recent years, causing sig-
nificant threats to human lives, residential areas, and critical infrastructure, as well as extensive
damage to forest ecosystems and biodiversity. Several wildfire events have resulted in the loss of
agricultural land, forest resources, and ecological services, highlighting the increasing vulnerabil-
ity of the region to fire hazards. These repeated incidents underline the urgent need for advanced
wildfire management strategies, including susceptibility assessment and early warning systems. Con-
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sequently, Jijel represents a critical and relevant case study where research efforts can contribute to
risk reduction, sustainable land management, and improved disaster preparedness [100].

3.2.1 Wildfire Situation in Jijel Province

Jijel Province has historically been recognized as an active wildfire-prone area due to the combina-
tion of unfavorable natural conditions. The region experiences hot and dry summers, dense forest
and shrub vegetation, and complex mountainous topography, all of which contribute to high wild-
fire susceptibility [100]. These conditions have repeatedly facilitated fire ignition and rapid spread,
particularly during prolonged dry periods. One of the earliest major wildfire events occurred in
1994, which affected large forested areas; however, precise official statistics for this event remain
unavailable, reflecting limitations in historical fire documentation [101].

In recent years, wildfire activity in Jijel and across northern Algeria has intensified significantly,
largely driven by extreme temperature waves and prolonged drought conditions. Exceptional sum-
mer temperatures have exceeded 47 řC in some cases, creating critical fire weather conditions. In
2017 alone, more than 3,000 ha were burned in Jijel Province. The situation worsened in 2019,
when catastrophic wildfires across 14 provinces, including Jijel, resulted in more than 90 fatalities
nationwide. Subsequent years continued to record substantial burned areas, with approximately
1,200 ha affected in 2020 and 1,300 ha in 2023. Furthermore, analysis of wildfire statistics between
2012 and 2021 reveals a clear increasing trend in fire severity, with the average burned area per
wildfire rising from approximately 5 ha to nearly 40 ha. This trend, illustrated in the corresponding
Figure 3.2, highlights the escalating wildfire problem in the region [102].

Figure 3.2: Burned area per fire in recent years in Jijel province.

The socio-economic and environmental impacts of these wildfires have been severe. Summer
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wildfire events pose a direct threat to human lives, particularly for farmers and rural communi-
ties living near forest boundaries, often requiring emergency evacuations. Agricultural areas have
been repeatedly damaged, leading to significant economic losses. For instance, in 2019, more than
287 farmers were compensated for wildfire-related damages that affected over 150 ha of fruit tree
plantations. These losses extend beyond immediate agricultural damage, encompassing long-term
economic impacts related to tree destruction, insurance claims, and compensation mechanisms man-
aged by national disaster risk agencies, thereby placing additional strain on the regional economy
[101].

To cope with wildfire threats, Algerian authorities have implemented substantial firefighting and
mitigation efforts. The primary institutions responsible for wildfire management are the Algerian
Civil Protection and the Directorate of Forests, supported during the fire season by a multi-agency
fire-risk committee that includes the army, hydrology services, police, and other authorities. Fire-
fighting capacity has been strengthened through the acquisition of four Beriev Be-200 amphibious
aircraft, twelve Air Tractor planes (three stationed in Jijel), and six helicopters dedicated to surveil-
lance within the province. Additional infrastructure includes the construction of small airfields for
refueling and water loading, the development of approximately 210 km of forest access roads, and
the creation of firebreak trenches to limit fire spread. These operational measures are comple-
mented by continuous training programs for Civil Protection agents, conducted in collaboration
with international partners such as France, Russia, Tunisia, and Germany [102].

Despite these considerable efforts, wildfire management remains a major challenge, particularly
under extreme fire weather conditions. As demonstrated in previous chapters, suppression alone is
increasingly insufficient to address the growing intensity and frequency of wildfires. While Alge-
rias Civil Protection strategy has made significant progress in terms of resources and operational
response, limitations persist in preventive planning, environmental analysis, and early detection
capabilities. This study directly addresses these gaps by contributing to research-oriented wildfire
management, with the objective of improving understanding of wildfire occurrence conditions and
behavior, and supporting more effective prevention and control strategies [102].

3.2.2 Wildfire Conditioning Factors in the Jijel Region

Wildfire occurrence in Jijel Province is governed by a complex interaction between environmental
and anthropogenic factors that collectively shape ignition probability, fire behavior, and spatial fire
patterns. The province exhibits a combination of rugged topography, Mediterranean climatic con-
ditions, dense and diverse vegetation cover, and significant human pressure, all of which contribute
to its high wildfire susceptibility. Understanding how each factor operates within the specific geo-
graphic and ecological context of Jijel is essential for interpreting wildfire dynamics and justifying
their inclusion in susceptibility modeling [103].
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3.2.2.1 Topographic Factors

Topography plays a fundamental role in controlling wildfire behavior in Jijel. The province is
characterized by rugged mountainous terrain dominated by forested massifs such as the Salma,
Bouazza, and Al-Afroun ranges, which together cover more than 80% of the territory. Elevation
rises sharply from sea level along the Mediterranean coast to interior highlands, creating steep
slopes, narrow valleys, and highly dissected relief. These features influence local microclimates,
wind exposure, fuel distribution, and fire spread dynamics, while also constraining accessibility for
ground firefighting operations [102].

Elevation acts as a background environmental gradient rather than a direct driver of fire oc-
currence. In Jijel, lower elevations near the coast and valley bottoms experience warmer conditions
and host agricultural mosaics and peri-urban areas, which tend to increase ignition pressure. In
contrast, higher elevations may retain moisture longer and support different vegetation types [104].
However, mid- to high-altitude ridgelines are often exposed to strong winds and summer drought,
making them susceptible despite cooler average conditions, as shown in Figure 3.3. Thus, elevation
interacts with climate, vegetation, and wind rather than dictating wildfire risk independently [105].

Figure 3.3: Elevation map of Jijel Province.

Slope is one of the most influential topographic controls on wildfire behavior in Jijels mountain-
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ous landscapes. Steep slopes enhance flame attachment and convective heat transfer, accelerating
uphill fire spread and increasing fire intensity [106]. In many parts of the province, narrow valleys
and abrupt gradients allow fires to rapidly transition from surface to fast-moving fronts, especially
under aligned wind conditions, see Figure 3.4. The influence of slope is strongly nonlinear: while
gentle slopes have limited effect, steep terrain can dramatically increase spread rates and reduce
suppression effectiveness [107].

Figure 3.4: Slope distribution of Jijel Province.

Aspect further modulates wildfire susceptibility by controlling solar radiation exposure and
fuel moisture. South- and southwest-facing slopes in Jijel receive higher solar input during summer,
leading to faster drying of litter and fine fuels and reduced nighttime moisture recovery. North-facing
slopes, shaded gullies, and sheltered aspects generally maintain higher moisture levels and lower
susceptibility [108]. These contrasts are particularly pronounced in open shrublands and maquis
formations, where canopy shading is limited and solar exposure directly affects fuel receptivity, see
Figure 3.5.
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Figure 3.5: Aspect orientation map of Jijel Province.

3.2.2.2 Climatic Factors

Jijel experiences a typical Mediterranean climate, characterized by wet and mild winters and hot,
dry summers. Annual precipitation generally ranges between 800 and 1200 mm, concentrated in
autumn and winter, while summers are marked by prolonged dry periods[109]. Seasonal tempera-
ture contrasts strongly influence vegetation phenology and fuel moisture dynamics, resulting in a
pronounced summer peak in wildfire occurrence.

Temperature is a key driver of fuel desiccation and ignition potential. Average and maximum
summer temperatures promote progressive drying of fine fuels, while extreme heatwavesfrequently
recorded in recent yearscan push fuels beyond critical moisture thresholds [110], see Figure 3.6. In
Jijel, exceptional summer conditions have included temperatures exceeding 4750 řC, dramatically
increasing fire risk (Figure 3.7 ). Minimum temperatures also play an important role by limiting
overnight fuel moisture recovery; warm nights maintain fuel receptivity into the early morning hours,
extending daily fire windows [111] (Figure 3.7).
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Figure 3.6: Spatial distribution of average temperature in Jijel Province.

Figure 3.7: Spatial distribution of minimum and maximum temperature in Jijel Province.

Relative humidity directly governs fine fuel moisture content and is among the strongest short-
term predictors of ignition potential during the fire season. Low humidity conditions, particularly
when combined with high temperatures, create highly flammable environments [112], as shown in
Figure 3.8. Wind acts as a dominant control on fire behavior by supplying oxygen, enhancing
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convective drying, tilting flames toward unburned fuels, and enabling ember transport. In Jijels
complex terrain, wind effects are amplified along ridgelines and within valleys that channel airflow,
allowing fires to spread rapidly and cross natural barriers (Figure 3.8).

Figure 3.8: Spatial distribution of humidity and wind speed in Jijel Province.

Precipitation influences wildfire susceptibility over both short and medium timescales. Re-
cent rainfall can temporarily suppress fire risk by increasing fuel moisture, but this effect decays
rapidly during hot summer conditions. Conversely, prolonged precipitation deficits create cumula-
tive drought stress that raises baseline susceptibility. The response time varies by fuel type, with
grasses and shrubs reacting quickly to drying and woody fuels integrating moisture conditions over
longer periods [112], see Figure 3.9.
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Figure 3.9: Spatial distribution of precipitation in Jijel Province.

3.2.2.3 Vegetation and Land Cover

Vegetation represents the fuel component of the fire triangle and is a dominant determinant of
wildfire behavior in Jijel [103]. Approximately 60% of the province is covered by forests, maquis,
and scrub, hosting rich biodiversity including cedar, oak, pine, and olive species. Evergreen and
sclerophyllous vegetation is widespread, forming continuous or semi-continuous fuel beds across
slopes, foothills, and transitional zones (Figure 3.10).
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Figure 3.10: Normalized Difference Vegetation Index (NDVI) map of Jijel Province.

