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Abstract

Climate change has intensified the frequency and severity of wildfires, posing an urgent challenge for
environmental management and the protection of vulnerable communities. This chapter presents a
methodological framework based on artificial intelligence (Al) for wildfire prediction and control,
integrating multi-source data (meteorological, satellite, topographic, and socioeconomic) with machine
learning and deep learning algorithms. Hybrid CNN+LSTM models are highlighted, achieving
accuracies close to 92% by combining spatial and temporal patterns, significantly outperforming
traditional approaches. Cross-validation and the use of FARSITE demonstrated the model's reliability,
with concordances exceeding 80%. Beyond the technology, its main contribution is practical: it provides
risk maps and guides the allocation of field brigades, reinforcing territorial preparedness and adaptation
strategies to the effects of climate change.
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Resumen

El cambio climético ha intensificado la frecuencia y magnitud de los incendios forestales, generando un
desafio urgente para la gestion ambiental y la proteccion de comunidades vulnerables. Este capitulo
presenta un marco metodologico basado en inteligencia artificial (1A) para la prediccion y control de
incendios, integrando datos multifuente (meteoroldgicos, satelitales, topograficos y socioeconémicos)
con algoritmos de aprendizaje automatico y profundo. Se destacan los modelos hibridos CNN+LSTM,
que alcanzaron precisiones cercanas al 92% al combinar patrones espaciales y temporales, superando
ampliamente a los métodos tradicionales. La validacién cruzada y el uso de FARSITE demostraron la
confiabilidad del modelo, con concordancias superiores al 80%. Mas alla de la tecnologia, su aporte
principal es practico: ofrece mapas de riesgo y orienta la asignacion de brigadas en campo, reforzando
las estrategias de preparacion y adaptacion territorial frente a los efectos del cambio climatico
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Introduction

The increase in the frequency and intensity of forest fires has become one of the most serious
environmental challenges associated with climate change today, due to the direct impact it has on
biodiversity, ecological balance and communities. Changes in temperature, precipitation and drought
patterns have led to increasingly favourable conditions for the spread of fire, requiring tools capable of
anticipating its behaviour and supporting decision-making at an early stage. In this context, the use of
advanced analysis and prediction models offers a methodological alternative to overcome the limitations
of statistical approaches and improve prevention capabilities. Recent studies have shown that deep
network-based architectures achieve accuracy levels close to 90% in predicting ignition and spread
(Mambile et al., 2024).

The value of such approaches lies in their ability to process large volumes of information from diverse
sources, as they help identify non-linear patterns and generate models capable of integrating spatial and
temporal dimensions. Schemes that combine satellite images with meteorological variables have
demonstrated significant advances in understanding fire behaviour (Shadrin et al., 2024). Unlike
traditional methods, these approaches not only increase prediction accuracy but also yield results that can
be interpreted easily and clearly, facilitating decision-making by authorities, firefighters, and
communities. In this sense, the articulation of techniques such as Random Forest, CNN and LSTM
constitutes a comprehensive methodological framework that harmonises statistical rigour with
operational utility in high-risk contexts. According to recent studies, hybrid models consistently
outperform purely statistical techniques (Andrianarivony et al., 2024).

The central problem to be solved is the low capacity for anticipation and prevention offered by
classical meteorological models, which have limited accuracy and fail to capture the interaction between
climatic, biophysical and anthropogenic factors. The field of fire prediction has established itself as a
global research focus with applied Al in risk management (Xu et al., 2024). The hypothesis guiding this
chapter argues that the integration of artificial intelligence techniques with information collected from
various sources, complemented by physical simulators, can significantly improve the prediction and
control of forest fires, contributing to the generation of strategies that adapt to climate change.

This chapter is structured in six main sections. Section 2, Methodology, describes the process of
integrating meteorological, satellite, topographical and socio-economic data, as well as the pre-
processing techniques and Al algorithms used. Section 3, Results, presents the findings derived from the
application of the models, with comparative tables, performance metrics, and thematic risk maps. Section
4, Discussion, analyses the scope and limitations of the results obtained, emphasising their relevance in
the context of climate change. Section 5, Conclusions, summarises the main contributions and proposes
lines of future work towards the integration of Al with geographic information systems and real-time
monitoring platforms. Finally, section 6, Statements, presents ethical aspects, author contributions and
acknowledgements, in accordance with editorial guidelines.

Table 1
Determining factors in the occurrence of forest fires.

Dimension Main variables Relevance in climate change
scenarios

Climatic Temperature, precipitation, relative | Longer droughts and heat waves
humidity, drought index increase flammability

Geographical Slope, orientation, altitude The topography determines the speed

and direction of fire spread.

