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 A B S T R A C T

Accurately predicting the final burned area of wildfires at the moment of ignition is a challenging problem 
with important implications for disaster management and resource allocation. In this study, we apply recently 
developed resampling techniques, combined with machine learning algorithms, to improve predictive accuracy 
for rare, high-impact wildfire events. While the study focuses on wildfires, the methodology addresses a broader 
challenge in decision analytics: generating reliable predictions from imbalanced datasets to support informed 
managerial decisions. Our results demonstrate that these techniques can enhance the robustness of predictive 
models for extreme events, offering insights that may be relevant to other domains where accurate forecasts 
of rare outcomes are critical.
. Introduction

Wildfires often pose a threat to ecosystems [1], adversely affect 
ublic health [2], and result in significant economic losses [3]. It is 
herefore not surprising that this topic has attracted substantial interest 
n recent decades across diverse domains of wildfire science, includ-
ng fuel characterization, fire detection and mapping, fire weather 
nd climate change, fire occurrence, fire behavior prediction, and fire 
anagement, among others [4].
Many researchers have employed machine learning methods to 

dvance their work in the aforementioned domains. The following 
tudies serve as illustrative examples: Silva et al. [5] developed a 
ildfire warning map for a region of the Brazilian Amazon; Kang 
t al. [6] utilized deep learning to detect forest fires using data from 
eostationary satellites; Henderson and Chakrabortty [7] used machine 
earning techniques to predict the probability of fire ignition in Aus-
ralia; and Paul et al. [8] developed a model to estimate daily smoke 
xposure levels in Canada.
Many of these tasks are inherently challenging. One significant 

ifficulty is the imbalanced nature of the data. For instance, when 
redicting the concentration of fine particulate matter (PM2.5) to as-
ess public exposure to wildfire smoke, there are typically far more 
ecords of days with low PM2.5 concentrations than those with high 
oncentrations. This imbalance poses a serious challenge, as machine 
earning models often perform poorly on underrepresented cases [9]. In 
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this context, these cases correspond to days with elevated PM2.5 levels, 
which are especially concerning due to their potential effects on human 
health.

Predicting the burned area of a wildfire at the time of its onset 
is another domain that has attracted significant research attention, 
where machine learning techniques have been employed to address the 
task. Furthermore, this is also an area in which learning is primarily 
conducted using imbalanced datasets. Wildfire datasets provided by 
official agencies typically contain far more records of small fires than 
of medium-sized or large fires, when measured in terms of burned area.

The study by Cortez and Morais [10] is among the earliest contri-
butions in this domain and the first to employ the well-known dataset 
from the Montesinho Natural Park in Portugal. Since then, subse-
quent studies have aimed to develop models with improved predictive 
performance or to further explore the characteristics of this dataset. 
Beyond Portugal, research on burned area forecasting has also drawn 
on wildfire data from various geographic areas, including Africa and 
South America [11], the boreal forests of Alaska [12], Canada [13], 
South Asia [14], and Turkey [15].

Although statistics from the Global Wildfire Information System 
(GWIS) [16], based on the MCD64A1 burned area product [17], indi-
cate that the global annual burned area has remained relatively stable 
in recent years, the number of severe wildfires has been rising [18], and 
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several studies suggest that wildfire-related problems are likely to in-
tensify under changing climate conditions [19–21]. Moreover, wildfires 
lead to a range of environmental impacts, including the degradation of 
water quality [22,23], the loss of biodiversity [24], increased pollutant 
emissions and deterioration of air quality [25,26], and the loss of forests 
in protected areas [27], among other effects. Overall, these trends 
and environmental impacts highlight the need for further research on 
wildfires.

However, despite their valuable contributions, some studies over-
look a critical characteristic of wildfire datasets: their imbalanced 
distribution. In particular, the dataset contains significantly fewer in-
stances of medium-sized and large fires compared to small ones, making 
them especially challenging for machine learning models to learn. Con-
sequently, models often perform poorly in predicting large fires, even 
when their overall performance, as measured by standard evaluation 
metrics, appears great. Other studies, while acknowledging the issue, 
often fail to implement effective strategies that specifically enhance 
learning from the most challenging cases. As a result, the predic-
tive performance of these models with respect to large fires remains 
compromised.

Our work addresses the challenge of predicting the burned area of 
wildfires at the time of ignition, focusing on the most difficult cases 
and leveraging recent advances in imbalanced regression. This subfield 
of imbalanced learning focuses on regression problems characterized 
by two key features: (i) the distribution of target values is uneven, 
with certain ranges exhibiting low density; and (ii) there is particular 
interest in accurately predicting samples that fall within these low-
density regions. This is directly applicable to our problem, as we aim 
to map a set of predictor variables to a numerical value representing 
the burned area of a wildfire and historical wildfire data indicate that 
large fires occur significantly less frequently than small fires, leading 
to an imbalanced distribution within the continuous target variable.

