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Abstract

Forest fires pose significant environmental and socioeconomic risks, increasing the need for
reliable methods for spatial mapping, susceptibility assessment, and risk prediction. This
systematic review synthesizes research on the application of remote sensing, Geographic
Information Systems (GIS), and machine learning for forest fire mapping. A total of 202 articles
were initially identified from five academic sources, of which 51 studies met the predefined
inclusion criteria. The reviewed literature shows increasing research activity, with publications
spanning 2021 to 2026. Asia accounted for the largest proportion of studies (62.7%, n=32), while
Africa was represented by only four studies, indicating a geographical research gap. Among
remote sensing datasets, MODIS was most frequently used (27 studies), followed by Sentinel-2
(14), while VIIRS and Landsat 8 were each used in six studies. Machine learning approaches
dominated the analytical methods, with Random Forest being the most frequently applied model
(28 studies), followed by XGBoost (20), Support Vector Machine (13), and Logistic Regression
(12). Common predictor variables included temperature, precipitation, slope, aspect, elevation,
distance to roads and settlements, land use/land cover, and vegetation indices. NDVI was the
most frequently used spectral index, appearing in 43 studies. Key limitations included spatial
resolution, data quality, data availability, and model performance. The review demonstrates a
clear shift toward integrated GIS, remote sensing, and machine learning frameworks, including
cloud-based platforms such as Google Earth Engine. Future research should prioritize improved
spatial and temporal data resolution, broader geographical coverage, particularly in Africa,
integration of multiple datasets and seasonal risk indices, advanced deep learning methods,
continuous monitoring, and robust validation to reduce bias and improve model transferability.
These advances can strengthen forest fire management and support evidence-based
decision-making.
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Introduction

Forest fires are important environmental disturbances that affect terrestrial ecosystems,
biodiversity, carbon cycling, atmospheric composition, and human communities. The increasing
availability of Earth-observation data has strengthened the ability to monitor the occurrence,
extent, and impacts of forest fires across different spatial and temporal scales. Remote sensing is
particularly valuable because it provides repeated observations over large and often inaccessible
areas, supporting the detection of active fires, delineation of burned areas, assessment of fire
severity, and monitoring of post-fire environmental changes [1,2,3 ]. The development of
improved satellite sensors and analytical techniques has further increased the potential for timely
and spatially detailed forest-fire mapping [4,3]. Consequently, reliable information on the
location, extent, timing, and characteristics of fire-affected areas is essential for environmental
monitoring, fire management, disaster assessment, ecosystem restoration, and scientific

investigations of fire dynamics.

Accurate mapping of forest fires provides fundamental information about the spatial and
temporal distribution of burned areas. Conventional field surveys and manual interpretation can
provide detailed information at local scales, but they are often difficult to implement consistently
over large geographic areas. Satellite remote sensing provides an alternative by enabling
systematic observations across extensive regions and over repeated time periods. Recent reviews
have demonstrated that remote sensing has become a central component of wildfire monitoring,
with optical, thermal, radar, LIDAR, and hyper spectral observations being used for different
stages of the fire cycle [2,4]. The rapid expansion of cloud-processing platforms has further
facilitated large-scale processing of satellite archives and automated generation of burned-area
information [4].

Remote-sensing-based fire mapping generally involves two related but distinct applications:
active-fire detection and burned-area mapping. Active-fire detection identifies thermal anomalies
associated with ongoing or recently active combustion, whereas burned-area mapping identifies
land surfaces that have already been affected by fire. The MODIS Collection 6 active-fire
product represented an important development in satellite fire monitoring because improvements
to the detection algorithm reduced some commission and omission errors and improved
performance across several fire environments [1]. MODIS observations have subsequently
remained an important source of active-fire information, while newer sensors such as the Visible
Infrared Imaging Radiometer Suite (VIIRS) have provided additional observations at finer
spatial resolution [1,2].



Burned-area mapping focuses on identifying the spatial extent of land affected by fire. The
MODIS Collection 6 burned-area product represented a major development in this field by
improving the detection of small burns, reducing temporal uncertainty in burn-date estimation,
and decreasing the amount of unmapped area [5]. However, subsequent validation demonstrated
that burned-area products can still experience substantial omission and commission errors,
particularly in ecosystems where fires are small, fragmented, or spectrally difficult to distinguish
from surrounding land cover [6]. Comparisons among global burned-area products have also
demonstrated substantial differences in the amount, location, and timing of mapped fire activity,
emphasizing the importance of understanding the characteristics and limitations of individual
products [7].

The spatial and temporal resolution of satellite observations is therefore a major consideration in
forest-fire mapping. Coarse-resolution sensors provide frequent observations and extensive
geographic coverage, but they may not adequately resolve small or fragmented fires.
Higher-resolution sensors provide greater spatial detail but may have lower temporal coverage,
greater computational requirements, and increased susceptibility to cloud contamination. Global
validation of the MODIS Collection 6 burned-area product demonstrated that omission errors
were particularly important for smaller burned areas and that mapping performance varied
considerably among biomes [6]. More detailed assessments have similarly shown that the spatial
shape and boundaries of burned areas can be affected by the relatively coarse resolution of global
products [8]. These limitations have encouraged increasing use of medium- and high-resolution
satellite imagery for detailed fire mapping.

Several satellite platforms have consequently been investigated to improve the spatial detail of
forest-fire mapping. Landsat provides a long-term archive and relatively fine spatial resolution,
making it valuable for detailed burned-area mapping, historical fire analysis, burn-severity
assessment, and validation. Sentinel-2 provides multispectral observations at spatial resolutions
as fine as 10 m and a relatively frequent revisit cycle, providing opportunities for mapping small
and fragmented burned areas. [9] Demonstrated the potential of Sentinel-2 multispectral
observations for burned-area mapping in sub-Saharan Africa, including the generation of a
database specifically designed to support small-fire detection. [10] further demonstrated that
Landsat-8 and Sentinel-2 observations can be combined through multi-temporal change detection
to produce medium-resolution burned-area information.

The combination of different optical sensors has subsequently become an important research
direction. Integrating Landsat and Sentinel-2 observations can increase temporal sampling while
retaining relatively high spatial resolution. This is particularly useful where cloud cover or
satellite revisit intervals prevent the acquisition of a single suitable image immediately before or
after a fire. More recent research has extended this concept to high-resolution commercial
imagery. [11], for example, investigated deep-learning-based burned-area mapping by
transferring information learned from Landsat-8 to PlanetScope imagery. Such approaches



demonstrate the potential for combining information across sensors with different spatial and
temporal characteristics [11].