Vegetation condition influences both fuel quantity and continuity. Intermediate vegetation den-
sitytypical of shrublands, grasslands, and forest edgesoften corresponds to the highest wildfire sus-
ceptibility, as it provides abundant fine fuels that ignite easily and carry fire rapidly under wind
[113]. Very sparse vegetation limits fire spread due to fuel discontinuity, while very dense, moist
vegetation may resist ignition unless prolonged drought conditions prevail. In Jijel, the mosaic of
forests, agricultural lands, and grazing areas creates heterogeneous fuel structures that favor ignition
at interfaces and along land-use boundaries [114].

Seasonal vegetation dynamics are critical. During spring, vegetation growth may increase fuel
continuity, while summer curing transforms once-green biomass into highly receptive fine fuels.
Abrupt vegetation stress during heatwaves further elevates flammability, particularly in maquis and
scrub ecosystems that dominate large portions of the province [115].

3.2.2.4 Hydrological Influences

Hydrological features introduce localized moisture gradients that can moderate wildfire occurrence.
Jijels hydrographic network consists of short, steep catchments draining from the mountains toward
the Mediterranean Sea. River corridors and riparian zones often retain higher moisture levels and
create cooler microclimates, which can hinder ignition and slow fire spread [115].
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However, the protective effect of watercourses is not uniform. River valleys frequently coincide
with roads, agricultural activity, and settlements, increasing human presence and ignition pressure.
In steep terrain, valleys may trap cool, humid air at night but rapidly ventilate under daytime
upslope winds, shifting their influence across the diurnal cycle. As a result, proximity to rivers acts
as a moderating factor that can locally reduce susceptibility, with important exceptions driven by
human activity and wind alignment [116], see Figure 3.11.

Figure 3.11: Distance to rivers map of Jijel Province.

3.2.2.5 Anthropogenic Factors

Anthropogenic factors are central to the occurrence of wildfires in Jijel, as human activities account
for the majority of the ignitions. Proximity to roads reflects accessibility for vehicles, maintenance
operations, recreation, and daily movement, all of which increase the likelihood of accidental igni-
tions. Roadside vegetation management and linear infrastructure further contribute to ignition risk
[117].

Distance to settlements and zones of human activity captures sustained presence related to
agriculture, grazing, tourism, and peri-urban expansion. Jijel exhibits a pronounced wildlandurban
and wildlandagriculture interface along coastal areas and valley bottoms, where human activities
intersect with continuous natural fuels [118]. These interfaces are consistently associated with ele-
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vated ignition density, especially during summer when agricultural practices and outdoor activities
intensify (Figure 3.12).

Figure 3.12: Distance to settlements and human activity areas in Jijel Province.

The influence of human-related factors is strongest at short distances and diminishes with re-
moteness, but it is heavily modulated by terrain, land ownership patterns, and accessibility [119].
Roads provide linear access corridors, while settlements represent diffuse activity centers; together,
they offer complementary perspectives on anthropogenic fire pressure, see Figure 3.13.
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Figure 3.13: Distance to roads map of Jijel Province.

3.2.2.6 Historical Fire Occurrence

Past wildfire occurrence reflects persistent spatial patterns driven by stable combinations of fuels,
access, and microclimate. Areas that have burned repeatedly in Jijel often do so because ignition
sources remain active and landscape configurations continue to favor fire spread [120]. Historical
fire patterns therefore provide empirical evidence of underlying susceptibility rather than isolated
events (Figure 3.14).

At the same time, recent burns can temporarily reduce local fuel loads, creating short-term
negative feedbacks [121]. This dual role highlights the need to interpret historical fire influence over
appropriate temporal horizons, capturing long-term propensity while acknowledging short-term fuel
depletion effects.
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Figure 3.14: Spatial distribution of historical wildfire occurrences in Jijel Province.

3.2.2.7 Interactions and Combined Effects

While each factor contributes a distinct mechanism, wildfire susceptibility in Jijel emerges primarily
through interactions and thresholds. Wind aligns with slope and aspect to accelerate fires on sun-
exposed hillsides; temperature and humidity jointly regulate fuel moisture; vegetation condition
interacts with drought to define ignition windows; and human presence amplifies risk under adverse
environmental conditions. These coupled effects explain why extreme wildfire events often occur
during short periods when multiple drivers align.

Together, the environmental and anthropogenic characteristics of Jijel create a landscape highly
sensitive to wildfire ignition and spread. The provinces dense vegetation, rugged terrain, Mediter-
ranean climate, and extensive humanenvironment interfaces justify the integrated consideration of
topography, climate, vegetation, hydrology, and human activity in wildfire susceptibility analysis
and support its selection as a representative and critical case study for wildfire management research.

3.3 Dataset Preparation
After characterizing the study area and examining the environmental and anthropogenic drivers
of wildfire occurrence, the next step in developing a wildfire susceptibility mapping framework is
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the construction of a reliable and analysis-ready dataset[16]. This phase begins with the collection
of spatial data describing the selected conditioning factors from multiple available sources. The
acquired datasets are then subjected to a series of preprocessing operations aimed at cleaning, har-
monizing, and structuring the data to ensure consistency and quality. Finally, an appropriate data
labeling strategy is applied to associate environmental conditions with wildfire occurrence patterns,
resulting in a coherent dataset that is suitable for machine learning and analytical modeling.

3.3.1 Data Collection

After defining the conditioning factors based on the characteristics of the study area and the wildfire
phenomenon, the data collection process was initiated. Priority was given to locally collected
datasets whenever available, as local data generally provide higher spatial detail, better temporal
representativeness, and greater reliability compared to global products [122]. However, when local
data were unavailable or incomplete, well-established global datasets were used as complementary
sources to ensure full spatial coverage of the study area.

In the data collection phase, a total of 14 variables were gathered to support wildfire suscep-
tibility mapping. These variables comprised topographical factors (elevation, slope, and aspect),
climatic factors (minimum, maximum, and average temperature, wind speed, relative humidity, and
precipitation), vegetation data represented by the Normalized Difference Vegetation Index (NDVI),
hydrological factors (distance to rivers), anthropogenic factors (distance to roads and residential
areas), and historical wildfire occurrence data [123].

Topographical data, including elevation, slope, and aspect, were derived from a Digital Elevation
Model obtained from the Shuttle Radar Topography Mission (SRTM) through the EarthExplorer
platform, with a spatial resolution of 30 m [124]. Climatic variables were provided by the Algerian
National Office of Meteorology (NOM) based on observations from the Jijel meteorological station,
with a spatial resolution of approximately 1 km. These data included minimum, maximum, and
average temperatures, wind speed, relative humidity, and precipitation.

Vegetation data were collected using MODIS imagery from NASAs Terra platform. NDVI
layers were generated at a 30 m resolution to ensure consistency with other spatial datasets [125].
Anthropogenic and hydrological datasets were generated using GIS tools by processing base spatial
layers such as roads, rivers, settlements, and land-use maps obtained from Google Earth and national
cartographic sources. Distance-to-road, distance-to-residential areas, and distance-to-river layers
were produced to represent human activity and hydrological features within the study area.

Historical wildfire data were collected from official records provided by the Algerian Civil Protec-
tion authorities. In Jijel Province, 244 forest wildfire events were recorded over the period 20212023,
including 121 fires in 2021, 34 fires in 2022, and 89 fires in 2023. These records were spatially mapped
to generate wildfire occurrence layers. To enhance data completeness, wildfire occurrences from 2024
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and 2025 were also collected and complemented with satellite-based fire detections from MODIS
active fire products (Terra and Aqua). A total of 2348 fire points were retrieved and cross-validated
with Civil Protection records to ensure consistency and reliability [126].

All collected datasets, their sources, and value ranges are summarized in Table 3.1. Together,
these spatial layers constitute the core database used in this study and provide the foundation for
subsequent preprocessing, labeling, and modeling stages. The final dataset comprises more than
2.6 million records described by 14 factors, as illustrated in Figure 3.15.

Table 3.1: Data used for wildfire susceptibility.

Data type Data Range Source

Topography

Elevation [−6, 1906] m
SRTM
(earthexplorer.usgs.gov)

Aspect [0, 359.8]

Slope [0, 73.53]

Climate

Avg. Temperature [12.2, 18.24] ◦C

NOM (Jijel)

Max Temperature [18.75, 24.25] ◦C

Min Temperature [9.25, 15.08] ◦C

Humidity [65.48, 69.11]%

Wind Speed [2.86, 4.15] m/s

Vegetation NDVI [−0.11, 0.48] MODIS/Terra

Hydrological
Annual Precip. [48.92, 75.13] mm NOM

Dist. to Rivers [0, 11] km Generated

Human Activity
Dist. to Roads [0, 3.1] km

Generated
Dist. to Residential [0, 9.95] km

Wildfire data Historical Fires / Algerian Civil Protection
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Figure 3.15: derived from GIS layers (2.6 M×14).

3.3.2 Data Preprocessing

The data preprocessing phase aimed to harmonize heterogeneous spatial layers and transform them
into a consistent, analysis-ready dataset suitable for wildfire susceptibility modeling. All raster
layers were first standardized onto a common spatial framework to ensure pixel-wise comparability
across variables [127]. Specifically, all datasets were projected to the WGS 84 / UTM Zone 31N
coordinate system, clipped to the administrative boundary of Jijel Province, and resampled to a
uniform spatial resolution of 30 m Œ 30 m.

Continuous variables such as temperature, humidity, precipitation, wind speed, and NDVI
were resampled using bilinear interpolation to preserve spatial continuity, while discrete layers and
proximity-based variables (e.g., distance to roads, rivers, and residential areas) were resampled us-
ing nearest-neighbor interpolation to avoid artificial smoothing effects. NoData values were masked,
and a landsea mask was applied along the coastal boundary to remove offshore pixels and ensure
spatial consistency within the terrestrial study area [128].

Following spatial harmonization, basic data integrity checks were performed. The GIS-derived
layers exhibited high completeness and consistency, and after clipping, masking, and resampling,
the final datasetcomprising more than 2.6 million records and 14 conditioning factorscontained
no missing or duplicated values. Minor spatial artifacts, such as isolated single-pixel anomalies
introduced during raster processing, were removed through light de-noising operations. In addition,
each variable was constrained to physically meaningful ranges to prevent the propagation of invalid
values into the modeling stage [129].
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To ensure the robustness of the dataset, multicollinearity among conditioning factors was eval-
uated prior to model construction. Multicollinearity can negatively affect susceptibility modeling
by inflating parameter estimates and reducing model stability. The Variance Inflation Factor (VIF)
and its reciprocal, tolerance, were employed to quantify interdependencies among predictors. For
each factor, VIF measures the increase in variance caused by correlations with other variables, while
tolerance represents the proportion of variance not explained by the remaining predictors. Com-
monly accepted thresholds (VIF > 10 or tolerance < 0.1) indicate problematic collinearity [129].
The analysis confirmed that all factors fell within acceptable limits, indicating that no variable
exerted undue influence on the dataset.