The results indicate that imbalanced regression techniques can im-
prove prediction accuracy for the cases of primary interest in this study, 
namely medium-sized and large fires. Providing this information to 
decision-makers responsible for firefighting operations could be valu-
able, facilitating the appropriate and timely allocation of resources in 
managing fire crises.

The problem addressed in this article is by no means exclusive 
to wildfire science, as it also affects many other sectors that rely on 
predictive models built from imbalanced datasets and used to guide 
managerial decisions. Examples include estimating the electricity gen-
erated by wind turbines, which is relevant for integrating wind energy 
into the power grid [28], forecasting customer demand [29], and other 
applications. Thus, a central purpose of this work is to contribute to 
the development of solutions that can assist decision-makers in such 
tasks, highlighting their relevance to domains far broader than wildfire 
science.

This article is organized as follows. Section 2 reviews related work 
in the domains of burned area prediction and imbalanced regres-
sion. Section 3 describes the study area and the Montesinho dataset. 
Section 4 details the preprocessing techniques, the machine learning 
algorithms employed, and the overall research methodology. Section 5 
presents and discusses the results. Finally, Section 6 concludes the 
article.

2. Related work

2.1. Burned area prediction

In 2007, Cortez and Morais [10] applied machine learning algo-
rithms to predict the final burned area of wildfires at the time of 
ignition in Montesinho Natural Park, Portugal. The dataset, collected 
between 2000 and 2003, primarily comprises meteorological variables, 
along with four additional features related to time and location. The 
authors evaluated several models, with the best performance achieved 
2

by the Support Vector Machines (SVM) algorithm. However, the model 
proved effective mainly in predicting the burned area of small fires. 
This study has inspired numerous researchers in the years since its pub-
lication, many of whom have sought to develop models with improved 
accuracy.

Castelli et al. [30] applied Geometric Semantic Genetic Program-
ming (GS-GP) to the same dataset. This variant of genetic programming 
differs from standard GP by employing geometric semantic operators 
in place of the traditional crossover and mutation operators. Their 
implementation of GS-GP [31,32] was tested and compared against 
standard GP and other machine learning methods, yielding significantly 
improved results in terms of lower mean absolute error between the 
predicted and actual values.

As some studies [10,30] have reported poor performance of neu-
ral network models on the Montesinho wildfires dataset, Storer and 
Green [33] attempted to optimize the neural network architecture 
through extensive experimentation with various combinations of acti-
vation functions and hidden nodes. Additionally, Particle Swarm Op-
timization was employed to determine the network weights, replacing 
the conventional use of backpropagation. The authors report a signif-
icant improvement in model performance, both in comparison to a 
neural network trained using backpropagation and to the use of Particle 
Swarm Optimization alone [34].

Xie and Peng [35] examined the problem from both regression and 
classification perspectives. Various machine learning algorithms were 
evaluated, with Random Forest demonstrating the best performance 
in predicting burned area, and Extreme Gradient Boosting excelling in 
classification. Both algorithms are ensemble learning methods, meaning 
they combine the predictions of multiple base learners to enhance 
overall performance.

Yazici and Taskin [15] conducted a comprehensive review of studies 
focused on predicting the area burned in wildfires and contributed to 
the field by applying Bayesian optimization to identify optimal hyper-
parameters across several machine learning methods. This approach led 
to improvements in both prediction accuracy and training efficiency.

Other researchers have also utilized the Montesinho dataset, al-
though with objectives other than predicting the burned area. Li et al. 
[36] investigated the locations most susceptible to wildfires and iden-
tified the most important factors influencing the extent of the burned 
area. Dong et al. [37] employed clustering and classification techniques 
to develop a model focused on the spatial and temporal characteristics 
of wildfires in the Montesinho region.

Li et al. [38] approached the problem from a time series perspective, 
proposing a Long Short-Term Memory (LSTM) model enhanced with 
an Attention mechanism to assign greater importance to the most 
relevant information. The authors reported that their model achieved 
high predictive accuracy and outperformed several baseline models.

Wood [39] obtained results comparable to those of traditional 
machine learning models using a transparent, open-box approach. How-
ever, the author contends that this model offers a key advantage: it 
enables the identification of specific combinations of wildfire records 
that contribute to individual predictions.