Synthetic Aperture Radar (SAR) provides complementary information for forest-fire mapping
because radar observations are less dependent on cloud-free conditions than optical imagery.
SAR can also provide information related to vegetation structure and surface characteristics that
may change following fire. [2] Identified radar and LiDAR as important complementary
technologies for burned-area assessment, while more recent research has demonstrated the
potential of Sentinel-1 SAR for integration with optical Sentinel-2 data. [12] Developed a
deep-learning approach that used the synergy of Sentinel-1 and Sentinel-2 observations for
burned-area mapping and evaluated its performance across multiple fire events. These
developments suggest that multi-sensor observations can provide complementary information
that may improve fire mapping under conditions where individual sensors have limitations.

A range of spectral indices and change-detection techniques has also been developed for
forest-fire mapping. Burned vegetation produces changes in spectral reflectance, particularly in
the near-infrared and shortwave-infrared portions of the electromagnetic spectrum. The
Normalized Burn Ratio (NBR), differential Normalized Burn Ratio (ANBR), and related spectral
indices are therefore frequently used to identify fire-induced changes and assess burn severity. A
comprehensive review of forest burned-area and burn-severity research found that spectral
indices remain among the most frequently used approaches in remote-sensing-based fire studies
[13]. More recent reviews have similarly identified NBR and NDVI among the most frequently
applied indices in wildfire mapping research [3].

Image differencing and multi-temporal change detection are particularly useful because they
compare surface conditions before and after a fire. These approaches can reduce confusion
associated with spatial variability in vegetation and background conditions when appropriate
pre-fire and post-fire observations are available. [10] Demonstrated the effectiveness of
combining Landsat-8 and Sentinel-2 observations through a multi-temporal change-detection
framework. More recent studies have extended change detection through automated
spectral-index combinations and machine-learning approaches, including unsupervised
burned-area mapping using automatically generated labels and ensemble learning [15]. These
developments demonstrate a transition from manually defined thresholds toward increasingly
automated approaches capable of exploiting multiple spectral and temporal characteristics.

The increasing availability of machine-learning techniques has further expanded the range of
approaches available for forest-fire mapping. Machine-learning algorithms can integrate multiple
spectral, spatial, temporal, and environmental variables and can model nonlinear relationships
between satellite observations and burned surfaces. Random forests, support vector machines,
decision trees, and ensemble methods have been applied to burned-area classification and related
fire-mapping problems. Recent reviews indicate a continuing shift from conventional



threshold-based approaches toward machine learning and deep learning, particularly as larger
satellite datasets and cloud-processing capabilities become available [4,3].

Deep learning has become particularly important for automated burned-area segmentation
because neural networks can learn spatial and spectral features directly from image data. [16]
Developed a U-Net-based approach for burned-area segmentation using Sentinel-2 imagery and
demonstrated the potential of convolutional neural networks for automated fire mapping. [12]
Subsequently demonstrated deep-learning-based mapping using the synergy of Sentinel-1 and
Sentinel-2 observations. Burnt-Net, developed using post-fire Sentinel-2 imagery, further
demonstrated the potential of deep morphological neural networks for automated burned-area
segmentation (2022). These studies indicate that deep-learning approaches can reduce
dependence on manually designed spectral features while providing pixel-level burned-area
delineation.

Recent studies have continued to investigate different deep-learning architectures and strategies
for improving burned-area mapping. [17] Compared a stacked auto encoder with several
conventional classification algorithms for mapping burned forest areas from Sentinel-2 imagery.
Their findings demonstrate the increasing application of deep learning for extracting burned
areas from high-resolution multispectral imagery. More recent work has investigated
super-resolution and transfer-learning approaches to overcome the trade-off between spatial and
temporal resolution. [18], for example, developed DLSR-FireCNet to generate
enhanced-resolution burned-area information from MODIS observations using deep learning and
decision-level super-resolution.

The development of Transformer-based and attention-based architectures represents another
recent stage in the evolution of deep-learning fire mapping. In 2026, context-aware
Transformer-U-Net approaches were investigated for burned-area segmentation from Sentinel-2
imagery, combining spatial attention with Transformer-based self-attention to capture both local
boundaries and broader contextual information. Such methods are intended to improve the
delineation of irregular burn boundaries and reduce confusion between burned surfaces and
spectrally similar land-cover features. The continued development of these architectures reflects
a broader movement toward models capable of integrating spatial context and multi-scale
information in high-resolution satellite imagery.

The accuracy of forest-fire mapping is influenced by numerous factors, including fire size, burn
severity, vegetation type, canopy structure, topography, atmospheric conditions, spatial
resolution, temporal frequency, and image-acquisition timing. Small fires may occupy only a
fraction of a satellite pixel, while low-severity or understory fires may produce relatively weak
spectral signals. Clouds and smoke can limit the availability of optical observations, while water
bodies, shadows, agricultural disturbances, and other land-cover changes can produce spectral
responses that resemble burned areas [2,6]. Recent studies have also shown that sensor



differences and regional environmental conditions can affect the transferability of
machine-learning and deep-learning models between geographic locations [12, 17].

Accuracy assessment and independent validation are therefore essential components of
forest-fire mapping research. Reliable validation requires reference data that accurately represent
the spatial and temporal characteristics of burned areas. [19] Proposed a stratified
probability-sampling design for regional-to-global burned-area product validation, emphasizing
the importance of statistically rigorous sampling in accuracy assessment. [6] Subsequently
applied a global validation framework using independently interpreted Landsat-8 image pairs.
Other validation studies have shown that the performance of burned-area products can differ
substantially depending on fire size, land-cover type, and environmental setting [20]. These
findings highlight the importance of standardized validation approaches when comparing
different fire-mapping methods and products.

Another important development is multi-sensor and multi-temporal data fusion. Individual
satellite systems have limitations in terms of spatial resolution, temporal frequency, spectral
coverage, cloud sensitivity, and data availability. Combining complementary observations can
therefore provide more complete information about fire occurrence and burned-area evolution.
Recent research has combined optical, thermal, radar, and active-fire observations, while
multi-source approaches increasingly integrate MODIS, VIIRS, Landsat, Sentinel, and
geostationary satellite data. In 2026, for example, Fire Cluster integrated MODIS, VIIRS,
Landsat-8, and Himawari-8 observations using a hierarchical clustering framework to reconstruct
wildfire events in space and time. Such multi-source approaches demonstrate the potential of
combining complementary observations to improve fire-event characterization and reduce
omissions caused by individual sensor limitations.

