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Forest fires are a serious threat to natural resources and critical
infrastructure, causing extensive economic, environmental, and
security damages annually. This research aims to strengthen passive
defense and crisis management systems by presenting an innovative
artificial intelligence-based approach for predicting burned area extent
when facing forest fires. In this research, the XGBRegressor algorithm
within machine learning framework was used to accurately predict the
area damaged by fire using meteorological, geographical, and temporal
data. The model achieves RMSE and MAE evaluation metrics of
61.602 and 12.273 respectively, enabling resource and equipment
planning for fire suppression. The research findings demonstrate that
through spatial-temporal fire analysis, critical points and high-risk
periods can be identified. Additionally, the potential fire area can be
estimated with minimal error, allowing targeted allocation of defensive
resources. This approach, in line with intelligent territorial planning
and proactive crisis management, enhances ability to protect critical
infrastructures adjacent to forest areas. Moreover, this model can serve
as a complement to an early warning system within the framework of
passive defense and environmental resilience, playing a crucial role in
reducing damages and preserving national resources. Although this
study focuses on data from outside Iran, the presented research has the
potential for localization to Iranian forests and can be used as a
strategic tool in the country's passive defense.
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Introduction

Forest fires represent one of the most serious environmental threats globally, causing extensive economic
losses, environmental degradation, and security challenges annually. From the perspective of passive
defense and crisis management, forest fires can have devastating impacts on critical infrastructure,
including energy transmission lines, communication networks, and human settlements adjacent to
forested areas. Effective crisis management requires intelligent decision support systems capable of
estimating fire extent and optimizing resource allocation.

The relationship between meteorological conditions (temperature, wind, relative humidity, rainfall)

and fire behavior has been well-established, as weather factors significantly influence both the ignition
and spread of forest fires. The Canadian Fire Weather Index (FWI) system, which comprises six
components (FFMC, DMC, DC, ISI, BUI, FWI), provides a standardized framework for rating fire
danger based on fuel moisture codes and spread indices.
Previous research has explored various data mining and machine learning approaches for predicting
burned areas. Cortez and Morais (2007) investigated five different data mining techniques including
Support Vector Machines (SVM) and Random Forests on real-world data from Portugal's Montesinho
Natural Park, finding that SVM with four meteorological features performed best for predicting small
fires. Niranjan et al. (2019) proposed multiple machine learning approaches including Naive Bayes,
Decision Trees, SVR, Random Forests, Stochastic Gradient Descent, and Bagging for predicting burned
areas using the same dataset.

This research aims to develop a novel artificial intelligence-based approach for predicting the burned
area extent of forest fires using meteorological, geographical, and temporal data. The primary objectives
are: (1) to perform comprehensive data analysis and preprocessing to handle non-numeric features and
skewness issues; (2) to evaluate over 20 regression algorithms including linear models, tree-based
methods, and ensemble techniques; (3) to optimize the XGBoost algorithm through hyperparameter
tuning; and (4) to assess model performance using Root Mean Squared Error (RMSE) and Mean
Absolute Error (MAE) metrics. The ultimate goal is to provide an effective tool for passive defense

systems to enable targeted resource allocation and proactive crisis management.
Results and Discussion

The study utilizes the Forest Fires dataset from the UCI Machine Learning Repository, containing data
from Montesinho Natural Park in the Tras-os-Montes region of northeastern Portugal. This park features
a supra-Mediterranean climate with average annual temperatures ranging from 8-12°C, high biodiversity,

and data collected from January 2000 to December 2003, comprising 517 instances.
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Statistical analysis revealed that the dataset contains no missing values (517 instances for all features).

However, the target variable (Area) exhibits significant positive skewness (12.8469) and high kurtosis

(194.1407), indicating that most fires are small (247 samples with zero area, meaning less than 100 m?

burned), with few large fires. Similar skewness was observed in FFMC (-6.5756), ISI (2.5363), and Rain

(19.8163) features.