Despite their substantial contributions to the topic of burned-area 
prediction, existing studies commonly overlook large wildfires, which, 
although infrequent, account for an extensive share of the total burned 
area. Furthermore, in most studies models are assessed using only 
standard evaluation metrics, which represents a limitation because it 
provides little insight into how they perform specifically for large, high-
impact wildfires. These two factors justify revisiting the Montesinho 
Park dataset with a particular focus on improving predictions for such 
fires.
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2.2. Imbalanced regression

Imbalanced learning addresses datasets with an unequal distribution 
of data. In classification tasks, this refers to scenarios where one or 
more classes are significantly underrepresented [9]. In the context of 
regression problems, the term imbalanced regression is used to describe 
regression tasks where certain ranges of the continuous target variable 
are sparsely represented [9].

Different methods can be employed to address the problem of im-
balanced learning, including algorithm-level methods, data-level meth-
ods, and cost-sensitive learning [40]. Among these, data-level methods 
stand out for their versatility. They involve modifying the distribution 
of the training data through oversampling or undersampling before ap-
plying a machine learning algorithm. As a preprocessing step, data-level 
techniques are independent of the specific algorithm used, allowing 
for the subsequent application of a wide range of popular algorithms, 
such as Neural Networks, Random Forest, or Gradient Boosting. For 
instance, the review studies by Jain et al. [4] and Ejaz and Choudhury 
[41] analyzed the wildfire science literature on machine learning ap-
plications, finding that these algorithms are among the most commonly 
used for wildfire predictions, independently of data-level preprocessing 
methods.

Furthermore, data-level methods have demonstrated success across 
a wide range of research domains [42], such as: information sys-
tems, computer science, biomedical engineering, multidisciplinary sci-
ences, operations research management science, remote sensing, and 
environmental sciences, among others.

The considerations outlined above motivated our decision to employ 
data-level methods to tackle the problem at hand. Specifically, we 
employed Geometric SMOTE for regression [43] and WSMOTER [44], 
based on the characteristics of our problem. Both methods are oversam-
pling techniques that augment the training set through the generation 
of synthetic samples. They were designed for regression tasks to en-
hance the representation of valuable samples which in our case are 
the larger wildfires. A detailed description of these oversamplers is 
provided in Section 4. Additionally, we also applied random under-
sampling to remove less informative samples, thereby improving the 
model’s focus on the most relevant data.

3. Study area and data

The Montesinho Natural Park spans an area of 74, 224.89 hectares 
and is located in northeastern Portugal, near the border with Spain. 
Although the risk of fire ignition in the park is not among the highest 
in the country [45], it is situated in a region where the likelihood of a 
resulting burned area being medium-sized or larger is significant due 
to characteristics such as population density, land cover, and distance 
to roads [46].

A detailed description of the Montesinho Natural Park, including 
maps and information on its location, landscape, climate, and topogra-
phy, can be found in the studies by Cortez and Morais [10] and Castelli 
et al. [30].

Cortez and Morais [10] utilized a dataset collected between 2000 
and 2003. Subsequent research has employed the same dataset in 
efforts to enhance machine-learning model accuracy. However, given 
the time that has passed since the original study, there is a clear need 
to update the dataset to incorporate more recent data.

Our study was conducted using data on wildfires that occurred 
between 2001 and 2022. The data were obtained from the Portuguese 
Forest Fire Information Management System [47].

As a preliminary observation, we highlight the distribution of 
burned area data, as shown in Fig.  1. The dataset exhibits a pronounced 
class imbalance, with only 59 medium and large fires recorded. This 
absolute number underscores the scarcity of such cases.

Regarding the features, we selected variables with both spatial 
and temporal characteristics: Latitude, Longitude, X, Y, Municipality, 
3

Fig. 1. Number of wildfires by burned area category.

Month, and Hour. The X and Y features represent the coordinates of 
the fire ignition point in the PT-TM06/ETRS89 coordinate system. The 
Municipality variable indicates one of the two municipalities in which 
the Montesinho Park is located: Vinhais or Bragança. Additionally, 
we included the variable RNMPF, which specifies whether the fire 
originated within one of the forest perimeters of Montesinho Park.

Finally, we included seven features from Canada’s widely used 
Fire Weather Index (FWI) System: DSR (Daily Severity Rating), FWI 
(Fire Weather Index), ISI (Initial Spread Index), DC (Drought Code), 
DMC (Duff Moisture Code), FFMC (Fine Fuel Moisture Code), and BUI 
(Buildup Index).

The data available in the SGIF dataset also enabled us to add four 
additional features to our dataset after appropriate preprocessing: First 
Intervention, Number of Fires in Municipality, Number of Fires in NUT 
III, and Number of Fires in NUT II. The First Intervention feature 
represents the time elapsed between fire detection and the initiation 
of firefighting efforts. The other three features capture the number of 
active wildfires occurring simultaneously at different administrative 
levels of increasing scale: municipality, NUT III region, and NUT II 
region. NUT refers to the Nomenclature of Territorial Units for Statistics 
used by the European Union. In the case of Montesinho Park, it is part 
of the Trás-os-Montes region (NUT III) and the Norte region (NUT II). 
These features aim to comprehensively reflect the operational context 
of firefighting at the time of ignition. From a theoretical standpoint, 
the simultaneous occurrence of multiple wildfires in the same region 
can hinder suppression efforts, as material and human resources are 
inherently limited.