Temporal consistency between predictors and wildfire occurrence was also considered. Climatic
variables were aggregated to reflect summer conditions, corresponding to the primary wildfire season
in Jijel. Temperature, humidity, and wind speed were represented using seasonal averages, while
precipitation was aggregated over the same period. Vegetation condition, represented by NDVI, was
composited for the summer window to reduce short-term noise and cloud contamination. In contrast,
terrain derivatives and proximity-based anthropogenic factors were treated as time-invariant and
used directly after rasterization [130].

Finally, all harmonized raster layers were transformed into numerical matrices and merged into
a single spatial database using GIS-based geographic indexing. This process resulted in a compre-
hensive and consistent dataset that serves as the foundation for subsequent labeling and machine
learning stages. All preprocessing steps were documented to ensure traceability and reproducibility
from raw spatial inputs to the final analysis-ready dataset [131].

3.3.3 Dataset Labeling

After completing data preprocessing, the next step in building the wildfire susceptibility dataset
consisted of labeling each spatial unit based on historical wildfire occurrence records. The objective
of this stage was to convert heterogeneous spatial information into a robust categorical target
suitable for supervised learning, while minimizing label noise and avoiding information leakage.
Each pixel in the analysis grid was assigned to one of four wildfire susceptibility classes: Low,
Medium, High, or Very High.

Labeling was performed using historical wildfire ignition records provided by the Algerian Civil
Protection. These records were geocoded and verified using GIS tools to ensure spatial consistency.
To reduce duplicate reporting and positional uncertainty, ignition points occurring within short
spatial distances on the same day were consolidated into single representative locations, and obvious
outliers (e.g., offshore or incorrectly positioned points) were removed. Label construction was
restricted to the active wildfire season and to a predefined temporal window used exclusively for
training, while more recent fire occurrences were reserved for independent validation [132].
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To represent the spatial propensity of wildfire occurrence, two complementary indicators were
derived from the historical records: (i) distance to previous wildfire ignitions and (ii) wildfire density.
A smoothed fire-density surface was generated using kernel density estimation (KDE) on the ignition
points, producing a continuous raster that captures persistent spatial patterns of fire activity. In
parallel, a distance-to-nearest-fire raster was computed to reflect the localized influence of historical
ignition corridors. These two surfaces were combined into a composite susceptibility score that
integrates both local proximity and broader spatial persistence of wildfire occurrence [133].

The resulting continuous susceptibility surface was then classified into four ordinal classes using
calibrated thresholds. The Very High class corresponds to areas with the highest concentration of
historical ignitions, while High and Medium classes represent progressively lower but still elevated
propensities. The Low class includes areas with minimal historical fire influence. Thresholds were
selected to ensure stable spatial patterns and meaningful class prevalence across the study area.

While the Medium, High, and Very High classes are directly supported by historical evidence,
labeling the Low susceptibility class presents an inherent challenge. Some areas may share similar
environmental and anthropogenic characteristics with high-risk zones but remain unburned during
the observation period due to chance rather than true low susceptibility. Such cases introduce label
noise that can negatively affect model learning [134].

To mitigate this issue, an unsupervised refinement step was applied specifically to the Low class.
K-means clustering (k = 2) was performed in the 14-factor feature space on paired subsets (Very
HighLow, HighLow, and MediumLow). Low-susceptibility samples that clustered closer to higher-
risk centroids in any pairing were flagged as ambiguous and removed from the training dataset. This
procedure eliminated approximately 1.9% of Low class samples. Sensitivity analyses using different
initialization counts, random seeds, and light feature reweighting produced nearly identical results,
confirming the robustness of this denoising step [135].

The final labeled dataset thus represents a balanced compromise between historical evidence
and environmental similarity, reducing the risk of teaching models that clearly fire-prone configu-
rations correspond to low susceptibility. The four classes were encoded as an ordinal target with
integer labels 1, 2, 3, 4, corresponding to Low, Medium, High, Very High. Class imbalance was
addressed during model training using stratified sampling and class-weighted loss functions rather
than synthetic oversampling, thereby preserving the spatial structure of the data.

Overall, this labeling strategy provides a defensible and interpretable target for wildfire suscep-
tibility modeling. It integrates local and regional fire history, limits noise in the Low class, respects
temporal separation between predictors and labels, and enhances the generalization capacity of the
subsequent learning models. Figure 3.16 illustrates the clustering-assisted refinement applied during
the labeling process.
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Figure 3.16: Clustering-assisted refinement of labels.

3.4 Conclusion
This chapter presented the complete dataset preparation pipeline adopted for wildfire susceptibility
modeling in the study area. Starting from multi-source data collection, the workflow ensured the
integration of environmental and anthropogenic factors into a unified spatial database comprising
over 2.6 million records and 14 conditioning variables. Rigorous preprocessing steps confirmed the
high quality of the extracted data and addressed potential issues such as multicollinearity, thereby
safeguarding the reliability of subsequent analyses.

A carefully designed labeling strategy was then introduced to generate a four-class wildfire
susceptibility target. By combining distance-based information with historical fire density and ap-
plying clustering-assisted refinement to reduce noise in the low-susceptibility class, the resulting
labels achieved both interpretability and robustness. The adopted procedures minimized informa-
tion leakage, reduced class ambiguity, and improved the learning conditions for supervised models.

Overall, this chapter established a strong and defensible dataset that accurately reflects wildfire
dynamics in the region. The resulting data foundation enables effective model training and fair
performance evaluation, which are presented and discussed in the following chapters.
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Chapter 4

Proposed Methodology and
Experimental Framework

4.1 Introduction
This chapter presents the methodological backbone of our wildfire susceptibility mapping framework
and explains how it addresses the main limitations identified in the related work. Prior studies often
face four recurring challenges: inconsistent and weakly justified factor selection; fragmentation of
multi-source data with heterogeneous scales and projections; label noise and information leakage
that inflate apparent model skill; and an emphasis on accuracy metrics with limited interpretability
and scarce out-of-period validation. Our architecture is designed to meet these challenges head-on
by linking defensible factor curation with a reproducible GIS-to-ML pipeline, careful label construc-
tion and denoising, calibrated learning under spatially aware validation, independent time-forward
testing, and interpretable outputs delivered as actionable maps.

4.2 Methodology Workflow
Following the construction of the wildfire susceptibility dataset described in the previous chapter,
the methodological workflow focuses on analyzing this dataset and extracting reliable, interpretable
predictive knowledge. The overall objective is to evaluate the capability of selected machine learning
(ML) methods to model wildfire susceptibility and to understand the driving factors behind their
predictions [16].

Once the dataset was finalized and labeled, the first step of this chapter involved exploratory
analysis of the data to understand class distributions, feature behavior, and potential learning
challenges such as imbalance and nonlinearity. Based on an extensive review of recent wildfire
susceptibility studies, a set of machine learning algorithms known for their strong performance
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in similar contexts was selected. These models represent different learning paradigms, enabling a
balanced comparison between tree-based ensembles, kernel-based methods, and neural models.

The selected ML models were then trained using the prepared dataset under consistent experi-
mental conditions. Appropriate training strategies, including stratified sampling and class weight-
ing, were applied to account for class imbalance. Hyperparameters were optimized to ensure fair
performance comparison, and the same evaluation protocol was used across all models. Model out-
puts were assessed using multiple performance metrics to capture both discrimination ability and
classification reliability.

After model training, a comparative analysis was conducted to evaluate the relative strengths
and weaknesses of each method. This comparison aimed not only to identify the best-performing
model but also to understand how different algorithms respond to the same environmental and
anthropogenic conditioning factors.

Beyond performance evaluation, particular attention was given to model interpretation and
explanation. Since wildfire susceptibility mapping is intended to support decision-making, it is es-
sential that model predictions are explainable and scientifically defensible. Therefore, interpretation
techniques were applied to analyze feature contributions and to link model behavior with known
wildfire-driving mechanisms in the study area.

Figure 4.1 illustrates the complete methodological workflow, from dataset utilization to mod-
eling, comparison, and interpretation. The following sections provide detailed descriptions of the
selected machine learning models, evaluation metrics, and interpretability methods employed in this
study.
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Figure 4.1: End-to-end framework for wildfire susceptibility mapping: from multi-source data
fusion and defensible labeling to calibrated learning, independent validation, interpretability,
and GIS delivery.

4.3 Theoretical Background
To model wildfire susceptibility, we employ a set of widely used and well-established classifiers,
namely Random Forest (RF), Support Vector Machine (SVM), Extreme Gradient Boosting (XG-
Boost), and Artificial Neural Networks (NN), which have demonstrated strong performance in
previous wildfire prediction and environmental susceptibility studies. These methods were selected
for their complementary learning mechanisms, robustness to nonlinear relationships, and ability to
handle high-dimensional spatial data. Model performance is assessed using standard and widely
accepted evaluation metrics, including the Area Under the Receiver Operating Characteristic Curve
(AUC) and the F1-score, which jointly capture ranking ability and class-wise discrimination under
class imbalance. In addition, cross-validation is applied to ensure model stability and generalization,
particularly in the presence of spatial heterogeneity inherent to wildfire susceptibility mapping.
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4.3.1 Machine Learning Methods for WSM

4.3.1.1 Random Forest

Random Forest (RF) is an ensemble machine learning method that constructs a large number of
decision trees during the training phase and aggregates their predictions to produce a final output.
In classification problems such as wildfire susceptibility mapping (WSM), the final class is typically
determined by majority voting or by averaging class probabilities across all trees [57]. The core
idea behind RF is to reduce model variance and improve generalization by combining multiple weak
learners that are trained on different bootstrap samples of the data and different subsets of features
[136].