The use of cloud-based geospatial processing has further changed the way large volumes of
satellite data can be analyzed. Platforms such as Google Earth Engine provide access to
extensive satellite archives and computational resources, allowing researchers to process large
areas without downloading and storing all imagery locally. [4] Identified cloud geoprocessing as
one of the major developments influencing wildfire burned-area mapping, particularly for
large-scale applications. These platforms can facilitate automated image preprocessing,
spectral-index calculation, temporal compositing, classification, validation, and production of
spatial fire products.

Recent literature also demonstrates a growing emphasis on near-real-time wildfire monitoring.
Traditional burned-area products may experience delays because of satellite revisit intervals,
cloud contamination, image-processing requirements, and product-generation procedures. The
integration of active-fire observations with higher-resolution optical imagery can reduce these
delays. Recent studies have investigated near-real-time burned-area mapping using Sentinel-2
and VIIRS observations, while newer multi-source approaches aim to characterize fire events



using observations acquired at different spatial and temporal resolutions[21]. These
developments are particularly important for applications requiring rapid information for
emergency response and post-fire assessment.

Despite substantial methodological progress, several research gaps remain. These include
difficulties in detecting small and low-severity fires, limited availability of high-quality training
and validation data, differences in model performance between geographic regions, uncertainty
associated with multi-sensor data integration, and the computational requirements of increasingly
complex deep-learning models. Recent systematic reviews have also identified uneven
geographic representation in the literature and continuing challenges associated with model
generalization, interpretability, and operational implementation [13,3]. The emergence of
self-supervised learning, transfer learning, super-resolution, Transformer architectures, and
multi-source data fusion provides promising directions for addressing some of these limitations,
but their effectiveness requires further evaluation across diverse fire regimes and environmental
conditions.

Given the rapid development of satellite technologies, analytical techniques, artificial
intelligence, cloud computing, and multi-sensor data fusion, there is a growing need to
synthesize the current evidence on forest-fire mapping. Previous reviews have examined
remote-sensing approaches to forest burned-area estimation and post-fire assessment[13], while
more recent reviews have focused on remote-sensing datasets, cloud-processing platforms, and
emerging image-processing algorithms [4,3]. The continued emergence of high-resolution
satellite observations, deep-learning architectures, and multi-source fire-monitoring systems
means that the methodological landscape continues to evolve. A systematic review is therefore
needed to consolidate the evidence, identify dominant approaches, examine methodological
differences, and establish areas requiring further research.

Therefore, this systematic review examines the current state of forest-fire mapping using remote
sensing and GIS technologies, with particular emphasis on literature published between 2021 and
2026. Specifically, the review examines the major satellite datasets and sensors used for
forest-fire mapping; evaluates active-fire detection and burned-area mapping approaches;
investigates the application of spectral indices and change-detection techniques; assesses the use
of machine learning and deep learning; and examines multi-sensor, multi-temporal, and
cloud-based processing approaches. The review also evaluates methods used for accuracy
assessment and validation and identifies the principal challenges and research gaps affecting the
reliability and operational applicability of forest-fire mapping. By synthesizing the evidence
published during this period, the review aims to provide a comprehensive understanding of
methodological developments and identify opportunities for improving the accuracy, timeliness,
scalability, reproducibility, and practical application of remote-sensing-based forest-fire

mapping.



Methodology
Planning Stage

During the planning stage (Fig. 1), the research team refined the central review question to
explicitly investigate how forest fires have been mapped using GIS, remote sensing, and machine
learning. This guided the development of a comprehensive search strategy incorporating
terminology related to forest fire mapping, GIS, remote sensing, and machine learning.

l-::\ Define research

=@ | questions
@ Define
# | Procedures

Define search
keywords

Define inclusion
:‘v and exclusion
criteria

? Review and
© | validate findings
Fig. 1 The plan review step by step process

Information Sources and Literature Retrieval

This systematic review was conducted to synthesize published evidence on forest-fire mapping
using remote sensing, satellite Earth observation, geographic information systems (GIS), and
related geospatial analytical techniques. The review focused on studies published between 2021
and 2026, thereby capturing recent developments in satellite-based fire detection, burned-area
mapping, spectral-index methods, machine learning, deep learning, multi-sensor data integration,
and cloud-based geospatial processing. The review process was structured in accordance with the
principles of the Preferred Reporting Items for Systematic Reviews and Meta-Analyses



(PRISMA 2020) [22] to promote transparency and reproducibility in study identification,
screening, eligibility assessment, and inclusion.

A comprehensive literature search was conducted using major multidisciplinary and technical
databases, including MDPI, Science Direct, Taylor and Francis, Springer Link, and Google
Scholar. These databases were selected to provide broad coverage of environmental science,
remote sensing, Geoinformatics, computer science, and artificial-intelligence research relevant to
forest-fire mapping. In addition to database searches, the reference lists of relevant articles were
examined through backward citation searching, while forward citation searching was used to
identify subsequent studies that cited key publications. This approach was intended to reduce the
likelihood of missing relevant studies that were not retrieved through the primary database
searches.

The search focused on publications addressing the detection, delineation, classification, or
characterization of forest-fire-affected areas using remotely sensed or geospatial data. Particular
attention was given to studies employing commonly used satellite systems, including MODIS,
Landsat, Sentinel-1, Sentinel-2, and other optical, thermal, and synthetic aperture radar (SAR)
datasets. Studies applying conventional image-processing techniques as well as machine-learning
and deep-learning approaches were considered to capture methodological developments across
the review period.

Search Strategy

The search strategy was developed around four principal concepts: forest fires, fire or
burned-area mapping, remote sensing and Earth observation, and mapping technologies or
analytical methods. A combination of controlled and free-text keywords was used where
supported by the individual databases. The principal search terms included forest fire, wildfire,
forest wildfire, wildland fire, fire mapping, burned area mapping, burnt area mapping, fire
detection, remote sensing, satellite, Earth observation, MODIS, Landsat, Sentinel, SAR, machine
learning, and deep learning.

A general Boolean search expression was formulated as follows:

("forest fire" OR wildfire OR "forest wildfire" OR "wildland fire") AND ("fire mapping" OR
"burned area mapping" OR "burnt area mapping" OR "fire detection") AND ("remote sensing"
OR satellite OR "Earth observation") AND (MODIS OR Landsat OR Sentinel OR SAR OR
"machine learning" OR "deep learning")

The search expression was adapted to the syntax and indexing requirements of each database.
Where possible, searches were conducted within titles, abstracts, and author keywords to
improve the relevance of retrieved records. Additional targeted searches were performed for
specific combinations of datasets and techniques, including MODIS burned-area mapping,
Landsat forest-fire mapping, Sentinel-2 burned-area mapping, Sentinel-1/SAR wildfire mapping,



Normalized Burn Ratio (NBR), burn-severity mapping, change detection, machine-learning
classification, and deep-learning-based segmentation.