Furthermore, we enriched our dataset with additional features from 
other sources. For example, we incorporated the Palmer Drought Sever-
ity Index (PDSI), obtained from the Portuguese Institute for Sea and 
Atmosphere (IPMA – Instituto Português do Mar e da Atmosfera, 2023), 
which enables the identification of drought periods.

We also obtained population density data for the municipalities 
of Vinhais and Bragança from Statistics Portugal [48]. The data were 
grouped in five-year intervals. Accordingly, we used population data 
from 2001 for all fires that occurred between 2001 and 2006, data from 
2006 for fires between 2006 and 2011, and so on.

Additionally, we integrated several meteorological variables from 
the Visual Crossing Weather service [49] into our dataset: maximum 
temperature, minimum temperature, humidity, and precipitation (on 
the day of the fire alert). Furthermore, wind gust and wind speed (at the 
time of the fire alert) were also included. Finally, we added wind gust 
mean, wind speed mean, and wind rotation (average wind rotation per 
hour), which were calculated from hourly data over a 24-hour period.
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Table 1
Features of the Montesinho Natural Park wildfires dataset.
 Feature Meaning  
 Latitude Latitude of the ignition point  
 Longitude Longitude of the ignition point  
 X X of the ignition point in  
 PT-TM06/ETRS89 coordinate system  
 Y Y of the ignition point in  
 PT-TM06/ETRS89 coordinate system  
 DSR Daily Severity Rating  
 FWI Fire Weather Index  
 ISI Initial Spread Index  
 DC Drought Code  
 DMC Duff Moisture Code  
 FFMC Fine Fuel Moisture Code  
 BUI Buildup Index  
 First intervention Time to first suppression intervention  
 since ignition detection  
 RNMPF Ignition point located in the National  
 Network of National Forests  
 Population density Population density of the municipality  
 PDSI Palmer Drought Severity Index  
 Number fires municipality Number of active fires in the municipality  
 Number fires NUT III Number of active fires in the region NUT III 
 Number fires NUT II Number of active fires in the region NUT II  
 TempMax Maximum temperature  
 TempMin Minimum temperature  
 Humidity Relative humidity  
 Precip Precipitation  
 Windgust Wind gust at the time of fire alert  
 Windspeed Wind speed at the time of fire alert  
 Windgust mean Wind gust mean (in a 24 hour period)  
 Windspeed mean Wind speed mean (in a 24 hour period)  
 Wind rotation Average wind rotation per hour  
 (in a 24 hour period)  
 Month Month  
 Hour Hour  
 Municipality Municipality of the ignition point  
The dataset we constructed is similar to that used in Cortez and 
Morais [10], as both mainly rely on meteorological features. However, 
our dataset differs in two key aspects: it includes a larger number of 
wildfire records due to the extended time range encompassing more 
recent fire events, and it incorporates a greater number of features.

Priority was given to including meteorological features in our study 
for several reasons. First, previous research has demonstrated that 
burned area can be predicted using meteorological data [10,12,13]. 
Second, Mitsopoulos and Mallinis [1] analyzed a comprehensive set 
of variables across different categories influencing the occurrence of 
large fires: fire suppression and behavior, weather, topography, and 
landscape, and concluded that variables related to fire suppression and 
weather are the primary drivers explaining large fires. Third, our use 
of fire suppression data was limited due to the lack of information on 
fire causes, fire type, and suppression methods. Moreover, even if such 
data were available, it remains debatable whether it is appropriate to 
include variables such as the resources allocated to suppression efforts, 
since the goal of this work is to enhance early-stage prediction of 
burned area based solely on information available at the time of fire 
ignition.

Table  1 provides a summary of all the features used in this study.