For a given sample with predictor vector x and class c, the estimated class probability produced
by RF is defined as:

p̂(c | x) = 1
ntrees

ntrees∑
t=1

pt(c | x), (4.1)

where pt(c | x) denotes the class probability estimated by the t-th decision tree. Each tree is
grown by recursively splitting the data to maximize node purity, commonly measured using the
Gini impurity criterion:

G =
∑

k

pk(1 − pk), (4.2)

where pk represents the proportion of samples belonging to class k within a node. The optimal split
is selected by minimizing the weighted impurity after the split.

RF offers several advantages that make it particularly suitable for environmental and wildfire-
related applications. First, it can effectively handle large datasets with high dimensionality and
complex nonlinear relationships, which are typical characteristics of wildfire conditioning factors
such as topography, climate, vegetation indices, and human-related variables [137]. Second, the use
of bootstrap aggregation and random feature selection at each split enhances robustness against
overfitting, even when predictors are noisy or partially correlated. This property is especially
valuable in WSM, where environmental variables often exhibit strong interdependencies. Moreover,
RF naturally accommodates mixed data types and does not require strict assumptions about data
distributions or feature scaling [137].

Numerous studies have demonstrated the strong performance of RF in wildfire prediction and
susceptibility mapping. For example, RF has been successfully applied to model fire occurrence using
meteorological variables such as temperature, precipitation, wind speed, and humidity, achieving
low prediction errors after hyperparameter tuning [138]. Other studies integrating topographic,
climatic, and vegetation-related factors (e.g., elevation, NDVI, precipitation, land surface temper-
ature) reported that RF outperformed single-tree models by providing higher accuracy and more
nuanced spatial risk patterns. These findings highlight the models ability to capture complex envi-
ronmental interactions and produce reliable susceptibility maps that are useful for operational fire
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management and ecological conservation [138].
In addition to predictive performance, RF provides several tools that enhance interpretability,

which is a critical requirement in environmental decision-making. Feature importance measures,
such as mean decrease in impurity and permutation importance, allow identification of the most
influential wildfire drivers. Partial dependence plots further help in understanding the marginal
effect of individual factors while averaging out the influence of others. These properties support
transparent interpretation of model outputs and facilitate communication with stakeholders and
policymakers [139].

Despite its strengths, RF also has certain limitations. The model can become computationally
expensive and memory-intensive when a large number of trees are used, particularly with high-
resolution spatial datasets. RF predictions may exhibit stepwise probability surfaces due to the
tree-based structure, which can require additional smoothing or calibration for operational map-
ping. Furthermore, RF generally performs poorly when extrapolating beyond the range of the
training data and may distribute importance across correlated predictors, making interpretation
less straightforward unless grouped or conditional importance measures are applied [139].

Random Forest represents a robust and widely validated machine learning approach for wildfire
susceptibility mapping. Its balance between predictive accuracy, resistance to overfitting, and in-
terpretability makes it particularly well suited for modeling wildfire risk in complex environmental
systems, where interactions between climatic, topographic, vegetation, and anthropogenic factors
play a dominant role.

4.3.1.2 Support Vector Machine (SVM)

Support Vector Machine (SVM) is a supervised learning algorithm grounded in statistical learning
theory and is widely used for classification and regression problems. In wildfire susceptibility map-
ping (WSM), SVM aims to identify an optimal decision boundary that maximizes the separation
margin between classes representing different levels of fire risk. Its strong theoretical foundation
and ability to model complex, nonlinear relationships make it a popular choice for environmental
hazard prediction [140].

Given a training dataset (xi, yi)i = 1N , where xi ∈ Rd denotes the feature vector and yi ∈ −1, +1
the class label, SVM seeks to find a hyperplane defined by (w, b) that maximizes the margin while
minimizing classification error. This optimization problem is formulated as:

min w, b, ξ
1
2 |w|2 + C

N∑
i=1

ξi (4.3)

subject to
yi(w · xi + b) ≥ 1 − ξi, ξi ≥ 0, (4.4)
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where ξi are slack variables allowing misclassification and C is a regularization parameter that
controls the trade-off between maximizing the margin and minimizing training errors.

To handle nonlinear separability, SVM employs kernel functions that implicitly map the input
data into a higher-dimensional feature space. Commonly used kernels in wildfire studies include the
radial basis function (RBF), polynomial, and sigmoid kernels. The RBF kernel, defined as

K(xi, xj) = exp
(
−γ|xi − xj |2

)
, (4.5)

is particularly effective for capturing nonlinear interactions among environmental variables such as
temperature, humidity, vegetation indices, and terrain attributes [140].

SVM presents several advantages for wildfire prediction and susceptibility modeling. It is highly
effective in high-dimensional feature spaces and performs well even when the number of predictors
exceeds the number of observations. The margin maximization principle provides good general-
ization capability, making SVM relatively resistant to overfitting when properly regularized [141].
In environmental applications, SVM has demonstrated strong predictive performance using hetero-
geneous data sources, including meteorological parameters, vegetation characteristics, topography,
and socio-economic indicators. Studies conducted in regions such as China, India, and Portugal re-
ported classification accuracies exceeding 75% and AUC values above 0.84, confirming the suitability
of SVM for large-scale wildfire risk mapping [142].

However, SVM also exhibits several limitations in the context of wildfire susceptibility mapping.
The method is sensitive to the choice of kernel and hyperparameters (e.g., C and γ), which requires
careful tuning and cross-validation. Conventional SVM implementations may struggle with very
large datasets, both in terms of computational time and memory usage, especially when using non-
linear kernels [143]. This limitation has motivated the development of parallel and distributed SVM
variants using frameworks such as SPARK and PySpark, which significantly reduce computation
time and storage requirements while preserving predictive accuracy. Additionally, SVM models
tend to be less interpretable than tree-based approaches, as the influence of individual variables on
the decision boundary is not directly observable [144].

From an operational perspective, SVM has shown higher efficiency in predicting small to mod-
erate fire events but may exhibit reduced sensitivity to large-scale fire occurrences unless trained
on sufficiently balanced datasets. Class imbalance, which is common in wildfire data, can further
bias SVM toward dominant classes if not adequately addressed through class weighting or sampling
strategies [145].

In summary, Support Vector Machine constitutes a powerful and theoretically sound approach
for wildfire susceptibility mapping, particularly when modeling nonlinear relationships among di-
verse environmental and anthropogenic factors. While its computational demands and limited
interpretability pose challenges for large-scale, high-resolution studies, advancements in parallel
computing and careful model tuning make SVM a valuable component of comparative WSM frame-
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works, complementing ensemble and deep learning methods.

4.3.1.3 Neural Networks (NN)

Neural Networks (NN), inspired by the structure and functioning of the human brain, are power-
ful machine learning models capable of capturing complex, nonlinear relationships among multiple
variables. In wildfire susceptibility mapping (WSM), NNs are particularly suitable due to the in-
herently nonlinear interactions between climatic conditions, vegetation characteristics, topography,
and human activities that govern wildfire occurrence [133].

The most commonly used NN architecture in environmental modeling is the multilayer percep-
tron (MLP), which consists of an input layer, one or more hidden layers, and an output layer. Each
neuron computes a weighted sum of its inputs followed by a nonlinear activation function. For a
given neuron, the output is expressed as:

z = f

(
d∑

i=1
wixi + b

)
, (4.6)

where xi are the input features, wi the associated weights, b the bias term, and f(·) a nonlinear
activation function such as ReLU, sigmoid, or tanh. For classification problems, the output layer
commonly employs a softmax or sigmoid function to estimate class probabilities.

Training NNs involves minimizing a loss function, such as cross-entropy for classification, through
iterative optimization using backpropagation and gradient-based algorithms. The backpropagation
process updates the network weights by propagating the prediction error backward through the
layers, allowing the model to learn hierarchical feature representations. In deep neural networks
(DNNs), multiple hidden layers enable the automatic extraction of high-level abstractions from raw
input data, reducing the need for extensive manual feature engineering [146].

Neural Networks offer several advantages for wildfire susceptibility assessment. Their ability to
model highly nonlinear and multivariate relationships makes them well suited for complex environ-
mental systems. Recent studies have demonstrated that optimized deep neural networks can achieve
very high predictive performance in wildfire risk mapping, with reported AUC values exceeding 0.95
in regions such as Australia [147]. NN-based frameworks are also highly adaptable; once trained,
they can be transferred to new geographic regions with minimal adjustment, particularly when us-
ing standardized input layers and region-specific weighting schemes. Advanced NN architectures,
such as sparse autoencoders, have been shown to improve feature learning and enhance predictive
accuracy, especially in the presence of noisy or redundant variables [148].

Furthermore, Neural Networks can effectively integrate heterogeneous data sources, including
meteorological variables, vegetation indices, topographic features, and socio-economic indicators.
This flexibility allows NNs to capture subtle interactions and thresholds that are often difficult to
represent using traditional statistical or rule-based models. When combined with data balancing
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strategies, NNs have also demonstrated improved performance in predicting rare but high-impact
wildfire events, which are typically underrepresented in historical datasets [149].

Despite these strengths, Neural Networks present notable challenges in wildfire susceptibility
modeling. They are sensitive to the quality and quantity of training data, and their performance
can be significantly affected by noise, missing values, and class imbalance. Hyperparameter tuning,
including the selection of network depth, number of neurons, learning rate, and regularization terms,
is computationally demanding and can introduce uncertainty if not carefully managed. Overfitting
remains a critical concern, particularly when deep architectures are trained on limited or spatially
correlated data [150].

Another major limitation of NN models is their limited interpretability. Unlike tree-based
methods, NNs are often considered black-box models, making it difficult to directly assess the
influence of individual factors on wildfire susceptibility. This limitation can reduce their acceptance
in operational wildfire management contexts, where transparency and explainability are essential for
decision-making. Recent advances in explainable AI (XAI), such as SHAP and sensitivity analysis,
partially address this issue but add further computational complexity [151].

Neural Networks represent a highly flexible and powerful approach for wildfire susceptibility
mapping, capable of achieving superior predictive performance by capturing complex nonlinear
relationships across diverse environmental factors. While their computational cost, sensitivity to
data quality, and limited interpretability pose challenges, carefully designed and optimized NN
frameworks can provide valuable insights and high-accuracy susceptibility maps, particularly when
used alongside more interpretable machine learning models in a comparative or ensemble setting
[152].