Biophysical NDVI, EVI, available biomass, soil | Vegetation dried out by the climate
moisture increases the fuel load.

Anthropogenic Population density, agriculture, | Human pressure increases the risk and
deforestation, infrastructure frequency of ignitions.

Climatic Temperature, precipitation, relative | Longer droughts and heat waves
humidity, drought index increase the likelihood of fires.

Source: Own Elaboration
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Table 1 summarises the main factors that influence the occurrence of forest fires and their
relationship with climate change. Table 2 presents a comparison between traditional approaches and
artificial intelligence models, highlighting the advantages of the latter in terms of accuracy, scalability
and practical applicability.

Table 2
Comparison between traditional approaches and Al models in fire prediction

Criterion Traditional techniques (e.g. FWI, linear Al models (ML, DL, hybrids)
regressions)

Variables considered Mainly climatic Climatic + biophysical + socio-
economic + spatial

Accuracy 65-70% on average 85-92% depending on model

Scalability Limited to specific regions Adaptable to multiple geographical
contexts

Interpretability Moderate (indices and correlations) High in ML, lower in DL, balanced in
hybrids

Predictive power Short-term temporal Temporal + spatial, with simulated
scenarios

Source: Own Elaboration
Methodology

The proposed methodology integrates data mining, machine learning and deep learning on
environmental, meteorological and geospatial information, with the aim of building a replicable
framework for predicting and controlling forest fires in the context of climate change. The approach
combines scientific rigour with practical applicability, ensuring both statistical validity and operational
usefulness.

Data collection and sources

The first phase consisted of integrating heterogeneous data that reflect the multi-causal nature of fires.
Historical meteorological records (maximum and minimum temperature, relative humidity, wind speed,
precipitation and Palmer drought index) from local stations and the ECMWF's ERA5 system were used.
Satellite data came from Sentinel-2 and MODIS, used to calculate vegetation indices (NDVI, EVI), soil
moisture and thermal intensity; previous studies confirm their effectiveness in explainable deep learning
models for global prediction (Chen et al., 2024). The topographic dimension was integrated using Digital
Elevation Models (DEM), which allowed the derivation of slope, orientation and altitude, critical factors
in fire spread. Historical records of burned areas, dates and affected areas from CONAFOR (Mexico)
and the Global Fire Atlas were also included, as well as socio-economic data (population density,
agricultural use, deforestation and infrastructure), which reflect anthropogenic pressures linked to climate
change.

Definition and explanation of variables
The variables were organised into four dimensions:

- Climatic: maximum and minimum temperature, relative humidity, wind speed, accumulated
precipitation, drought index.

— Geographical: slope, orientation, altitude, distance to water bodies.

— Biophysical: NDVI, EVI, soil moisture, available biomass.

— Anthropogenic: population density, proximity to roads, agricultural use, and record of controlled
burns.

- Methodological hypothesis: the integration of climatic and biophysical variables with human
factors allows for a more robust explanation and prediction of fire occurrence than the analysis
of isolated variables.


https://arxiv.org/abs/2402.07152
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Data pre-processing

Homogenisation and noise reduction techniques were applied. Spatial interpolation was used to fill gaps
in satellite images caused by cloud cover, a procedure validated in forest monitoring applications with
CNN (Saleh, 2023).

All variables were normalised using min—max in the range [0,1] and outliers were removed using
the Tukey method. To balance the low frequency of fires with respect to non-fires, SMOTE was applied,
and dimensionality reduction with PCA allowed 95% of the explained variance to be retained.

Applied algorithms

Machine learning, deep learning and hybrid approaches were evaluated:

- Classic machine learning: Decision Trees and Random Forest (risk classification and
identification of variable importance); SVM for binary classification (fire/non-fire); and KNN as

a proximity baseline.

- Deep learning: Multilayer neural networks (ANN) to estimate ignition probability; CNN on
satellite images to identify active hotspots; and LSTM for temporal prediction in historical series.

- Hybrid models: CNN+LSTM for spatial and temporal integration; and Random Forest combined
with FARSITE to validate against physical propagation models.

Selection criteria: CNN and LSTM were prioritised for their ability to capture complex spatio-
temporal patterns, while Random Forest provided easy interpretation for public management.

Dependent and independent variables
— Dependent: occurrence of fire (0 = no fire; 1 = fire).
— Independent: all variables described in 2.2.

In addition, regression models were constructed to predict the affected area (ha) as a continuous
variable.

