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different fire phenotypes based on the components of the Fire Weather Index
(FWI), meteorological variables, weather coding, and burned area
characteristics. The model uses K-Means, Gaussian mixture models, DBSCAN
(density-based clustering algorithm), and HDBSCAN (Hierarchical Density-
Based Spatial Clustering) to optimize the number of clusters. The results
obtained show that clustering provides a powerful framework for
characterizing forest fire behavior, thereby improving the possibilities for
further development in order to suppress and prevent the outbreak of new
fires.
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1. Introduction

The frequency of wildfires over the past few decades has attracted the attention of modeling
researchers to predict and assess the risk of wildfires. Wildfires are driven by complex interactions
between meteorological conditions, fuel moisture conditions, seasonal cycles, and long-term
drought effects, making their characterization a challenging and multidimensional problem.
Traditional assessment systems fail to detect hidden patterns of behavior found in data. With recent
advances in data-driven modeling, unsupervised as well as supervised learning have emerged as
powerful tools for uncovering hidden patterns in ecological datasets and data.

A significant amount of research has focused on supervised predictions of burned areas, fire
spread rate, and ignition probability. Cortez and Morais [1] demonstrated the relevance of
meteorological and FWI variables for predicting burned area using machine learning regression
techniques on the UCI wildfire dataset. Additional work has explored neural networks, hybrid models,
and meteorological and remote sensing data fusion approaches for estimating fire intensity and
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behavior [2-4]. While these models provide valuable predictive capabilities, they inherently rely on
predefined labels (e.g., measured burned area) and therefore cannot uncover latent structures or
intrinsic behavioral regimes within the wildfire phenomenon. Unsupervised approaches offer the
potential to uncover natural groupings that arise from environmental drivers rather than assigned
targets. Such phenotyping has been shown to be useful in other fields, including climate classification,
environmental systems analysis, and ecological modeling. However, there is little research that
models unsupervised clustering to characterize wildfires. Existing studies have mostly focused on
fixed thresholds or simplified indices, leaving a methodological gap in identifying multivariate fire
regimes that are jointly driven by meteorological conditions and FWI components. Addressing the
problem of wildfires using unsupervised learning is particularly important because wildfire
management requires understanding not only how large a fire can become, but also why and under
what environmental conditions different types of behavior occur. Identification of these latent
phenotypes supports improved early warning, more precise resource allocation, and improved
interpretation of fire-environment interactions. Therefore, the aim of this research is to perform
unsupervised phenotyping of wildfires by applying multiple clustering algorithms - including K-
Means, Gaussian mixture models, DBSCAN and HDBSCAN - on a feature space composed of
meteorological variables, fire weather index components and logarithmically transformed burned
areas. The analysis aims to reveal different regimes of wildfire behavior, describe their basic
ecological signatures and provide a data-driven basis for operational wildfire risk assessment.

2. Literature Review

Cortez and Morais [1] conducted one of the studies using the UCI Forest Fires dataset and showed
that the combination of meteorological variables and FWI components provides significant predictive
value for forest fire behavior. On the other hand, Li and Fei [5] extended the research by applying the
least squares support vector method to fire prediction, highlighting the importance of nonlinear
learning techniques to capture the complex relationships between weather conditions and fire
occurrence. These basic studies laid the foundation for more advanced machine learning approaches
to forest fire forecasting.

A large number of subsequent studies have investigated different supervised machine learning
algorithms for fire detection and prediction. Kumar and Akhlaq [6] developed classification-based
methods for fire detection, while Elshewey & Elsonbaty [7] used machine learning techniques to
distinguish fires from ambient noise, highlighting the advantages of automated analysis over
traditional sensor-threshold approaches. In another contribution, Elshewey [8] compared multiple
regression-based machine learning techniques for predicting burned area, demonstrating the
sensitivity of performance to model selection and feature construction. lyer et al. [2] examined
several data analysis and machine learning algorithms aimed at predicting random small-scale forest
fires, highlighting the importance of detecting such events due to their cumulative ecological impact.

Recent studies include loT networks, satellite data, big data architectures, and advanced
computing frameworks. Gadekar et al. [9] developed a forest fire detection system based on loT and
machine learning that uses real-time sensor anomalies for early warning. Tavakoli et al. [10]
addressed the serious problem of class imbalance in fire classification by integrating big data
synthesis and class imbalance correction methods, demonstrating improved robustness under
skewed data distributions. Xie et al. [11] combined DBSCAN-based non-fire point selection with deep
neural networks to improve susceptibility mapping, illustrating the importance of data preprocessing
and sample selection in forest fire modeling. In parallel, Ibnat [12] has shown how scalable big data
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platforms, such as PySpark, can be used for large-scale environmental forecasting tasks, suggesting
potential applicability for operational monitoring of forest fires.