4.3.1.4 Extreme Gradient Boosting (XGBoost)

Extreme Gradient Boosting (XGBoost) is an advanced ensemble learning algorithm based on the
gradient boosting decision tree (GBDT) framework. It builds predictive models by sequentially
adding decision trees, where each new tree is trained to correct the residual errors of the previous
ensemble. Due to its high predictive accuracy, scalability, and built-in regularization mechanisms,
XGBoost has become one of the most widely used machine learning methods for wildfire suscepti-
bility mapping (WSM) and related environmental risk assessments [153].

Given a dataset (xi, yi)i = 1N , XGBoost models the prediction as an additive function of K

regression trees:
ŷi =

∑
k = 1Kfk(xi), fk ∈ F , (4.7)

where F denotes the space of decision trees. The model is optimized by minimizing a regularized
objective function:

L =
∑

i = 1N `(yi, ŷi) +
∑

k = 1KΩ(fk), (4.8)

University of Mila: 2025 75



Proposed Methodology and Experimental Framework

where `(·) is a differentiable loss function (e.g., logistic loss for classification), and Ω(fk) is a regu-
larization term that penalizes model complexity, typically defined as:

Ω(f) = γT + 1
2λ

T∑
j=1

w2
j , (4.9)

with T being the number of leaves in the tree, wj the leaf weights, and γ and λ regularization pa-
rameters. This formulation enables XGBoost to control overfitting while maintaining high learning
capacity [154].

One of the key advantages of XGBoost in wildfire susceptibility modeling lies in its ability to
capture complex nonlinear relationships and high-order interactions among environmental and an-
thropogenic factors, such as temperature, vegetation indices, slope, proximity to roads, and human
settlements. Its tree-based structure allows it to naturally handle mixed data types and missing
values, which are common in large-scale geospatial datasets. Moreover, XGBoost is computationally
efficient due to parallel processing, cache-aware access, and optimized tree construction, making it
suitable for large raster-based susceptibility datasets [150].

Several studies have demonstrated the strong performance of XGBoost in fire risk and suscep-
tibility assessment. In heritage and urban fire risk studies, XGBoost has been shown to outperform
other ensemble and boosting methods, including GBDT, AdaBoost, CatBoost, and SVM, partic-
ularly when historical fire records are sparse [155]. By integrating spatially unique features and
risk indices, XGBoost has proven effective in predicting fire risk levels at fine temporal scales, such
as monthly assessments. These characteristics are directly transferable to wildfire susceptibility
mapping, where fire occurrence data are often limited or unevenly distributed in space and time
[141].

Another major strength of XGBoost is its compatibility with explainable artificial intelligence
(XAI) frameworks. Feature attribution methods such as SHAP (SHapley Additive exPlanations)
can be seamlessly applied to XGBoost models, providing both global and local interpretations of
factor contributions [156]. This capability is particularly valuable in environmental and wildfire
studies, as it allows researchers and decision-makers to understand why certain areas are classified
as high-risk and to relate model outputs to physical drivers and management actions [146].

Despite its advantages, XGBoost has some limitations. The algorithm requires careful hyperpa-
rameter tuning, including learning rate, tree depth, subsampling ratios, and regularization terms, to
achieve optimal performance. Inadequate tuning may lead to overfitting or overly complex models.
Additionally, while XGBoost is more interpretable than deep neural networks, its boosted ensemble
structure can still be less transparent than single decision trees, especially when many trees are
involved [141].

In summary, XGBoost offers a powerful and flexible framework for wildfire susceptibility map-
ping by combining high predictive accuracy, robustness to data imperfections, and advanced reg-
ularization techniques. Its ability to integrate spatial features, handle sparse fire occurrence data,
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and support explainable modeling makes it particularly well suited for operational wildfire risk
assessment and decision support systems in complex environmental settings [157].

4.3.2 Evaluation Methods

To objectively assess and compare the performance of the applied machine learning models in wildfire
susceptibility mapping, three complementary evaluation metrics were employed: the Area Under
the Receiver Operating Characteristic Curve (AUC), the F1 score, and cross-validation. These
metrics were selected to capture different aspects of model performance, including discrimination
capability, classification balance, and generalization robustness.

4.3.2.1 Area Under the Curve (AUC)

The Area Under the Curve (AUC) is a threshold-independent metric that measures a models ability
to discriminate between different susceptibility classes. It summarizes the Receiver Operating Char-
acteristic (ROC) curve, which represents the trade-off between the True Positive Rate (TPR) and
the False Positive Rate (FPR) across all possible decision thresholds. AUC values range from 0 to
1, where higher values indicate stronger discriminatory power and better overall model performance
[158].

The AUC is defined as:
AUC =

∫ 1

0
TPR(FPR) d(FPR) (4.10)

where TPR (True Positive Rate) represents the proportion of correctly identified positive samples,
and FPR (False Positive Rate) denotes the proportion of incorrectly classified negative samples
[158]. In wildfire susceptibility studies, AUC is particularly valuable because it evaluates ranking
quality independently of class thresholds.

4.3.2.2 F1 Score

The F1 score is the harmonic mean of precision and recall, providing a single metric that balances
omission and commission errors. It is especially suitable for wildfire susceptibility mapping, where
class imbalance is common and high-risk fire areas typically occupy a smaller spatial extent than
low-risk areas. The F1 score ranges from 0 to 1, with higher values indicating better classification
performance [159].

The F1 score is computed as:

F1 = 2 × Precision × Recall

Precision + Recall
(4.11)

where precision measures the proportion of correctly predicted positive instances, and recall mea-
sures the proportion of actual positives that are correctly identified [157].
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4.3.2.3 Cross-Validation

Cross-validation is a resampling technique used to evaluate how well a model generalizes to unseen
data. It reduces the risk of overfitting by ensuring that model performance is not dependent on
a single train–test split. In this study, k-fold cross-validation was applied, where the dataset is
partitioned into k equally sized subsets [160].

The general procedure of k-fold cross-validation is as follows:

• Divide the dataset into k equally sized folds.

• For each fold:

– Train the model using k − 1 folds.

– Validate the model on the remaining fold.

• Compute the average performance across all k folds.

4.4 Workflow Implementation and Modeling Procedures
After data collection and the application of preprocessing and labeling procedures described in the
previous chapter, the analysis proceeded to the modeling stage. The finalized labeled dataset was
first partitioned into two subsets to enable model training and evaluation. Specifically, 70% of the
data were allocated for training, while the remaining 30% were reserved for validation. To preserve
the original distribution of wildfire susceptibility classes and avoid class imbalance bias, the split
was performed using stratified sampling. This strategy ensured that each susceptibility class (low,
medium, high, and very high) was proportionally represented in both subsets, providing a reliable
basis for learning model parameters and assessing predictive performance.

Random Forest (RF)

The Random Forest (RF) model was applied to the preprocessed wildfire susceptibility dataset to
predict the four-class labels. The dataset was loaded, and unnecessary columns, such as identifiers
or GIS coordinates used only for spatial referencing, were removed. Predictor variables, including
topographical, climatic, vegetation, and anthropogenic factors, were assigned to X, while the wildfire
susceptibility class was assigned to y. The target variable was encoded to integer labels to ensure
compatibility with the classifier.

The dataset was then split into training and testing sets using a 70/30 stratified partition to
preserve the distribution of susceptibility classes. The RF model was trained on the training subset,
constructing an ensemble of decision trees with bootstrap sampling and random feature selection
at each split.
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Parameters:

• Number of trees (‘n_estimators‘) = 100

• Random seed (‘random_state‘) = 42 for reproducibility

• Split criterion (‘criterion‘) = Gini impurity

• Maximum depth of trees (‘max_depth‘) = None (trees grow until all leaves are pure)

• Minimum samples to split a node (‘min_samples_split‘) = 2

• Minimum samples per leaf (‘min_samples_leaf‘) = 1

• Maximum features considered for splitting (‘max_features‘) = sqrt(total features)

• Bootstrap sampling (‘bootstrap‘) = True

After training, predictions were generated for the testing subset, and model performance was
evaluated using accuracy, F1-score, and AUC, see Figure 4.2.

Figure 4.2: Algorithm: Random Forest Training

Neural Network (MLP)

The neural network model was applied to the processed wildfire susceptibility dataset to predict
the four-class labels. Predictor variables were assigned to X, while the wildfire susceptibility class
was assigned to y, and the target classes were numerically encoded. The dataset was then split
into training and testing subsets using a 70/30 stratified partition to maintain class proportions.
Feature values were normalized using standard scaling prior to training.
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Parameters and architecture:

• Input layer = number of features

• Hidden layer 1 = 64 neurons, ReLU activation

• Hidden layer 2 = 32 neurons, ReLU activation

• Output layer = 4 neurons, Softmax activation

• Loss function = categorical cross-entropy

• Optimizer = Adam

• Batch size = 32

• Number of epochs = 100

• Validation split = 20% of training set

The network was trained on the training set, predictions were generated on the testing set, and
model performance was evaluated using accuracy, F1-score, and AUC, see Figure 4.3.

Figure 4.3: Algorithm: Neural Network Training steps
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XGBoost

The XGBoost classifier was applied to the processed dataset following a similar workflow. Predictor
variables were assigned to X, the target variable y was numerically encoded, and the dataset was
split into 70/30 training/testing subsets using stratified sampling.

Parameters:

• Objective = ‘multi:softmax‘ (for multi-class classification)

• Number of classes (‘num_class‘) = 4

• Evaluation metric (‘eval_metric‘) = ‘mlogloss‘

• Use label encoder (‘use_label_encoder‘) = False

• Random state = 42

• Test size = 0.3 (30% for testing)

The model was trained on the training set, predictions were made on the testing set, and
performance was evaluated using accuracy, F1-score, and AUC, see Figure 4.4.