Validation and performance metrics

Validation was performed using k-fold cross-validation (k=10). Accuracy, Recall, Precision, F1-Score
and AUC-ROC were used for classification; RMSE and MAE were used for regression. Priority was
given to Recall (sensitivity) because minimising false negatives is more critical than accepting false
alarms; this criterion has been central to recent studies on spread prediction (Anastasiou et al., 2025).

Comparison with traditional techniques

The Al models were compared with classic meteorological indices such as the Fire Weather Index (FWI)
and with linear statistical models. While traditional methods achieved accuracies of 65-70%, Al
models—particularly CNN and Random Forest—consistently exceeded 85-90% in risk prediction.

The hybrid approach allowed for a balance between accuracy and explainability. Machine
learning algorithms offered easy interpretation, which is crucial for decision-makers and communities,
while deep learning captured spatial and temporal patterns associated with climate change. The
combination of both ensured a replicable methodological framework that could be adapted to different
regions, with potential for application in global climate crisis scenarios.


https://arxiv.org/abs/2505.17556
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Results

The integration of multi-source data formed the basis for the development of predictive models. The
combination of meteorological records, satellite images, topography, and socio-economic factors made
it possible to build a robust and replicable dataset focused on the municipality of Zitdcuaro and the eastern
region of Michoacan. Data pre-processing included normalisation, class balancing using oversampling
techniques and dimensionality reduction with PCA, which ensured a balanced and statistically consistent
dataset, with 95% of the variance explained in the principal variables.

In the analysis with machine learning algorithms, Random Forest models showed a performance
superior to 85% accuracy, highlighting their ability to identify the relative importance of variables, where
the drought index and NDVI emerged as the most influential predictors. Decision trees had a significant
impact in explaining simple risk rules, although they were less accurate when compared to ensemble-
based models.

In the case of deep learning models, convolutional neural networks (CNNSs) applied to Sentinel-
2 satellite images achieved between 88% and 90% accuracy, outperforming traditional statistical
methods. LSTM networks, trained with climate and fire time series, demonstrated high sensitivity in
capturing the influence of prolonged droughts and temperature variations, generating robust temporal
forecasts. The CNN+LSTM hybrid model emerged as the best overall performer, with an accuracy of
close to 92%, by simultaneously integrating spatial and temporal patterns. The CNN+LSTM hybrid
approach proved to be highly effective in integrating spatial and temporal patterns (Sunny, 2023).

K-fold cross-validation (k=10) supported the statistical robustness of the proposed models. The
Recall (sensitivity) metric was prioritised due to the importance of minimising false negatives in high-
risk scenarios; in this regard, the CNN+LSTM model achieved a recall of 0.91. In the regression models
aimed at predicting the affected area, satisfactory results were obtained with an RMSE of 1.8 ha and an
MAE of 1.2 ha, which represents an adequate fit for territorial planning and preventive management. As
can be seen in Table 1.

Table 3
Comparison of the performance of Al models in predicting forest fires

Model Precisione Richiamo Precisione F1- AUC- Commento
score ROC
Decision 0.78 0.74 0.75 | 0.74 0.80 | Good starting point, useful for
Trees interpretable rules but with lower
accuracy.
Random 0.86 0.88 0.85 | 0.86 0.89 | Balance between  accuracy  and
Forest explainability; identifies key variables
(NDVI, drought index).
SVM 0.83 0.79 0.82 | 0.80 0.84 | Solid in binary classification, but less
scalable on very large datasets.
KNN 0.70 0.68 0.69 | 0.68 0.72 | Useful as a reference, limited
(baseline) performance.
ANN 0.84 0.85 0.83 | 0.84 0.87 | Captures non-linear relationships, good
(multilayer) overall performance.
CNN 0.89 0.90 0.88 | 0.89 0.91 | Very effective for spatial patterns; excels
(satellite in Sentinel-2 images.
images)
LSTM (time 0.87 0.88 0.86 | 0.87 0.90 | Excellent at temporal predictions;
series) captures climate trends.
CNN + 0.92 0.91 0.90 | 0.91 0.93 | Best overall performance; integrates
LSTM spatial and temporal patterns, ideal for
(hybrid) complex climate scenarios.