Table 1: Dataset Features and Ranges

Feature Description Range
X X-axis spatial coordinate 1to9
Y Y-axis spatial coordinate 1to9
Month Month of year January to December
Day Day of week Monday to Sunday
FFMC Fine Fuel Moisture Code 18.7 t0 96.20
DMC Duff Moisture Code 1.1t0291.3
DC Drought Code 7.9 to 860.6
ISI Initial Spread Index 0to 56.10
Temperature Outside temperature (°C) 2.2t033.30
Relative Humidity Outside relative humidity (%) 15 to 100
Wind Wind speed (km/h) 0.40 to 9.40
Rain Rainfall (mm/m?) 0to 6.4
Area Total burned area (hectares) 0 to 1090.84

To prepare the data for machine learning algorithms, several preprocessing steps were implemented:

1. Encoding categorical variables: Months and days were converted to numerical values using

ordinal encoding

2. Skewness correction: Log transformation (y = In(x+1)) was applied to the Area feature and other

skewed features to improve symmetry and normalize distributions

3. Feature selection: The dataset was divided into six subsets based on feature categories:
o LD (Location-Date): X, Y, Month, Day
o F (FWI components): FFMC, DMC, DC, ISI

o M (Meteorological): Temperature, Relative Humidity, Wind, Rain
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o LDF (Location-Date-FWI): Combined LD + F

o LDM (Location-Date-Meteorological): Combined LD + M

o LDFM (Full dataset): All features
The meteorological subset (M) was identified as most practical for real-world applications since these
features can be obtained directly from weather sensors without accumulated calculations.
Over 20 regression algorithms were evaluated using 67% training and 33% testing split, with
performance measured by MAE and RMSE (lower values indicate better performance). Table 5 in the
original article presents comprehensive results across all subsets.

Table 2: Key findings from algorithm comparison:

Algorithm Best MAE (RMSE) Subset
XGBoost (Proposed) 12.2571 (61.6350) LD
XGBoost (Full dataset) 12.2731 (61.6028) LDFM

Support Vector Machine 12.1901 (61.7391) M

Random Forest 12.9408 (60.5915) M

Bagging 12.6547 (60.5791) F
Gaussian Regression 12.2247 (61.8716) LDFM

The XGBoost algorithm consistently outperformed all other algorithms across all six subsets,
demonstrating superior predictive capability. The best performance was achieved on the LD subset
(spatial-temporal features) with MAE = 12.2571 and RMSE = 61.6350. However, for practical

deployment, the M subset (meteorological features only) is preferred due to real-time availability.
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Figure 1 (adapted from original Figure 10) shows the XGBoost model's prediction performance compared to actual

burned areas across park coordinates:
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o Strengths: Good overall identification of fire-prone areas; acceptable estimation of fire intensity
e Weakness: Tendency for false predictions (predicting fire where actual fire is small or non-

existent)
Conclusion

This research successfully demonstrates that machine learning, particularly the XGBoost algorithm, can
effectively predict forest fire burned areas using meteorological, spatial, and temporal data. The key
findings and contributions are:

1. Optimal Algorithm: XGBoost significantly outperformed over 20 alternative regression
algorithms including linear models, SVM, Random Forest, and other ensemble methods across
all feature subsets.

2. Best Performance Metrics: The optimized XGBoost model achieved RMSE = 61.602 and MAE
= 12.273 on the full dataset, with even better performance (MAE = 12.257) on spatial-temporal
features alone.

3. Practical Applicability: The meteorological-only subset (M) achieved strong performance
(RMSE = 61.599, MAE = 12.276), enabling real-time predictions using only readily available
weather sensor data without accumulated calculations.

4. Critical Features: Temperature, wind speed, relative humidity, and rainfall were identified as the
most influential factors, in descending order of importance.

5. Spatial-Temporal Patterns: Fire incidence peaks in August-September and on Sundays, with
specific high-risk grid zones identified within the park.

This research represents a significant step toward leveraging artificial intelligence for passive defense
applications in environmental crisis management. The proposed XGBoost-based approach achieves high
accuracy in predicting forest fire burned areas using readily available meteorological data. By localizing
this technology for Iran's diverse forest ecosystems, it can substantially enhance the resilience of critical
infrastructure against natural threats such as forest fires, contributing to national security and
environmental protection. The model's ability to provide rapid, data-driven burned area estimates enables
decision-makers to allocate limited firefighting resources more effectively, potentially reducing economic

losses, environmental damage, and risks to human life.
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® XGBRegressor
* RMSE: Root Mean Squared Error
® MAE: Mean Absolute Error
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* Boosting

! Accumulated calculations
2 Gradient boosting
% XGBoost
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® Bagging Regression
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1: Ridge , 2: Lasso, 3: Elastic Net , 4: Extra Trees , 5: Partial Least Squares Regression, 6: Theil-Sen, 7: Huber, 8: Generalized additive
model, 9: Poisson, 10: Gaussian Mixture Models
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1: learning_rate, 2: max_depth, 3: n_estimators
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