The search strategy was designed to capture both established and emerging approaches.
Consequently, studies based on spectral indices and thresholding were considered alongside
supervised and unsupervised classification, object-based image analysis, ensemble learning,
convolutional neural networks (CNNs), U-Net architectures, transfer learning, and more recent
transformer-based approaches. The search was restricted to the period January 2016 through
2026 in accordance with the predefined scope of the review.

Eligibility Criteria

Eligibility criteria were established before the screening process to ensure that the studies
included in the review directly addressed the research objectives. Studies were considered
eligible when they satisfied the predefined inclusion criteria.

Inclusion Criteria
Studies were included when they met the following criteria:

1. Study phenomenon: The study investigated forest fires, wildfires, burned areas,
fire-affected forests, or vegetation affected by fire.

2. Data source: The study used satellite remote sensing, aerial imagery, GIS, or other
Earth-observation data capable of supporting spatial fire mapping.

3. Mapping objective: The study addressed the detection, delineation, classification,
mapping, or characterization of fire-affected areas or burned areas.

4. Analytical method: The study applied an identifiable image-processing, spectral-index,
and change-detection, statistical, machine-learning, deep-learning, or multi-sensor approach.

5. Outcome: The study reported spatial, temporal, methodological, or accuracy-related
findings relevant to forest-fire mapping.

6. Publication type: Peer-reviewed journal articles and relevant conference publications
were considered. Authoritative technical publications were considered where they provided
sufficient methodological information and directly contributed to understanding fire-mapping
techniques.

7. Language: Publications available in English were included.

8. Publication period: Studies published from 2021 to 2026 were eligible.



9. Methodological detail: The publication provided sufficient information about its data
sources, processing procedures, mapping methodology, or validation approach to permit
meaningful synthesis.

Exclusion Criteria
Studies were excluded when they met one or more of the following criteria:

1. Studies focused primarily on firefighting operations, emergency response, human health
effects, or socioeconomic impacts without a relevant remote-sensing mapping component.

2. Studies addressing laboratory-based fire behaviour or experimental combustion without a
spatial Earth-observation component.

3. Studies dealing solely with atmospheric emissions or smoke transport when no
burned-area or active-fire mapping component was included.

4. Duplicate records retrieved from multiple databases.

5. Publications for which the full text could not be obtained or which lacked sufficient
methodological information for assessment.

6. Publications outside the predefined 2021-2026 publication period.

7. Studies that substantially duplicated another publication without providing a distinct
dataset, methodology, application, or analytical contribution.

The eligibility criteria were intended to maintain a clear distinction between studies that map fire
occurrence or fire-affected areas and studies that address broader wildfire-related topics without
a spatial mapping objective.

Study Selection and Screening Process

The study-selection process was performed in several sequential stages. First, all records
identified through the electronic database searches and supplementary citation searches were
compiled into a single reference database. Duplicate records were identified and removed before
formal screening. The remaining records were subjected to title and abstract screening to
determine their apparent relevance to the review objectives.

During the title and abstract screening stage, publications were retained when they potentially
addressed forest-fire detection, burned-area mapping, fire-affected vegetation mapping, or
related remote-sensing methodologies. Records that clearly failed to meet the inclusion criteria
were excluded at this stage. Studies for which eligibility could not be determined from the title
and abstract were retained for full-text assessment.

Full-text articles were subsequently assessed against the predefined inclusion and exclusion
criteria. Reasons for excluding studies at the full-text stage were recorded to improve



transparency and reproducibility. Common reasons for exclusion included an absence of a
relevant mapping component, inappropriate study objectives, insufficient methodological
information, publication outside the specified period, or duplication of another included study.

Data Extraction and Data Items

A structured data-extraction framework was developed to ensure consistent collection of
information from all included studies. The study screening process, including title and abstract
screening and full-text assessment, was independently conducted by the two authors. Any
disagreements regarding study eligibility were resolved through discussion and consensus
between the authors. Data were extracted systematically and organized according to publication
characteristics, geographical and environmental context, remote-sensing datasets, preprocessing
procedures, mapping techniques, validation approaches, and principal findings.

The following information was extracted from each eligible publication:

* Publication characteristics: author(s), year of publication, journal or conference, and study type;
» Geographical characteristics: country or region, geographic extent, and study location;

* Environmental characteristics: vegetation type, forest characteristics, fire regime, and relevant
environmental conditions;

* Remote-sensing data: satellite or sensor platform, spectral bands, spatial resolution, temporal
resolution, revisit characteristics, and acquisition period;

* Spectral indices and predictors: NBR, differenced NBR (dNBR), Normalized Difference
Vegetation Index (NDVI), Normalized Difference Moisture Index (NDMI), Burned Area Index
(BAI), and other spectral or textural variables;

* Main findings: methodological performance, principal advantages and limitations,
transferability, and key conclusions relevant to forest-fire mapping.

Particular attention was given to differences in sensor characteristics and methodological design
because these factors can substantially influence mapping performance. Information regarding
spatial resolution, temporal frequency, spectral configuration, cloud contamination, topographic
conditions, vegetation structure, fire size, and time elapsed between fire occurrence and image
acquisition was therefore extracted where reported.

Data Synthesis

Because the included studies were expected to differ substantially in geographical setting, fire
characteristics, sensor platforms, spatial and temporal resolutions, algorithms, reference datasets,
and accuracy-assessment procedures, the evidence was synthesized primarily through a
structured narrative and thematic approach rather than a statistical meta-analysis.

The synthesis was organized around major methodological themes, including: (i) remote-sensing
datasets and sensor characteristics; (ii) active-fire and burned-area mapping; (iii) spectral indices
and change-detection techniques; (iv) machine-learning methods; (v) deep-learning approaches;



(vi) multi-sensor and multi-temporal data integration; and (vii) emerging technologies and
research directions.

Comparisons between studies were interpreted in the context of their methodological and
environmental differences. Reported accuracy values were not treated as directly interchangeable
when they were derived from different reference datasets, spatial resolutions, sampling
strategies, study areas, or evaluation metrics. Instead, the synthesis emphasized patterns in
methodological development, commonly reported strengths and limitations, and factors
associated with improved or reduced mapping performance.

The synthesis also considered the evolution of forest-fire mapping from conventional
spectral-index and threshold-based approaches toward machine learning, deep learning,
multi-sensor fusion, and increasingly automated processing environments. This thematic
organization enabled the review to identify established practices, methodological advances,
persistent challenges, and areas requiring further research within the 20162026 literature.