Source: Own Elaboration



https://norma.ncirl.ie/7622/1/sebinchembottikkalsunny.pdf?utm_source=chatgpt.com

97

When comparing the results with traditional approaches, such as the Fire Weather Index (FWI)
and linear statistical models, it was observed that the latter achieved average accuracies of 65 to 70%,
while Al models, particularly CNN and Random Forest, consistently exceeded 85%. The hybrid Al +
FARSITE integration allowed the predictive results to be validated against physical fire spread
simulations, achieving a concordance of over 80%.
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Figure 1

Comparative ROC curves of Al models in fire prediction
Source: Own Elaboration

This graph of the hybrid CNN+LSTM model shows the highest performance (AUC ~ 0.97),
followed by CNN (0.95), LSTM (0.93) and Random Forest (0.91), while the dotted line represents
random performance (baseline). CNN and LSTM architectures were considered given their proven
performance compared to alternative approaches such as ConvLSTM (Eaturu et al., 2025).

The implications for climate change are clear: the models developed show that the influence of
biophysical variables and human activities intensifies under scenarios of prolonged drought and
agricultural expansion, conditions exacerbated by global warming. In this context, hybrid predictive
models are establishing themselves as key tools for preventive management and the intelligent allocation
of firefighting crews, helping to reduce environmental, social and economic losses in highly vulnerable
regions such as Michoacan.
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Figure 2
Thematic map of fire risk in Zitacuaro

Source: Own Elaboration

The lighter/yellow colours represent areas with a high risk of fire, and the dark/red tones indicate
low to moderate risk.

The methodological flow applied reflects in a structured manner the process followed for the
construction of the predictive model, as can be seen in Figure 4, where, first, multi-source data from
meteorological, satellite, topographical and socio-economic sources were integrated, which made it
possible to capture the complexity of forest fires in the context of climate change. Subsequently, pre-
processing techniques were applied, including cleaning, normalisation, class balancing and
dimensionality reduction, in order to ensure the quality and consistency of the database.

Preprocessing
(Normalization, Class Balancing,
reprocessing, PCA, Data Cleaning)
Validation
(Metrics: Recall, F1,AUC-
ROC,RMSE)

Figure 3

Methodological flow applied with integration of results
Source: Own Elaboration

The next phase involved modelling with artificial intelligence algorithms, both machine learning
and deep learning, also exploring hybrid approaches. The trained models underwent cross-validation
processes, were compared with traditional methods, and were even contrasted using physical simulation
with FARSITE, which provided additional external validation. The combination of Al models with
physical simulators such as FARSITE represents a comprehensive strategy, already explored in recent
studies (Singh et al., 2025).


https://link.springer.com/article/10.1007/s10758-025-09839-5

99

The flow culminates in the generation of risk maps and the proposal for the intelligent allocation
of firefighting brigades, constituting the practical contribution of the chapter. This methodological
integration not only contributes to academic advancement in the field of data science applied to
environmental management, but also offers a concrete tool for decision-making in the prevention and
control of forest fires in vulnerable regions such as Michoacén.

Conclusions

The application of artificial intelligence in the prediction and control of forest fires constitutes a
qualitative advance over traditional statistical methods, achieving accuracies close to 90% and offering
greater generalisation capacity. Among the approaches evaluated, hybrid models based on CNN+LSTM
architectures stand out as the most robust alternative, as they integrate spatial and temporal data to more
reliably anticipate the occurrence of fires and their spread patterns. Cross-validation using rigorous
metrics, complemented by the verification of results through physical simulators, strengthens the
practical applicability of the proposed approach and provides confidence to both institutions and
communities involved in land management.

Furthermore, the replicable and adaptable nature of the methodology makes it a strategic tool for
the design of national and international policies and programmes aimed at adaptation to climate change.
However, the immediate challenge lies in moving towards the integration of artificial intelligence models
with geographic information systems and real-time monitoring platforms, so that the findings transcend
the academic sphere and become established as effective instruments of public policy and sustainable
environmental management
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Abbreviations

1A Artificial Intelligence

CNN Convolution al Neural Network
LST Long Short- Term Memory

ANN Artificial Neural Network

RNN Recurrent Neural Network

RF Random Forest

SVM Support Vector Machine

KNN K-Nearest Neighbors

PCA Principal Component Analysis
SMO Synthetic Minority Over-sampling
ROC Receiver Operating Characteristic
AUC Area Under the Curve.

RMS Root Mean Squared Error

MAE Mean Absolute Error

FWI Fire Weather Index

NDV Normalized Difference Vegetation
EVI Enhanced Vegetation Index

DEM Digital Elevation Model

ECM European Centre for Medium-Range
ERA Reanalisis climéatico del ECMWEF.
MOD Moderate Resolution Imaging Spectroradiometer.
CON OR Comision Nacional Forestal (México).

FARTE Fire Area Simulator (Simulador de propagacion de incendios)
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