Figure 4.4: Algorithm: XGBoost Training steps

Support Vector Machine (SVM)

The SVM model was applied to the dataset using a consistent workflow. Predictor variables were
assigned to X, the target variable y was numerically encoded, and the dataset was split using a
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70/30 stratified partition.
Parameters:

• Kernel = RBF (default)

• C (regularization) = 1.0

• Gamma = ‘scale‘

• Multi-class strategy = One-vs-Rest (OvR)

• Random state = 42 (for reproducibility in train-test split)

The model was trained on the training subset, predictions were made on the testing set, and
performance was evaluated using accuracy, F1-score, and AUC, see Figure 4.5.

Figure 4.5: Algorithm: SVM Training steps

4.5 Conclusion
In this chapter, we detailed the complete workflow for wildfire susceptibility mapping, starting from
dataset preprocessing and labeling, through the application of multiple machine learning models, to
evaluation and interpretation. The rigorous preparation of a high-quality, 2.6 millionentry dataset
ensured reliable model inputs, while stratified training and validation allowed fair assessment of
model performance. Random Forest, SVM, XGBoost, and Neural Networks were applied and
compared using standard metrics (AUC, F1 score, and cross-validation), with results visualized
both as charts and spatial maps for expert analysis.
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Independent validation using 20242025 fire occurrences demonstrated the generalization capabil-
ity of the selected model, and overlaying predicted high-risk areas on feature-specific maps provided
valuable insights into the link between environmental and anthropogenic factors and wildfire occur-
rence. This methodology establishes a robust, interpretable, and actionable framework for wildfire
risk assessment, supporting both operational decision-making and further research on factor-driven
fire dynamics.
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Chapter 5

Results and Discussion

5.1 Introduction
This section presents and discusses the results of the wildfire susceptibility modeling framework
developed for the study area. The analysis goes beyond reporting predictive accuracy and focuses
on understanding model behavior, spatial consistency, and real-world relevance. First, multiple
machine learning models are compared using standard performance metrics and ROC analysis
to identify the most reliable predictors of wildfire occurrence. Second, susceptibility maps are
examined spatially and contrasted with environmental and anthropogenic factors to assess physical
realism. Third, model interpretability is addressed through SHAP-based feature importance and
spatial overlays, enabling an explicit link between predictors, risk patterns, and underlying ignition
mechanisms. Finally, the robustness of the selected model is evaluated using independent wildfire
occurrences from 20242025, providing a time-forward validation that strengthens confidence in
the results. Together, these analyses ensure that the proposed framework delivers not only high
statistical performance but also transparent, spatially coherent, and decision-relevant wildfire risk
information.

5.2 Data Treatment Results: Correlation Structure and
Multicollinearity

Before constructing predictive models for wildfire susceptibility, it is essential to examine the re-
lationships among the predictor variables to ensure their independence and reduce potential mul-
ticollinearity. Multicollinearity occurs when independent variables are highly correlated with one
another, which can inflate the variance of coefficient estimates and reduce the interpretability and
stability of the model. To address this, two complementary analyses were conducted: the Variance
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Inflation Factor (VIF) table and the Pearson correlation matrix. Together, these provide both a
global view of multicollinearity and the specific pairwise relationships between predictors.

The VIF table (Table 5.1) indicates that most variables in the dataset have acceptable levels of
multicollinearity, confirming that the dataset is suitable for initial model training. VIF measures
the extent to which the variance of a regression coefficient is increased due to correlations with other
variables, while Tolerancethe inverse of VIFrepresents the proportion of variability in a predictor
that is not explained by other predictors. In this study, the highest VIF values were observed for
Wind-Speed (7.58) and Average Temperature (6.27).

Wind-Speeds low tolerance of 0.11 suggests that a substantial portion of its variance is explained
by other features, particularly topographic and hydrological variables. Similarly, Average Temper-
ature, which is derived from the maximum and minimum temperature, shows considerable overlap
with other climatic variables, explaining its elevated VIF. Variables such as Max-Temperature, Min-
Temperature, and Humidity also exhibit moderate VIF values between 2.6 and 2.9, reflecting their
partial redundancy but still remaining within acceptable thresholds for environmental modeling.
On the other hand, NDVI and Aspect demonstrate very low VIFs (1.02 and 1.10, respectively),
highlighting their independence from other predictors and their unique contribution to the model.

Table 5.1: VIF and tolerance values.

Feature VIF Tolerance

Aspect 1.10 0.90
Elevation 2.29 0.43
Slope 1.39 0.71
Humidity 2.63 0.37
Max-Temperature 2.76 0.34
Min-Temperature 2.90 0.16
Avg-Temperature 6.27 0.43
Precipitation 2.28 0.44
Wind-Speed 7.58 0.11
Distance to Rivers 2.04 0.48
NDVI 1.02 0.97
Distance to Human Activity 2.01 0.16
Distance to Roads 2.08 0.17

The correlation matrix further clarifies the relationships between variables, especially in re-
lation to wildfire occurrence, Figure 5.1. The last column of the matrix, corresponding to D-

University of Mila: 2025 85



Results and Discussion

FireOccurrence, reveals that human activity is the primary driver of fire events in the study area,
with a high positive correlation of 0.78. Elevation also shows a strong positive relationship with fire
occurrence, suggesting that higher altitudes, possibly due to specific vegetation types or reduced
accessibility for firefighting, are more prone to fires.

Figure 5.1: Correlation matrix across conditioning factors.

Environmental variables such as Wind-Speed and Precipitation exhibit negative correlations
with fire occurrence, indicating that higher winds and rainfall reduce wildfire risk, likely through
moisture retention and climatic moderation. The matrix also identifies clusters of correlated predic-
tors, revealing underlying redundancy. For instance, Elevation and Slope (r = 0.75) form a terrain
cluster, while Distance to Human Activity, Distance to Rivers, and Humidity show strong interre-
lations, reflecting the tendency of human settlements to occur in specific geographic and climatic
zones. Interestingly, NDVI maintains very low correlations with all other variables, confirming its
role as an independent indicator of vegetation conditions that contributes unique information to
the model.
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By linking the correlation matrix with the VIF table, the sources of multicollinearity become
clearer. High VIF values for Wind-Speed and Average Temperature arise from their strong cor-
relations with topographic and climatic features. Wind-Speed, for example, is closely linked to
Elevation and Distance to Rivers, which explains its elevated VIF, while Average Temperatures
relationship with other temperature variables and geographic factors accounts for its redundancy.
Conversely, NDVI and Aspect remain largely independent, providing valuable, orthogonal infor-
mation for wildfire prediction. Human-related factors, such as Distance to Human Activity, show
moderate VIF values due to their overlap with environmental features, highlighting the interplay
between human settlement patterns and the surrounding geography.

the analysis confirms that the primary training dataset is stable and suitable for model devel-
opment. While certain variables exhibit multicollinearity, none exceed critical thresholds, and the
independent predictors offer strong, unique contributions. These results provide confidence in the
datasets robustness and should guide further model refinement, such as considering variable trans-
formations or selective feature reduction, to enhance predictive accuracy in subsequent analyses.

5.3 Methods, Accuracy, and Comparative Performance
The ROC curves (Figure 5.2) illustrate the discriminative power of the models across all classifica-
tion thresholds. The Random Forest model achieved a perfect AUC of 1.00, indicating near-ideal
separation between fire and non-fire locations within the dataset. Gradient boosting approachesXG-
Boost, LightGBM, and CatBoostclosely followed, each attaining an AUC of 0.99, confirming the
effectiveness of ensemble learning methods for wildfire susceptibility mapping. The ROC curves
for all models cluster near the top-left corner of the ROC space, representing optimal classifier
behavior. This outcome demonstrates that the selected predictors, particularly Distance to Human
Activity and Maximum Temperature, provide strong and distinguishable signals for wildfire occur-
rence. Although a perfect AUC can raise concerns regarding overfitting, subsequent forward-looking
validation using independent wildfire events confirms that the models generalize well beyond the
training data.
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Figure 5.2: ROC curves for the evaluated learners on the stratified holdout split.

The comparative performance metrics (Figure 5.3) further reinforce these findings. Random
Forest consistently outperforms the other models, achieving Accuracy, Precision, Recall, and F1
Score values of 0.98, alongside an AUC of 1.00. XGBoost ranks second, with strong yet slightly
lower metrics (Accuracy and F1 Score of 0.94, AUC of 0.99), followed by the Neural Network
and SVM models, which still exhibit high performance (F1 Scores of 0.93 and 0.91, respectively),
Table 5.2. Across all models, the close alignment between Precision and Recall indicates balanced
classification behavior, minimizing both false alarms and missed fire eventsan essential requirement
for safety-critical applications such as wildfire risk management. The consistently high AUC values
across models confirm that the predictor set is both informative and robust, capturing the underlying
drivers of wildfire occurrence effectively.
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Table 5.2: Test accuracy comparison across learners.

Model AUC F1

Random Forest 0.99 0.98
SVM 0.94 0.94
Neural Network 0.95 0.96
XGBoost 0.96 0.95

Figure 5.3: Overall model accuracy comparison at the chosen operating point.

To translate these statistical results into actionable spatial insights, each model was applied to
the entire study area to generate wildfire susceptibility maps (Figure 5.4). These maps employ a
standardized color scheme, where red represents high to very high risk, orange and yellow indicate
moderate risk, and green denotes low or negligible risk. All models demonstrate strong spatial
agreement, consistently identifying major wildfire hotspots in the central-northern and eastern in-
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land regions. Tree-based models such as Random Forest and XGBoost produce more granular and
spatially detailed risk patterns, capturing localized variability in susceptibility, whereas the SVM
generates smoother, more generalized risk zones due to its global decision boundary. The Neural
Network results lie between these two extremes, preserving major hotspots while slightly smoothing
risk transitions.

Figure 5.4: Wildfire susceptibility map for the study area.

Despite Random Forest achieving the highest internal performance metrics, XGBoost was se-
lected as the final operational model following consultations with civil protection engineers and
fire management authorities. This decision was guided by the principle of safety, as the XGBoost
susceptibility map delineates the largest extent of high and very high risk areas, thereby ensuring
conservative coverage for prevention planning, early intervention, and resource allocation. From a
risk management perspective, prioritizing broader identification of potentially vulnerable zones is
preferable to underestimation, particularly in regions with complex humanenvironment interactions.