4. Algorithms and methodology

4.1. Imbalanced regression algorithms

Three data-level methods suitable for regression tasks were em-
ployed in this study: Geometric SMOTE, WSMOTER, and Random 
Undersampling. The latter was combined with each of the oversampling 
techniques to address the large number of small fires present in the 
dataset. An introduction to each method is provided below. The source 
code for the imbalanced regression methods, along with the dataset, is 
available at https://drive.google.com/drive/folders/1NhAuRV9b0WRx
QmUfp06i0lmPNmNPgOh9?usp=sharing.
4

4.1.1. Geometric SMOTE
Geometric SMOTE [50] is an enhancement of the original SMOTE 

(Synthetic Minority Over-sampling Technique) [51] that enables the 
generation of higher-quality synthetic data. Practically, this improve-
ment is achieved by increasing diversity through the creation of syn-
thetic instances within a broader region around two existing samples, 
rather than solely along the line segment connecting them. Fig.  2 
illustrates this concept. In the figure, minority samples are shown as 
unfilled circles and majority samples as filled circles. A represents a 
minority sample, and B one of its nearest neighbors. SMOTE generates 
synthetic instances along the line segment connecting A and B, whereas 
Geometric SMOTE generates instances throughout the entire grey re-
gion. In practice, SMOTE can be seen as a particular case of Geometric 
SMOTE.

The final shape of the region where synthetic instances are gener-
ated is determined by two transformations applied to a hyper-sphere: 
deformation and truncation. Fig.  3 illustrates how these transforma-
tions define the shape. In the figure, both transformations are illus-
trated separately as regions A and B for clarity, to highlight the effects 
of each, although they occur simultaneously within the same generation 
region. These transformations are controlled by two hyperparameters 
of the algorithm, while a third hyperparameter determines the neighbor 
selection strategy. Optimal values for these three hyperparameters must 
be identified through tuning.

Once determined, the final shape defines a safe zone in the input 
space within which synthetic instances are generated. This modification 
to the generation mechanism is particularly important, as it enables 
Geometric SMOTE to overcome inefficiencies of the original SMOTE, 
including the production of noisy instances due to the selection of 
initial samples or their neighbors, and the generation of synthetic 
instances that closely resemble the originals, potentially increasing the 
risk of overfitting.
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Fig. 2. Comparison of synthetic sample generation in SMOTE and Geometric 
SMOTE.

Fig. 3. Geometric SMOTE: region shaped by deformation (A) and truncation 
(B).

Although Geometric SMOTE was originally developed for classifica-
tion tasks, it was subsequently adapted for regression problems [43], 
and this version is the one employed in our study.

4.1.2. WSMOTER
We also used WSMOTER [44] as an alternative oversampler to 

Geometric SMOTE. Although it is also based on SMOTE, WSMOTER 
possesses distinct characteristics that differentiate it from both the 
original SMOTE and Geometric SMOTE. Its main innovation lies in 
the method used to select samples as generators of synthetic instances, 
making it well-suited for regression tasks.

The sample selection strategy is performed without relying on pre-
defined classes or partitions. The procedure is as follows: First, each 
sample is assigned a weight based on its rarity, with samples from 
low-density regions receiving higher weights than those from denser 
regions. Second, a sample is selected according to these weights, so 
that samples with greater weight have a higher chance of being chosen. 
Third, a second sample is selected from the neighborhood of the first, 
considering both feature space and target value. Finally, a synthetic 
5

sample is generated from the two selected real samples and added to 
the training set.

In the task of predicting burned area, historical wildfire records 
exhibit a large number of small fires and progressively fewer fires as 
the burned area increases. WSMOTER assigns a weight to each fire 
based on its rarity, giving higher weights to larger fires. Consequently, 
records of larger fires have a higher probability of being selected for 
interpolation with other samples, generating new synthetic instances 
that help improve model training.

4.1.3. Random undersampling
Undersampling methods perform the opposite function of over-

samplers by removing less informative examples from the training 
set. In our task, these are the small fires, and undersampling can be 
applied randomly, provided it is restricted to this category. Given the 
high imbalance between large and small fires, we employed Random 
Undersampling alongside Geometric SMOTE and WSMOTER to achieve 
a better balance in the training dataset.

4.2. Machine learning algorithms

After resampling the training set to increase the representation of 
large wildfires and reduce the influence of the large number of small 
fires, the model was trained using the following machine learning 
algorithms: Decision Trees (DT), Random Forest (RF), Support Vector 
Regression (SVR), and Gradient Boosting (GB).

These algorithms were selected because they are among the most 
widely used and have consistently demonstrated strong performance 
across various domains in wildfire science [4]. Nonetheless, other 
machine learning algorithms could have also been employed, as the re-
sampling techniques used in this study are not specific to the algorithms 
applied.

The machine learning algorithms were implemented using the ver-
sions available in the Scikit-learn [52] and XGBoost [53] libraries, as 
all programming was conducted in the Python language. It is worth 
noting that XGBoost was used exclusively for the Gradient Boosting 
algorithm. Detailed descriptions of the algorithms can be found in the 
official documentation of the respective libraries.

All experiments were run on a computer with an AMD Ryzen 
7 4800H processor with Radeon Graphics (2.90 GHz), an NVIDIA 
GeForce GTX 1650 Ti (4 GB) graphics card, and 16 GB of RAM. The 
operating system was Windows 10.