Quality and Risk-of-Bias Considerations

The methodological quality of the included studies was considered in relation to the transparency
of their data sources, preprocessing procedures, mapping methodology, reference data, and
validation strategy. Particular consideration was given to whether studies provided sufficient
information to reproduce the mapping workflow and whether their validation data were
independent and appropriate for the spatial and thematic resolution of the mapped products.

Studies were also examined for potential sources of methodological bias, including inadequate
reference sampling, spatial mismatch between prediction and reference data, insufficient
validation samples, class imbalance, dependence on the same imagery for model development
and validation, and the use of accuracy measures that did not adequately represent burned-area
mapping performance.

The assessment did not exclude studies solely because they used different methodological
approaches. Instead, quality-related observations were incorporated into the synthesis to
distinguish between findings supported by robust validation procedures and findings that should
be interpreted with greater caution. This approach was particularly important because differences
in validation design can produce substantial variation in reported mapping accuracy even when
similar remote-sensing datasets and algorithms are used.

Results

Distribution of research papers

The initial database search identified 202 articles across five academic sources (Fig. 2).: 82 from
ScienceDirect, 54 from SpringerLink, 39 from MDPI, 25 from Google Scholar, and 2 from
Taylor & Francis. After rigorous screening of titles, abstracts, and full texts against the



predefined inclusion criteria, 51 studies met the eligibility requirements and were included in the
systematic review. These comprised 6 studies retrieved from Google Scholar, 16 from MDPI, 13
from ScienceDirect, and 16 from SpringerLink. No studies retrieved from Taylor & Francis met

the methodological and thematic inclusion criteria.
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Fig 2: PRISMA flow diagram utilized in the study

Distribution of reviewed papers based on year

The annual distribution of the selected publications, illustrated in (Fig. 3), demonstrates a
fluctuating but overall increasing trend in research on forest fire mapping using GIS, remote
sensing, and machine learning. Publication output increased from 3 studies in 2021 to 10 in



2022, declined to 5 in 2023, and subsequently rose to 13 studies in both 2024 and 2025. In 2026,
7 publications were recorded. Overall, the distribution indicates growing research interest in the
integration of GIS, remote sensing, and machine learning for forest fire mapping.
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Fig. 3 Distribution of the selected publications per year

Distribution of reviewed papers by country

The geographical distribution of the selected studies is relatively diverse (Table 1). China, India,
and Tirkiye had the highest number of publications, with six each, followed by Canada and
Pakistan, with three each. Morocco, Algeria, the United States, Germany, and Ecuador each
contributed two publications, while the remaining countries contributed one study each. The
global distribution, illustrated in Fig. 4, demonstrates widespread research interest in forest fire



mapping using GIS, remote sensing, and machine learning. The higher concentration of
publications in countries such as China, India, Tiirkiye, Pakistan, and Canada may reflect their
greater research activity and, potentially, the prevalence and impact of forest fires in these
regions.

Table 1 Research papers by country

Country Frequency Country Frequency
Syria 1 Thailand 1
Malaysia 1 America 2
Peru 1 Vietnam 1
China 6 Canada 3
Kazakhstan 1 Turkey 6
Morocco 2 Portugal 1
Greece 1 Indonesia 1
Brazil 1 Hungary 1
Ecuador 2 Iran 1
India 6 Bosnia and Herzegovina 1
South Korea 1 France 1
Germany 2 Bangladesh 1
Algeria 2 Chile 1
Pakistan 3
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Fig. 4 Research paper collection at country level

Distribution of reviewed papers by continent

The continental distribution of the reviewed literature, summarized in Table 2, highlights the
geographical focus of forest fire mapping research. Asia accounted for the largest proportion of
studies, with 62.7% (n = 32), followed by America with 15.6% (n = 8), Europe with 13.7% (n =
7), and Africa with 7.8% (n = 4). This distribution indicates a strong concentration of research in
Asia, which may reflect both the region’s research activity and the prevalence and impacts of
forest fires.

Table 2 Research papers by continent

Continent Number
Africa 4
America 8

Asia 32




Europe

Summary of the studies reviewed
The final set of 51 studies included in this systematic review, comprehensively summarized in
Table 3, represents a diverse body of research applying GIS, remote sensing, and machine
learning to forest fire mapping. The table provides details on the retrieval source, full reference,
study title, year of publication, and the GIS, remote sensing, and machine learning techniques

employed. As shown in Table 3, machine learning approaches were more frequently used than
traditional GIS-based methods, indicating a broader methodological shift from conventional,
manually intensive approaches towards more advanced and data-driven techniques for forest fire

mapping.

Retrieved Reference | Title Year | GIS and Machine Learning

from Models Used

Google Scholar | [23] Forest fire susceptibility modeling in the 2026 Random Forest, Support Vector Machine,
Eastern Mediterranean: A machine learning Multilayer Perception, K-Nearest Neighbor
assessment

Google Scholar | [24] Hotspots Forest Fire Susceptibility 2022 Analytical Hierarchical Process (AHP)
Mapping for Land Use or Land Cover
using Remote Sensing and Geographical
Information Systems (GIS)

Google Scholar | [25] Integration of the AHP Method and GIS 2024 Analytical Hierarchical Process (AHP)
Techniques for Mapping Areas Susceptible
to Forest Fires in the Southern Amazon
Region (Peru)

Google Scholar | [26] Comparative study of machine learning 2024 Support Vector Machine (SVM), Random
methods for mapping forest fire areas using Forest (RF), and Neural Network (NN)
Sentinel-1B and 2A imagery

Google Scholar | [27] Mapping fire hazard potential in 2025 Maximum Entropy (MaxEnt) model
Kazakhstan: a machine learning and remote
sensing perspective

Google Scholar | [28] Using Machine Learning Coupled with 2022 XGBoost (XGB), Random Forest (RF), and
Remote Sensing for Fire Susceptibility Support Vector Machine (SVM)
Mapping. Case Study Tetouan Province,
Northern Morocco

MDPI [29] Employing Copernicus Land Service and 2023
Sentinel-2 Satellite Mission Data to Assess
the Spatial Dynamics and Distribution of
the Extreme Forest Fires of 2023 in Greece

MDPI [30] Characterizing Spatial Patterns of Amazon | 2022 Kernel Density Estimation (KDE),
Rainforest Wildfires and Driving Factors Geographically Weighted Poisson
by Using Remote Sensing and GIS Regression (GWPR)
Geospatial Technologies