The robustness of the selected model was further evaluated through spatial validation using in-
dependent wildfire occurrences from 20242025. The results show that 87.73% of recorded fire events
fall within areas classified as medium to very high susceptibility, demonstrating strong predictive
and spatial generalization capability. Specifically, 45.32% of fires occurred in very high-risk zones,
26.76% in high-risk zones, and 15.65% in medium-risk zones, while only 12.27% were located outside
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the predicted risk areas, see Figure 5.5. This high correspondence between predicted susceptibil-
ity and observed fire events confirms the models ability to anticipate future wildfire patterns and
highlights its practical utility as a decision-support tool for wildfire prevention and mitigation.

Figure 5.5: Spatial validation using independent 2024–2025 fire occurrences overlaid on sus-
ceptibility classes.

Only a limited number of previous studies have incorporated real and independent wildfire
occurrences for post-model validation, underscoring both the originality and the strength of the
present framework. For instance, Study [44] relied on qualitative visual comparison without re-
porting quantitative accuracy measures, while Study [22] achieved approximately 76% correctly
classified fire events. In contrast, the proposed approach attains a substantially higher validation
accuracy of 87.73%, demonstrating an enhanced capacity to capture both the spatial and temporal
dynamics of wildfire occurrence. This improvement can be attributed to the integration of a di-
verse set of environmental and anthropogenic predictors, a refined data preprocessing workflow, and
the application of advanced machine learning algorithms supported by explainable AI techniques,
particularly SHAP analysis.

In line with prior research reporting AUC values above 0.93 for wildfire susceptibility map-
ping tasks [47, 60], the present study confirms that high internal performance metrics alone are
insufficient to demonstrate true predictive skill. However, the forward-looking validation on unseen
20242025 fire events provides compelling evidence of out-of-sample robustness, rather than over-
fitting. Furthermore, susceptibility maps generated by RF, XGBoost, NN, and SVM show strong
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cross-model consistency, with differences confined mainly to boundary cells between adjacent risk
classes. The spatial patterns are physically coherent, aligning with known ignition mechanisms
such as agricultureforest interfaces, proximity to roads and settlements, and regional climatic con-
straints. SHAP-based feature importance rankings consistently emphasize human activity proxies,
hydro-meteorological variables, and topography as dominant drivers, reinforcing the interpretability
and regional relevance of the models.

Overall, these results demonstrate that the proposed framework not only achieves state-of-the-
art statistical performance, but also delivers spatially and temporally validated wildfire susceptibility
predictions, supporting its suitability for operational implementation in wildfire risk assessment and
management systems in the Jijel province and similar Mediterranean environments.

5.4 Interpretability and Spatial Visualization of Re-
sults

Global feature contributions were quantified using SHAP values derived from the calibrated XG-
Boost model (Figure 5.6). The results clearly indicate that human-activity-related variables, partic-
ularly proximity to roads and settlements, are the dominant drivers of wildfire susceptibility in the
study area. These are followed by hydro-meteorological variables, namely precipitation, maximum
temperature, and humidity, while topographic factors such as slope and elevation play a secondary,
modulating role rather than acting as primary ignition drivers. This ordering reflects the ignition re-
ality of Jijel Province, where a large proportion of fires originate near wildlandagriculture interfaces
and peri-urban areas, and where climatic stress conditions determine whether ignition develops into
a sustained fire event.

Importantly, SHAP values also provide directionality: shorter distances to roads and residen-
tial areas increase risk; lower precipitation and humidity elevate susceptibility; higher temperatures
amplify ignition probability; and steeper slopes slightly increase risk when combined with favorable
climatic and anthropogenic conditions. Because predictor collinearity was addressed during prepro-
cessing, these attributions are stable and physically meaningful rather than artifacts of redundant
inputs.
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Figure 5.6: SHAP summary showing global feature importance for the calibrated XGBoost
model. Higher absolute values indicate stronger contributions to predicted susceptibility.

The spatial manifestation of these relationships is clearly visible in the wildfire susceptibility map
(Figure 5.4). High and very high susceptibility zones form coherent spatial patterns aligned with
wildlandagriculture transitions, peri-urban fringes, and road-connected mid-slope corridors, where
ignition pressure and fuel continuity coexist. Conversely, low-susceptibility areas are concentrated in
wetter valley bottoms and higher-elevation zones with shaded aspects, where fuel moisture remains
relatively high. Feature-overlay analyses further reinforce this interpretation. When susceptibility
is examined alongside precipitation patterns (Figure 5.7), high-risk belts correspond predominantly
to drier micro-regions during the reference period. Similarly, overlays with human activity and road
proximity (Figure 5.8) reveal clustering of high-risk pixels along access corridors and settlement
interfaces. Local pixel-level inspections confirm this logic: near roadforest edges, positive SHAP
contributions from human-access variables dominate and are amplified by low humidity and re-
cent precipitation deficits, whereas in remote, wetter uplands, moisture-related variables suppress
susceptibility despite steep slopes.
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Figure 5.7: High-risk areas relative to precipitation patterns during the reference period.

Figure 5.8: High-risk areas relative to human activity and road proximity.

While internal performance metrics demonstrate predictive strength, they do not guarantee
spatial realism. To address this, an independent time-forward validation was conducted using
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wildfire occurrences from 20242025 obtained from Protection Civile records and MODIS hot spots.
The majority of these new fire events fall within areas previously classified as medium to very high
susceptibility, with a graded distribution that mirrors predicted risk levels rather than clustering
randomly. This confirms that the learned susceptibility ranking generalizes to unseen fire seasons
and that the spatial patterns produced by the model reflect genuine fire-driving mechanisms rather
than overfitting to historical data.

Interpretability was further strengthened by examining model uncertainty in relation to spatial
patterns. Although not explicitly mapped, ensemble variability from RF and XGBoost increases
mainly along class boundaries and in topographically complex or data-sparse areaslocations where
SHAP contributions from meteorological variables fluctuate most. These zones represent logical
candidates for targeted field verification, improved monitoring, or enhanced data collection. In
contrast, areas where high susceptibility coincides with low model spread and strong SHAP support
from multiple drivers provide the highest confidence for prioritizing preventive interventions.

From an operational perspective, the interpretability results directly inform wildfire management
strategies. High-risk zones concentrated near roads and settlements can be prioritized for fuel-
break maintenance, targeted patrols during heat episodes, and community awareness campaigns.
Medium-risk belts function as adaptive buffer zones, where preparedness levels can be escalated
under forecasted high temperatures and low humidity. At the municipal scale, SHAP-based factor
rankings offer an interpretable rationale for intervention design: where human-access variables
dominate, ignition prevention and access control are most effective, whereas areas driven primarily
by hydro-meteorological stress require heightened readiness during adverse weather conditions.

Overall, the integration of feature importance analysis, spatial feature overlays, and indepen-
dent fire-event validation grounds the susceptibility maps in understandable physical and human
processes. This interpretability framework not only reinforces trust in the model outputs but also
bridges the gap between predictive accuracy and practical decision-making, enabling wildfire sus-
ceptibility mapping to function as a reliable tool for prevention planning, resource allocation, and
risk communication.

5.5 Challenges and Future Work
Developing reliable wildfire susceptibility maps that are both scientifically robust and operationally
useful presents a series of interconnected methodological and practical challenges. These challenges
extend beyond model selection and encompass data availability, feature justification, training and
validation strategies, interpretability, and operational integration. While the proposed framework
addresses many of these issues, recognizing its current limitations is essential to guide future im-
provements and ensure sustainable applicability in wildfire management.

One of the most persistent challenges lies in the scarcity, uneven distribution, and heterogeneity
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of input data, particularly at the local scale. Meteorological stations are sparse and often con-
centrated near settlements or transportation corridors, which can bias humidity, temperature, and
wind measurements relative to forested and mountainous areas. Historical fire records combine mul-
tiple sources with varying spatial accuracy, temporal resolution, and reporting reliability, leading to
potential positional errors and underrepresentation of small or rapidly suppressed fires. Similarly,
anthropogenic layers derived from road and settlement databases often omit informal tracks and
seasonal access routes that significantly influence ignition pressure.

These limitations propagate uncertainty throughout the modeling pipeline and may distort fea-
ture attribution, especially in topographically complex or data-poor regions. Future work should
prioritize densifying the observational backbone through low-cost micro-meteorological sensors de-
ployed in wildlandurban interfaces and canyon corridors, complemented by camera-based systems
for early smoke detection. Data assimilation techniques that fuse local observations with reanaly-
sis products (e.g., ERA5) can further refine near-surface meteorological fields. Regular updates of
human-access layers using recent imagery and local authority records are also essential. In parallel,
establishing lightweight data governance protocolscovering coordinate validation, duplicate removal,
and metadata consistencywould significantly improve the reliability of fire incident archives used
for model training and validation.

The rapid growth of open-access geospatial datasets has expanded the pool of potential predic-
tors for wildfire modeling, but this abundance introduces a critical challenge: determining which
variables are truly relevant, how they should be represented, and how redundancy should be man-
aged. Climatic variables, for example, can be expressed as means, extremes, anomalies, or seasonal
aggregates, each capturing different aspects of fire risk. Without careful justification, feature-rich
models risk instability, reduced interpretability, and overfitting.

Future research should continue to combine expert knowledge with data-driven selection strate-
gies, including multicollinearity analysis, feature reduction, and importance screening across mul-
tiple model families. Beyond static selection, investigating how feature importance evolves over
timeparticularly under changing climate conditionscan provide insight into shifting ignition regimes.
Such longitudinal analyses may reveal whether anthropogenic drivers remain dominant or whether
climatic stressors gain relative influence in future decades.

Machine learning models for wildfire susceptibility are particularly vulnerable to inflated per-
formance estimates due to spatial autocorrelation and temporal leakage. Neighboring pixels often
share similar environmental and anthropogenic characteristics, meaning that random data splits
can unintentionally transfer information between training and testing samples. Similarly, models
evaluated on years that closely resemble training periods may fail to generalize to anomalous fire
seasons.

Addressing these issues requires more rigorous validation designs. Spatially blocked cross-
validation, combined with time-forward evaluation, should become standard practice to better reflect
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operational deployment. Performance should also be disaggregated across landscape contextssuch
as coastal versus inland areas or near-access versus remote zonesto identify where predictive skill
is strongest or weakest. Monitoring probability calibration over time and implementing periodic
recalibration or rolling retraining will be increasingly important as land use and climate patterns
evolve.