4.3. Methodology

The experimental phase of our work was carried out using 5-
fold stratified cross-validation. The procedure can be summarized as 
follows: (1) the dataset is split into 5-fold, and (2) in each iteration of 
the training/testing process, four folds are used for training while the 
remaining fold is used for testing. This process ensures that each fold 
is used exactly once as a test set.

The stratified version of cross-validation was adopted to address the 
high imbalance ratio in the data. Stratification ensures that the propor-
tion of large, medium, and small wildfires is consistently maintained 
across all folds. This is crucial for having representative training and 
test sets, which is particularly important in imbalanced scenarios.

Various combinations of hyperparameter values were tested for 
each machine learning algorithm in an effort to optimize model per-
formance. Table  2 summarizes the hyperparameter configurations con-
sidered.

Regarding imbalanced regression techniques, different oversam-
pling ratios were evaluated for both WSMOTER and Geometric SMOTE. 
The ratios considered were drawn from the set {2, 3, 5}. However, 
different oversampling strategies were adopted for each technique. For 
Geometric SMOTE, synthetic instances were generated exclusively from 
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Table 2
Hyperparameters of the Machine Learning algorithms.
 Hyperparameters Values  
 Decision Trees min samples split {2,5,10}  
 max features {1.0,0.75,0.5}  
 
Random Forest

number of trees {500}  
 min samples split {2,5,10}  
 max features {1.0,0.75,0.5}  
 Support Vector Regression kernel {’rbf’,’poly’}  
 C {1,10,100,300} 
 
Gradient Boosting

number of trees {500}  
 learning rate {0.1,0.3,0.6}  
 max depth {2,6,10}  

Table 3
Hyperparameters of the Geometric SMOTE.
 Values  
 Deformation {0. 0.25,0.5,0.75,1.}  
 Truncation {−1.,−0.75,−0.5,−0.25,0.,0.25,0.5,0.75,1.} 
 Neighbor selection strategy {‘minority’,‘majority’,‘combined’}  

wildfires with a burned area greater than 50 hectares. In contrast, WS-
MOTER operated over a broader target domain, including all wildfires 
with a burned area above the median of the target values. Additionally, 
a grid search was conducted to tune the three hyperparameters of 
Geometric SMOTE in order to identify the optimal configuration. The 
values explored for each hyperparameter are summarized in Table  3.

The resampling of the training sets was complemented by the ap-
plication of Random Undersampling to reduce the number of records 
corresponding to smaller fires. The undersampling targeted samples 
with burned area values below the threshold established for oversam-
pling. In the case of WSMOTER, the number of these samples was 
reduced by 50%. For Geometric SMOTE, the reduction was calibrated 
to ensure that wildfires with a burned area greater than 50 hectares 
accounted for 20% of the training set.

The best results from all possible combinations are presented in the 
tables of results in Section 5.

5. Results and discussion

Traditionally, the performance of regression models is evaluated 
using standard metrics such as Mean Absolute Error (MAE) and Root 
Mean Squared Error (RMSE). A new model is generally considered 
successful if it achieves lower values on either of these metrics. How-
ever, it is important to clarify how errors are distributed across the full 
range of predictions, from the smallest to the largest wildfires. Relying 
solely on global MAE and RMSE values is insufficient for determining 
whether one model is truly better than another. For example, consider 
a hypothetical model that predicts a constant burned area of 1 hectare 
for every wildfire. Such a model would yield an MAE of 9.2 which 
might seem quite impressive because this MAE value is even lower 
than the best results reported in prior studies. Nevertheless, this model 
would be entirely ineffective at predicting large burned areas, making 
it practically useless for identifying large wildfire events.

Based on the considerations discussed above, the results are pre-
sented according to wildfire size. To this end, three wildfire size classes 
were defined: small, medium, and large. As there is no universally ac-
cepted threshold in the literature for categorizing a wildfire as ‘‘large’’ 
we adopted the classification criteria proposed by Mitsopoulos and 
Mallinis [1]. According to this criterion, small wildfires are those with 
a burned area of less than 50 hectares, medium wildfires have burned 
areas between 50 and 500 hectares, and large wildfires are those 
exceeding 500 hectares.