MDPI [31] Assessment of Forest Fire Severity for a 2024 Analytical Hierarchical Process (AHP),
Management Conceptual Model: Case Logistic Regression
Study in Vilcabamba, Ecuador

MDPI [32] Forest Fire Assessment Using Remote 2022 Principal Component Analysis
Sensing to Support the Development of an
Action Plan Proposal in Ecuador

MDPI [33] Forest Fire Susceptibility Zonation in 2023 Analytical Hierarchical Process (AHP)
Eastern India Using Statistical and




Weighted Modelling Approaches

MDPI [34] Application of Remote Sensing and 2024 Random Forest, Logistic Regression,
Explainable Artificial Intelligence (XAI) Extreme Gradient Boosting Model
for Wildfire Occurrence Mapping in the
Mountainous Region of Southwest China
MDPI [35] Forest Fire Risk Prediction in South Korea | 2025 Random forest, Extreme Gradient Boosting
Using Google Earth Engine: Comparison model , and artificial neural network
of Machine Learning Models
MDPI [36] BIPE: A Bi-Layer Predictive Ensemble 2024 Bi-Layer Predictive Ensemble
Framework for Forest Fire Susceptibility
Mapping in Germany
MDPI [37] Wildfire Risk Assessment in Liangshan 2022 Support Vector Machine (SVM), Random
Prefecture, China Based on An Integration Forest (RF), and Extreme Gradient Boosting
Machine Learning Algorithm
MDPI [38] Remote Sensing and Machine Learning for | 2024 Support Vector Machine, Convolutional
Accurate Fire Severity Mapping in Neural Networks (CNN)
Northern Algeria
MDPI [39] Integrated Spatial Analysis of Forest Fire 2023 Analytical Hierarchical Process (AHP)
Susceptibility in the Indian Western
Himalayas (IWH) Using Remote Sensing
and GIS-Based Fuzzy AHP Approach
MDPI [40] Integrating Geographic Information System | 2026 Logistic Regression
and Logistic Regression for Forest Fire
Susceptibility Mapping in Chom Thong
District, Chiang Mai Province, Thailand
MDPI [41] Forest Fire Prediction: A Spatial Machine 2024 Decision Tree (DT), Random Forest (RF),
Learning and Neural Network Approach Logistic Regression (LR), Artificial Neural
Network (ANN), Support Vector Machine
(SVM), and Convolutional Neural Network
(CNN)
MDPI [42] A New Approach Based on TensorFlow 2023 Random Forest, Support Vector Machine,
Deep Neural Networks with ADAM Logistic Regression, TensorFlow deep
Optimizer and GIS for Spatial Prediction of neural networks
Forest Fire Danger in Tropical Areas
MDPI [43] A Forest Fire Susceptibility Modeling 2022 Random Forest, Logistic Regression, Light
Approach Based on Light Gradient Gradient Boosting Model
Boosting Machine Algorithm
MDPI [44] Forest Fire Occurrence Prediction in China | 2022 Artificial Neural Network, radial basis
Based on Machine Learning Methods function network, Support-Vector Machine,
Random Forest
Science Direct [45] Geospatial deep learning and SHAP-based | 2026 Long short-term memory (LSTM) and
explainable Al for wildfire susceptibility bidirectional LSTM (BiLSTM) models,
and exposure mapping in Western Canada
Science Direct [46] Advanced forest fire risk mapping: 2025 Random Forest
Combining Sentinel-2 MSI data with
hybrid machine learning in Similipal
Biosphere Reserve
Science Direct [47] Machine learning based wildfire 2022 Random Forest (RF), Gradient Boosting
susceptibility mapping using remotely (GB), eXtreme Gradient Boosting (XGB),
sensed fire data and GIS: A case study of and AdaBoost (AB)
Adana and Mersin provinces, Turkey
Science Direct [48] A deep learning ensemble model for 2021 Deep Learning(ENSEMBLE MODEL)
wildfire susceptibility mapping
Science Direct [49] Fire risk mapping using machine learning 2025 Maximum Entropy (MaxEnt) model

method and remote sensing in the




Mediterranean region

Science Direct [50] A machine learning-based wildfire 2026 Random Forest (RF), Gradient-Boosting
susceptibility mapping framework for Decision Tree (GBDT), eXtreme Gradient
China’s three-north shelterbelt region Boosting (XGBoost), Light Gradient

Boosting Machine (LightGBM), and
Logistic Regression (LR)

Science Direct [51] Assessing Chilgoza Pine (Pinus gerardiana) | 2024 Random Forest (RF), Extreme Gradient
forest fire severity: Remote sensing Boosting , and logistic regression
analysis, correlations, and predictive
modeling for enhanced management
strategies

Science Direct [52] Data driven forest fire susceptibility 2025 Artificial Neural Network (ANN),
mapping in Bangladesh Classification and Regression Trees

(CART), Categorical Boosting (CatBoost),
Convolutional Neural Network (CNN),
Deep Neural Network (DNN), Gradient
Boosting Decision Tree (GBDT), Random
Forest (RF), Support Vector Machine
(SVM), eXtreme Gradient Boosting
(XGBoost)

Science Direct [53] Application of remote sensing and machine | 2021 Frequency Ratio-Multilayer Perceptron
learning algorithms for forest fire mapping (FR-MLP), Frequency Ratio-Logistic
in a Mediterranean area Regression (FRLR), Frequency

Ratio-Classification and Regression Tree
(FR-CART), Frequency Ratio-Support
Vector Machine (FR-SVM), and Frequency
Ratio-Random Forest (FR-RF)

Science Direct [54] Wildfire susceptibility mapping with 2024 Random Forest (RF), Artificial Neural
multiple machine learning algorithms Network (ANN), Gradient Boosting
utilizing forest inventory and FIRMS data: Machine (GBM), Extreme Gradient
A case study in Arsin, Trabzon, Tiirkiye Boosting (XGBoost), and Deep Neural

Network (DNN)

Science Direct [55] Assessing wildfire susceptibility and 2025 Random Forest
driving variables in Portugal using machine
learning approach

Science Direct [56] Assessment of forest fire vulnerability 2025 Random forest (RF) and eXtreme Gradient
prediction in Indonesia: Seasonal Boosting (XGB)
variability analysis using machine learning
techniques

Science Direct [57] Artificial intelligence-driven forest fire 2026 Random Forest (RF), Support Vector
land susceptibility mapping: A remote Machine (SVM), Extreme Gradient
sensing and machine learning approach Boosting, and Gradient Boosting Machine

(GBM)

Springer [58] Multi-factor Fire Susceptibility Index (FSI) | 2026 Google Earth Engine
in Hungary: a data-driven approach using
remotely sensed data for peri-urban and
forested landscapes