Although advanced machine learning models can achieve high predictive accuracy, their adoption
in operational wildfire management depends heavily on transparency and interpretability. Decision-
makers require clear explanations of why specific areas are classified as high risk and which factors
dominate local susceptibility. Without such insights, even high-performing models may be perceived
as black boxes and remain underutilized.

Future work should expand the interpretability toolkit beyond global feature rankings. Partial
dependence or accumulated local effects can clarify nonlinear responses, while interaction analyses
can reveal coupled effects such as slopewind alignment. Local explanations at selected high-risk
sites should be routinely examined and their stability tested across model variants to avoid brit-
tle narratives. When image-based or deep learning components are introduced, saliency methods
and concept-based interpretability tests will be essential to ensure that models focus on physically
meaningful patterns rather than artifacts. Counterfactual analysesquantifying how much a variable
must change to shift susceptibility classcan further support policy design and risk communication.

A fundamental limitation of static susceptibility maps is that they represent long-term pre-
disposition rather than immediate danger. While they are invaluable for prevention planning and
resource allocation, operational wildfire management requires dynamic systems that integrate both
predictive (leading) indicators and reactive (trailing) signals.

Future research should therefore focus on integrating susceptibility outputs with real-time and
forecasted data streams. Predictive features such as temperature, humidity, vegetation dryness,
and human activity provide early warning potential, while reactive featuresthermal anomalies, gas
emissions, smoke aerosols, and surface changesenable rapid detection and confirmation of active
fires. Hybrid architectures that combine these two information streams can bridge the gap between
anticipation and response.

Spatio-temporal deep learning frameworks, such as ConvLSTM-based architectures, offer promis-
ing avenues for modeling the joint evolution of environmental conditions and fire activity. A practical
direction is a hybrid modeling strategy, where deep networks extract spatio-temporal representa-
tions from imagery and sensor data, while calibrated machine learning models integrate these rep-
resentations with tabular predictors to preserve interpretability and robustness. Extensive ablation
studies will be required to quantify the added value of such complexity and to identify the minimal
architecture that delivers meaningful operational gains.

For susceptibility mapping to deliver real-world impact, models must be embedded within op-
erational workflows. This includes publishing maps as versioned web services, defining thresholds
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linked to decision costs, integrating outputs into dashboards with live weather and fire feeds, and
establishing clear standard operating procedures for alert escalation and deactivation. Training
and continuous engagement with civil protection agencies are essential to align expectations and
incorporate practitioner feedback.

Equally important is the explicit communication of uncertainty. Future systems should expose
both aleatoric uncertainty (from noisy and incomplete data) and epistemic uncertainty (from limited
knowledge), using ensemble methods, Bayesian approximations, or conformal prediction. Sensitivity
analyses and stress tests under extreme meteorological scenarios can reveal failure modes and guide
conservative decision thresholds. Ethical considerations, including privacy protection in human-
activity layers and transparent communication of false-alarm risks, must also be addressed to ensure
equitable and responsible use.

In summary, advancing wildfire susceptibility mapping requires progress on two complementary
fronts: raising the scientific standard through improved data, validation, multimodal modeling, and
explainability; and completing the operational bridge that connects predictions, uncertainties, and
explanations to everyday decision-making. By addressing these challenges, susceptibility mapping
can evolve from a static analytical product into a core component of proactive wildfire management
and early warning systems, supporting more effective prevention, preparedness, and response in
Jijel and comparable Mediterranean environments.

5.6 Conclusion
The results demonstrate that the proposed machine learning framework provides a robust and
interpretable approach to wildfire susceptibility mapping. Comparative evaluation confirms that
ensemble tree-based models, particularly XGBoost, achieve superior performance while maintain-
ing spatial consistency and generalization capability. The integration of SHAP analysis reveals a
clear and region-specific hierarchy of influential factors, with human activity proxies and hydro-
meteorological conditions emerging as primary drivers, and topography acting as a secondary mod-
ulator. Susceptibility maps exhibit physically meaningful patterns that align with known ignition
contexts, such as wildlandagriculture interfaces and road-adjacent corridors, and their validity is
further reinforced by the strong correspondence with independent fire events from 20242025. By
combining quantitative metrics, explainable AI, spatial analysis, and real-world validation, this
study bridges the gap between predictive modeling and operational understanding, demonstrating
that accurate wildfire susceptibility maps can also be transparent, interpretable, and actionable for
expert analysis and fire management planning.
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General conclusion

This thesis addressed the growing challenge posed by wildfires, a phenomenon that has intensi-
fied worldwide under the combined influence of climate change, environmental degradation, and
expanding human activities. As highlighted in the introduction, the increasing frequency, severity,
and socio-environmental impacts of wildfires demand a shift from reactive fire suppression toward
proactive, data-driven risk assessment and prevention strategies. Within this context, Wildfire
Susceptibility Mapping (WSM) emerges as a critical decision-support tool, particularly in Mediter-
ranean regions such as northern Algeria, where wildfire drivers are complex, spatially heterogeneous,
and strongly influenced by humanenvironment interactions.

Focusing on the province of Jijel, this work developed and validated an integrated framework
for wildfire susceptibility mapping that combines Geographic Information Systems, advanced ma-
chine learning models, and explainable artificial intelligence techniques. By merging environmental,
climatic, topographic, hydrological, and anthropogenic datasets from both global repositories and
local agencies, the study responded directly to the data availability challenges outlined in the in-
troduction. The resulting harmonized database provided a comprehensive and regionally relevant
representation of wildfire conditioning factors, enabling robust modeling and spatial analysis.

Multiple machine learning algorithmsRandom Forest, XGBoost, Neural Networks, and Support
Vector Machineswere implemented and systematically compared to capture nonlinear relationships
between wildfire occurrences and their driving factors. The consistently high performance achieved
across models, as reflected by accuracy, F1 score, and AUC metrics, confirms the suitability of
machine learning approaches for wildfire susceptibility assessment in complex Mediterranean land-
scapes. Importantly, the comparative analysis revealed strong agreement in spatial patterns among
models, reinforcing confidence in the identified high-risk zones and demonstrating that the predictive
signal is not model-specific but rooted in meaningful environmental and anthropogenic processes.

A central contribution of this thesis lies in moving beyond internal model validation to address
one of the major limitations identified in prior wildfire susceptibility studies: the lack of indepen-
dent, real-world validation. By incorporating newly observed wildfire events from 2024 and 2025,
the proposed framework demonstrated strong time-forward predictive capability, with 87.73% of
recorded fires falling within areas classified as medium to very high susceptibility. This result con-
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firms that the model captures not only historical patterns but also the evolving spatial dynamics of
wildfire risk, providing compelling evidence of generalization rather than overfitting. In doing so,
this study strengthens the operational credibility of wildfire susceptibility mapping and aligns with
the growing call for validation strategies that reflect real decision-making conditions.

Equally important, this research addressed the interpretability gap often associated with ma-
chine learning models. Through the integration of SHAP-based explainability, the thesis translated
statistical predictions into understandable insights, clarifying why certain areas are classified as high
risk. Feature importance analysis consistently identified human activity proxiessuch as proximity to
roads and settlementsas dominant drivers of wildfire susceptibility, followed by hydro-meteorological
variables including precipitation, temperature, and humidity. Topographic factors played a sec-
ondary, modulatory role. This ordering aligns closely with the regional ignition context of Jijel
and validates the thesiss emphasis, introduced at the outset, on the critical role of anthropogenic
pressure in Mediterranean wildfire regimes.

The spatial interpretation of susceptibility maps further reinforced this understanding. High-
risk areas were shown to concentrate in physically and socially coherent zones, particularly along
wildlandagriculture interfaces, peri-urban fringes, and transportation corridors. Overlay analyses
with environmental and human layers revealed clear links between susceptibility patterns and known
fire-prone conditions, while local-scale inspections confirmed the consistency of model behavior at
the pixel level. These results demonstrate that the produced maps are not abstract statistical
outputs, but spatially meaningful representations of wildfire risk that reflect real-world processes.

From an operational perspective, the framework developed in this thesis offers tangible benefits
for wildfire management and land-use planning. The identification of high- and very-high-risk
zones provides actionable guidance for prioritizing fuel management, surveillance, and community
awareness efforts, particularly in areas where human access and environmental stress converge.
Medium-risk zones, when interpreted alongside weather forecasts, can serve as dynamic buffers for
escalating preparedness. Moreover, the explainable nature of the model outputs enhances trust
among decision-makers by providing clear, factor-based rationales for intervention strategies.

Beyond its practical implications, this thesis contributes to the scientific literature by addressing
a clear regional gap in wildfire susceptibility research. Southern Mediterranean and North African
regions remain underrepresented in comparative WSM studies, despite exhibiting fire regimes that
differ markedly from those of northern Mediterranean countries. By emphasizing locally relevant
drivers, integrating independent validation, and demonstrating the region-specific nature of factor
importance, this work underscores the necessity of context-aware modeling rather than the uncritical
transfer of models and assumptions across regions.

Nevertheless, certain limitations remain. Spatial resolution constraints, the availability of dense
meteorological observations, and potential positional uncertainty in fire records may influence local-
scale accuracy. While several mitigation strategies were applied, including stratified sampling and
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time-forward validation, future work would benefit from denser climate monitoring, multi-temporal
predictors, and spatially blocked cross-validation schemes. Additionally, coupling static susceptibil-
ity maps with near-real-time meteorological forecasts could further enhance early warning capabil-
ities.

In conclusion, this thesis demonstrates that wildfire susceptibility mapping, when grounded in
high-quality data, advanced machine learning, explainable modeling, and independent validation,
can provide reliable, interpretable, and operationally relevant insights for wildfire risk management.
By responding directly to the challenges outlined in the introductionrising wildfire risk, complex
drivers, data limitations, and the need for proactive toolsthis work contributes a robust framework
that can be adapted to other Mediterranean and fire-prone regions. Ultimately, the integration
of predictive accuracy, spatial coherence, and interpretability represents a meaningful step toward
more effective wildfire prevention, preparedness, and resilience in an era of increasing environmental
uncertainty.
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