Although this decision complicates comparisons with previous stud-
ies, it is essential for obtaining an accurate understanding of prediction 
errors across the entire domain and in particular for large wildfires.
6

Table 4
Mean absolute error using Random Forest.
 Burned area None WSMOTER Geometric SMOTE 
 Small (<50) 10.3 24.7 23.9  
 Medium (⩾50 and <500) 102.1 83.0 90.9  
 Large (⩾500) 753.7 718.5 613.9  

Table 5
Mean absolute error using Decision Trees.
 Burned area None WSMOTER Geometric SMOTE 
 Small (<50) 12.3 22.2 22.4  
 Medium (⩾50 and <500) 109.7 100.5 120.4  
 Large (⩾500) 643.7 624.9 457.3  

Table 6
Mean absolute error using Support Vector Regression.
 Burned area None WSMOTER Geometric SMOTE 
 Small (<50) 3.6 24.7 23.8  
 Medium (⩾50 and <500) 119.5 84.4 100.3  
 Large (⩾500) 808.6 769.7 754.1  

Table 7
Mean absolute error using Gradient Boosting.
 Burned area None WSMOTER Geometric SMOTE 
 Small (<50) 10.8 20.1 17.9  
 Medium (⩾50 and <500) 103.7 86.2 96.1  
 Large (⩾500) 788.4 720.3 606  

Before presenting the results, it is important to clarify what is meant 
by a model being ‘‘better’’ in a context where accurate predictions for 
medium-sized and large fires are especially desirable. A fundamental 
challenge lies in the trade-off that often exists between prediction 
accuracy for large and small fires: improvements in predicting large 
fires frequently come at the cost of reduced performance on smaller 
ones. To address this, we defined a threshold for what constitutes an 
acceptable error in small fires, which was arbitrarily set at 25 hectares. 
Reported results, therefore, represent the best performance for large 
wildfires without exceeding this predefined error limit for small fires. 
In the specific case of the WSMOTER method, we chose to report the 
best results obtained for medium-sized wildfires, as this resampling 
technique tends to perform particularly well in this category. This ad-
vantage may be attributed to the broader range available for generating 
synthetic instances within the medium fire class. Interestingly, for two 
of the four algorithms evaluated, the hyperparameters that yielded the 
best results for medium-sized fires were also optimal for large wildfires.

Tables  4–7 summarize the best results achieved using the resam-
pling techniques and learning algorithms employed in this study. In 
the tables, ‘None’ is used as a label to indicate that no resampling was 
performed.

An initial analysis of the tables confirms an improvement in model 
performance for medium and large wildfires. This enhancement, how-
ever, is accompanied by a decrease in prediction accuracy for smaller 
fires. Despite this drawback, the reduction in accuracy for small fires 
should not be a major concern, as it is largely offset by the improved 
ability to anticipate larger wildfires. Although large wildfires represent 
only 3.2% of the total number of fires in the dataset, they account 
for 65.8% of the total burned area. As such, improving the prediction 
of large wildfire occurrences has the potential to significantly reduce 
the total burned area, provided it is accompanied by effective fire 
suppression strategies.

Surprisingly, although not without precedent, the best result for 
large wildfires, both in absolute and percentage terms, was achieved 
using a simple Decision Tree. A similar outcome was observed, for 
example, in Coffield et al. [12]. However, this result was obtained at 
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Table 8
Wilcoxon Signed-Rank Test: test statistic, p-value and significance.
 Statistic p-value Significance  
 DT + WSMOTER 541 0.00941753 True  
 DT + Geometric SMOTE 725 0.31231498 False  
 RF + WSMOTER 173 7.69409874e−08 True  
 RF + Geometric SMOTE 258 2.21682864e−06 True  
 SVR + WSMOTER 4 2.93557693e−11 True  
 SVR + Geometric SMOTE 201 2.43262794e−07 True  
 GB + WSMOTER 388 0.00017589 True  
 GB + Geometric SMOTE 593 0.02752371 True  
the expense of poor performance on medium-sized wildfires, making 
it a unique case among the algorithms evaluated. In comparison, algo-
rithms such as Random Forest and Gradient Boosting provided more 
balanced performance. These approaches delivered strong results for 
large wildfires while also improving predictions for medium-sized fires, 
with error reductions ranging from 7.3% to 18.7%. For large wild-
fires in particular, the best results were generally achieved when the 
models were combined with Geometric SMOTE resampling, yielding 
improvements between 18.5% and 23.1%.

With regard to Support Vector Regression, the results tables clearly 
indicate that, without resampling, this algorithm performs best on small 
fires and worst on large ones, with MAE values of 3.6 and 808.6, 
respectively. This helps explain why Support Vector Machines achieved 
the best results in the study by Cortez and Morais [10]. The low error 
for small fires, combined with the high proportion of such fires in 
the dataset, resulted in the lowest overall MAE across all algorithms 
compared. However, this performance is largely due to the model’s 
systematic prediction of low burned area values for all wildfires. While 
this leads to impressive MAE figures, it has limited practical value 
because the model fails to accurately predict large fires. Although 
the use of resampling techniques does not completely solve this issue 
with this algorithm, it does help improve performance, particularly 
for medium-sized wildfires. In fact, error reductions of 29.4% and 
16.1% were observed in the two resampling approaches applied, when 
compared to not using resampling at all.