Springer [59] Machine learning wildfire susceptibility 2025 Random Forest
mapping for Germany

Springer [60] Assessing wildfire extents in Siberian 2025 XGBoost, Random Forest, K-Nearest
forests using machine learning Neighbors, Logistic Regression, and

Decision Tree
Springer [61] Forest fire mapping: a comparison between | 2023 GIS-based Bayesian and Random Forest

GIS-based random forest and Bayesian

(RF)




models

Springer [62] Advancing wildfire monitoring: remote 2025 Google Earth Engine
sensing techniques and applications in the
Sana River Basin, Bosnia and Herzegovina

Springer [63] GIS-based forest fire risk determination for | 2022 Analytical Hierarchical Process (AHP)
Milas district, Turkey

Springer [64] An integrated remote sensing and AHP 2025 Analytical Hierarchical Process (AHP)
framework for forest fire vulnerability
assessment in Gironde, France

Springer [65] A Synergistic Approach Using Machine 2025 Random Forest, Gradient Boosting Model
Learning and Deep Learning for Forest Fire
Susceptibility in Himalayan Forests

Springer [66] Harnessing geospatial intelligence for 2026 XGBoost, CatBoost, LightGBM, and
wildfire risk mapping using ML and DL AdaBoost
techniques

Springer [67] Forest fire risk mapping using analytical 2021 Analytical Hierarchical Process (AHP)
hierarchy process (AHP) and earth
observation datasets: a case study in the
mountainous terrain of Northeast India

Springer [68] Remote sensing for assessing the impact of | 2024 Spectral Indices
forest fire severity on ecological and
socio-economic activities in Kozan District,

Turkey

Springer [69] Wildfire assessment using machine 2024 Logistic Regression (LR) and Random
learning algorithms in different regions Forest (RF)

Springer [70] Machine learning-based forest fire 2025 Logistic Regression (LR), Random Forest
vulnerability assessment in subtropical chir (RF), Support Vector Machine (SVM), and
pine forests of Pakistan eXtreme Gradient Boosting (XGBoost)

Springer [71] Integrated approach for the assessment of 2022 Analytical Hierarchical Process (AHP)
forest fire risk and burn severity mapping
using GIS, AHP method, and Google Earth
Engine in Western Algeria

Springer [72] Integrated risk mapping for forest fire 2024 Analytical Hierarchical Process (AHP)
management using the analytical hierarchy
process and ordered weighted average: a
case study in southern Turkey

Springer [73] Assessment of forest fire severity and land | 2024 Random Forest
surface temperature using Google Earth
Engine: a case study of Gujarat State, India

Sensors and Data Sources used For Forest Fire Mapping

In response to the first research question concerning the remote sensing datasets and sensors
Commonly used for forest fire mapping, Table 4 summarizes their frequency of use across the
reviewed studies. MODIS was the most frequently used dataset, appearing in 27 studies,
followed by Sentinel-2 in 14 studies. VIIRS and Landsat 8 were each used in 6 studies, while
FIRMS and Landsat 8/9 were each used in 5 studies. Landsat 9 was used in 3 studies, Landsat 5
in 2 studies, and Landsat 7 and PlanetScope in 1 study each.

Table 4 Data Sources Commonly Used




Data Source # of times used
MODIS 27
VIIRS 6
Sentinel 2 14
Landsat 8 6
Landsat 8/9 5
Landsat 9 3
Landsat 5 2
Landsat 7 1
FIRMS 5
PlanetScope 1

Table 3 Final studies included in the systematic review

GIS and Machine Learning Techniques Commonly Used

To address the second research question, which examined the commonly used GIS and machine
learning techniques, all 51 included publications were systematically screened. Machine learning
approaches were predominant, with Random Forest used in 28 studies, Extreme Gradient
Boosting (XGBoost) in 20, Support Vector Machine (SVM) in 13, and Logistic Regression in 12.
Artificial Neural Networks (ANN) were used in 7 studies, Decision Trees in 4, and



Convolutional Neural Networks (CNN) in 3. AdaBoost, Maximum Entropy, Ensemble Models,
Principal Component Analysis (PCA), Long Short-Term Memory (LSTM), and Bidirectional
LSTM (Bi-LSTM) were each reported in 2 studies, while Bi-layer Predictive Ensemble was used
in 1 study.

Among GIS-based approaches, the Analytical Hierarchy Process (AHP) was applied in 14
studies, whereas the GIS-based Bayesian model was used in 1 study.

Predictor Variables and Spectral Indices

The systematic evaluation conducted for the third research question examined the predictor
variables commonly used in forest fire mapping. These variables were grouped into five main
categories: human-related, climatic and weather, topographic, vegetation and fuel-related, and
spectral indices.

Human-related variables included distance to roads (26 studies), distance to settlements (17),
distance to rivers (13), and population density (11). Climatic and weather variables comprised
temperature (39 studies), precipitation (32), wind speed (24), soil moisture (6), and humidity (7).
Topographic variables included slope (39 studies), aspect (38), elevation (32), and altitude (5).
Land use/land cover (LULC), representing vegetation and fuel-related characteristics, was used
in 22 studies.

Among the spectral indices, the Normalized Difference Vegetation Index (NDVI) was the most
frequently used, appearing in 43 studies, followed by the Normalized Burn Ratio (NBR) in 8
studies. The Normalized Difference Moisture Index (NDMI) and Normalized Difference Water
Index (NDWI) were each used in 5 studies, while differenced NBR (dINBR) was used in 4
studies and the Soil-Adjusted Vegetation Index (SAVI) in 1 study. Overall, NDVI, temperature,
slope, aspect, precipitation, elevation, and distance to roads were among the most frequently
incorporated predictors in forest fire mapping studies.

Limitations and Future Research Direction

Finally, the limitations and future research directions reported across the reviewed publications
were systematically analyzed. The main limitations included challenges related to spatial
resolution (10 studies), data quality (6), data availability (8), and model-related limitations (9).
These findings highlight the importance of improving the quality, accessibility, and spatial and
temporal resolution of data, as well as enhancing model performance.

Regarding future directions, several studies recommended integrating generated forest fire risk
maps with seasonal risk indices and conducting continuous monitoring of fire dynamics. Other
recommendations included extending research to larger geographical areas and across multiple



time series, incorporating deep learning algorithms, and conducting periodic assessments to
capture changes in fire patterns and risk over time. These directions could strengthen the
accuracy, transferability, and temporal relevance of future forest fire mapping studies.