Finally, Table  7 presents the results for Gradient Boosting, where 
Geometric SMOTE stands out by achieving a 23.1% reduction in error 
for large wildfires, with a smaller negative impact on the performance 
for small wildfires compared to the other algorithms.

5.1. Statistical tests

The non-parametric Wilcoxon Signed-Rank Test was applied for 
statistical validation of the results, as it does not require the assumption 
of normally distributed data.

The null hypothesis tested with the Wilcoxon Signed-Rank Test 
states that the prediction errors for medium and large wildfires pro-
duced by the integrated resampling–machine learning model are not 
significantly different from those of the baseline model without resam-
pling. This focus on medium and large wildfires reflects the study’s 
emphasis on accurately predicting higher-magnitude wildfire events.

Because the study employed two resampling methods and four ma-
chine learning algorithms, a total of eight resampling–algorithm com-
binations were evaluated. This configuration resulted in eight pairwise 
comparisons between each combination and the baseline model.

Table  8 reports the Wilcoxon Signed-Rank test statistic and the 
corresponding 𝑝-value for the eight combinations formed by pairing 
each machine-learning algorithm with either WSMOTER or Geometric 
SMOTE. The decisions regarding the rejection of the null hypothesis for 
each comparison are also summarized in the table.

The null hypothesis was rejected at the significance level of 𝛼 = 0.05
for all but one of the resampling–algorithm combinations. Therefore, 
the observed differences in predictive performance are statistically 
significant for seven of the eight combinations.

All computations for the Wilcoxon Signed-Rank Test were per-
formed using the SciPy library [54].
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5.2. Limitations

Our framework was applied to the Montesinho Park, which is a 
geographically limited area. Although it is expected that applying the 
framework to other regions would contribute to improving predictions 
of medium and large fires, the observed improvements may not fully 
transfer to different settings. This limitation arises from contextual 
differences such as fuel types, climate, or management practices. In 
such situations, the inclusion of additional features that better describe 
the local environment may enhance model performance and deserves 
further investigation.

Regarding the oversamplers applied, Geometric SMOTE enhances 
the diversity of the generated synthetic instances, improving the repre-
sentation of rare patterns. However, it requires hyperparameter tuning 
to achieve optimal results, which can be computationally demanding. 
WSMOTER, in contrast, does not require hyperparameter tuning and 
performs well when rare cases are widely dispersed, but it is less 
effective at increasing the diversity of synthetic instances compared to 
Geometric SMOTE.

6. Conclusion

The research community has been using machine learning algo-
rithms to predict the final size of a fire. However, results are often under 
expectations, particularly with regard to large wildfires. Although these 
events are relatively rare, they account for a substantial portion of 
the total burned area and have significant impacts on both human 
populations and the environment. Moreover, in the context of climate 
change, it is reasonable to anticipate a rise in the frequency of large-
scale fires in the future. Therefore, improving the ability to predict the 
occurrence of medium-sized and large wildfires is highly desirable, as 
it could be a valuable tool in efforts to suppress and mitigate their 
consequences.

Our approach utilizes recent resampling techniques to generate 
synthetic instances representing the most relevant cases, thereby im-
proving the algorithms’ capacity to learn from them. Depending on the 
algorithm used, this strategy can reduce prediction error for large fires 
by up to 29%. More balanced solutions, which perform well across 
large, medium, and small fire categories, achieve error reductions of 
approximately 20% for large fires. This improvement in predicting 
large fires is typically also accompanied by a reduction in error for 
medium-sized fires, though the extent of this reduction varies depend-
ing on the algorithm and the user’s prioritization of accuracy for large 
versus medium fires. Achieving optimal performance in both categories 
simultaneously often proves challenging. While the approach results 
in less accurate predictions for small fires, this drawback is largely 
outweighed by the enhanced ability to anticipate large fires, which is 
crucial for enabling earlier and more effective suppression efforts.

Furthermore, any research in this field must take into account the 
importance and inherent challenges of predicting rare events, such as 
large wildfires. This consideration also extends to other domains of 
interest, where approaches similar to the one adopted in this study may 
prove valuable, such as predicting fine particle concentrations to assess 
human exposure to smoke. More broadly, applying this approach could 
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be beneficial in other contexts where accurate prediction of events from 
limited data is essential.

Finally, it is important to emphasize that our work focuses on 
enhancing model performance in the most challenging cases, whereas 
other studies have aimed to improve models from a more general 
perspective. As future work, combining both approaches may be a 
promising direction for developing robust and effective predictive mod-
els.
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