Discussion

This systematic review demonstrates the growing importance of remote sensing, geographic
information systems (GIS), and machine learning in forest fire mapping and risk assessment. The
findings indicate a clear transition from conventional and largely manual approaches toward
more advanced, data-driven techniques that integrate remotely sensed environmental information
with geospatial and machine learning methods. The increasing application of these technologies
reflects their capacity to process large volumes of spatial and temporal data, identify patterns
associated with fire occurrence, and support the development of forest fire susceptibility and risk
maps.

The geographical distribution of the reviewed literature revealed that research activity was
concentrated in Asia, particularly in China, India, Tiirkiye, and Pakistan. These countries
accounted for a substantial proportion of the reviewed publications. However, the high number
of publications should not be interpreted solely as evidence of a higher frequency of forest fires,
as publication output may also be influenced by research capacity, availability of funding,
accessibility of remote sensing data, technological infrastructure, and national research priorities.
Nevertheless, the concentration of research in these countries highlights the importance placed
on forest fire monitoring and risk assessment in regions where wildfire is an important
environmental concern. In contrast, only four of the 51 reviewed studies focused on Africa. This
relatively limited representation suggests a significant geographical gap in the existing literature.
Given the ecological, climatic, and socioeconomic importance of forests across Africa, greater
research attention is needed to strengthen the application of GIS, remote sensing, and machine
learning for forest fire monitoring and risk assessment across the continent.

The analysis of remote sensing datasets showed that MODIS and Sentinel-2 were among the
most frequently used data sources. The frequent application of these datasets reflects their
usefulness for forest fire mapping due to their ability to provide spatially and temporally relevant
information on vegetation conditions, surface characteristics, and fire-related changes. The
widespread use of MODIS, in particular, demonstrates the importance of datasets that provide
frequent observations for monitoring fire dynamics over large geographical areas. Sentinel-2 was
also frequently used, indicating the value of higher-resolution multispectral imagery for
characterising vegetation and landscape conditions associated with fire occurrence. However, the
frequent use of a particular dataset does not necessarily mean that it is universally superior.



Dataset selection should be determined by the specific objectives of the study, spatial scale,
temporal requirements, geographical context, and the characteristics of the variables being
modelled.

Machine learning techniques were the dominant analytical approaches identified in the review.
Random Forest was the most frequently applied model, appearing in 28 studies, followed by
XGBoost (20), Support Vector Machine (13), and Logistic Regression (12). The widespread
application of these models demonstrates the growing role of machine learning in identifying
complex and potentially nonlinear relationships between forest fire occurrence and
environmental, climatic, topographic, and human-related factors. Random Forest and XGBoost
are particularly useful for handling multiple predictor variables and complex interactions, while
SVM and Logistic Regression provide alternative approaches for classification and
probability-based modelling. The diversity of models used across the reviewed studies also
indicates that there is no single modelling approach applicable to all forest fire mapping contexts.

The findings further suggest a gradual shift from traditional GIS-based approaches toward
integrated GIS and machine learning frameworks. Although conventional approaches such as
analytical and knowledge-based methods remain relevant, the increasing use of machine learning
demonstrates the growing emphasis on automated and predictive approaches. Google Earth
Engine was also frequently used across the reviewed studies, reflecting the increasing
importance of cloud-based geospatial platforms. Such platforms provide access to large remote
sensing archives and computational resources, allowing researchers to process extensive spatial
and temporal datasets without relying exclusively on conventional desktop-based software. This
development has the potential to improve the efficiency and scalability of forest fire mapping,
particularly in regions where access to high-performance computing infrastructure may be
limited.

The review also identified several predictor variables that are consistently incorporated into
forest fire mapping models. Distance to roads, distance to settlements, slope, aspect, elevation,
and NDVI were among the most frequently used variables. The frequent inclusion of distance to
roads and settlements highlights the importance of human-related factors in explaining spatial
patterns of fire occurrence. Roads and settlements may influence fire risk through increased
human accessibility and activities, although their effects can vary according to local land-use
practices and socioeconomic conditions. Similarly, the frequent use of topographic variables
such as slope, aspect, and elevation demonstrates the importance of landscape characteristics in
influencing fire behaviour, vegetation distribution, moisture conditions, and solar exposure.
NDVI was the most frequently used spectral index, reflecting its usefulness in representing
vegetation characteristics and conditions that may influence fire susceptibility.

An important finding of the review concerns the influence of spatial resolution on forest fire
mapping. Several studies identified spatial resolution as a limitation, suggesting that the selection



of appropriate data resolution is critical for producing reliable fire risk maps. A coarse spatial
resolution may fail to capture small-scale variations in vegetation, human activity, topography,
and land use, whereas very high-resolution datasets may increase computational requirements
and data-processing complexity. Consequently, researchers should carefully match the spatial
resolution of the input datasets to the scale of the study area and the objectives of the analysis.
Consideration should also be given to temporal resolution, particularly when monitoring rapidly
changing fire conditions.

Finally, the review highlights the importance of careful model selection and validation. The use
of increasingly sophisticated machine learning algorithms does not automatically guarantee more
accurate or reliable forest fire maps. Model performance can be affected by the quality and
representativeness of training data, predictor selection, class imbalance, spatial and temporal
sampling, and model parameterisation. Poorly designed training and validation procedures may
introduce bias or lead to overestimation of model performance. Therefore, future studies should
adopt robust validation strategies, carefully assess predictor variables, address potential data
imbalance, and evaluate model transferability across different locations and time periods.
Comparative assessment of multiple algorithms may also provide a stronger basis for selecting
appropriate models for specific environmental and geographical contexts.

Conclusion and Recommendations

This systematic review demonstrates the increasing importance of remote sensing, GIS, and
machine learning in forest fire mapping. MODIS and Sentinel-2 were the most frequently used
remote sensing datasets, while Random Forest, XGBoost, and Support Vector Machine were
among the most commonly applied machine learning techniques. NDVI, temperature, slope,
aspect, elevation, and proximity to roads and settlements were frequently identified as important
predictor variables. However, limitations related to spatial resolution, data quality, data
availability, and model performance remain significant challenges.

Based on these findings, future research should focus on improving the spatial and temporal
resolution and quality of remotely sensed data, particularly in underrepresented regions such as
Africa. Researchers should consider integrating multiple remote sensing datasets and
environmental variables to improve mapping accuracy. The application of advanced deep
learning techniques should also be explored, alongside robust model validation to minimise bias
and improve transferability across different geographical areas. Furthermore, periodic monitoring
and the integration of forest fire risk maps with seasonal fire-risk indices are recommended to
better capture changes in fire patterns over time and support effective forest fire management and
decision-making.
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