There is a growing body of research comparing the performance of different machine learning
models for forest fire forecasting. Kani and Saudia [13] analyzed the accuracy of several machine
learning classifiers, emphasizing that model performance is highly dependent on the data structure
and target characteristics. Khanjalkar et al. [14] proposed a machine learning-based forecasting
model to mitigate the environmental hazards associated with forest fires. Jain et al. [4] presented a
new feature selection method for regression and applied it specifically to forest fire forecasting,
demonstrating significant improvements in model generalization. Karim et al. [15] applied a midpoint
variant of K-means factorial (MKFF) to wireless sensor networks for fire forecasting, demonstrating
the utility of clustering to optimize communication and data aggregation in distributed monitoring
systems.

Nilashi et al. [16] analyzed type 2 fuzzy systems for biomedical prediction, demonstrating their
adaptability to nonlinear noisy environments. Li et al. [17] showed that spiking neural networks can
support continuous authentication tasks, highlighting their potential for processing sequential sensor
data in real time. Jadhav et al. [3] used satellite data modeling for climate-related predictions,
illustrating the cross-domain applicability of remote sensing and machine learning. Zhang et al. [18]
developed a generalization-memorization machine for regression, contributing new perspectives on
model complexity and performance trade-offs. Raja-Tapiya et al. [19] emphasized the importance of
clustering and machine learning for sustainability applications, further reinforcing the relevance of
unsupervised approaches in ecological studies.

Most existing research on wildfire analysis has relied on supervised learning, focusing on
predicting burned area, classifying fires, or estimating ignition probability [1], [4-11], [13-14].
Although these models have strong predictive capabilities, they inherently depend on labeled
outcomes and therefore cannot detect whether natural “types” or phenotypes of fires exist in
environmental data. Few studies have used clustering in the context of wildfire analysis, and when
clustering is used, it is typically applied to sensor network optimization [15] or pattern filtering [11]
rather than to systematically characterize wildfire behavior regimes in a multidimensional feature
space. This methodological gap motivates the use of unsupervised learning as a tool to uncover latent
wildfire phenotypes, complementing existing supervised approaches and enabling a more nuanced,
data-driven understanding of wildfire behavior.

3. Methodology

In order to achieve the best possible separation of data and grouping into clusters that best
characterize fires, we used a combination of different methods. Each of them is described in detail in
this section (Figure 1.).

3.1 Data Preprocessing

The data used in this work are the publicly available original UCI forest fire dataset
https://archive.ics.uci.edu/dataset/162/forest+fires. This dataset contains meteorological variables
(temperature, relative humidity, wind speed, precipitation), FWI components (FFMC, DMC, DC, ISl),
spatial coordinates (X, Y), time descriptors (month, day), and burned area. Data preprocessing was
performed. Categorical time variables (month, day) were transformed into cyclic representations to
preserve periodicity. This was achieved by sine-cosine coding, avoiding artificial discontinuities
between consecutive time periods (e.g., December and January). The burned area shows a strong
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rightward skew, with many zero-area events and a few extremely large fires; therefore, a natural
logarithmic transformation was applied to stabilize the variance. All continuous variables were
standardized using z-normalization to ensure equal weighting within the distance-based clustering
methods. Table 1 summarizes the preprocessing transformations applied to each feature category.

Table 1
Feature categories and preprocessing transformations applied
Feature type Variables Transformation Formula
Meteorological temp, RH, wind, Standardization /
rain
Temporal month, day Cyclical encoding If xeX where X has n elements than
. . [ 27x
encoding, =sin| —— | or
n
. 27x
encoding, = cos| —
n
FWI components FFMC, DMC, Standardization X— U,
x, A =—2=
DC, IS! swd =T
Fire intensity Area Natural logarithm area >0, area,,, = ln(area + ])
3.2 Feature

The final feature space consisted of 13 standardized variables: four cyclical temporal features
(month_sin, month_cos, day_sin, day_cos), four meteorological variables, four FWI components, and
log-transformed burned area. This multidimensional representation enabled the clustering
algorithms to capture both environmental conditions and underlying fire behavior. The feature
engineering process emphasized variables that directly influence ignition potential, fuel moisture,
fire spread, and seasonal variation, forming a robust foundation for phenotyping forest fire events.

3.3 Clustering Algorithms

To identify wildfire phenotypes, four unsupervised clustering methods were applied: K-Means,
Gaussian Mixture Models (GMM), DBSCAN, and HDBSCAN. K-Means was selected as a primary
algorithm due to its simplicity, interpretability, and efficiency in high-dimensional standardized data.
GMM was used to capture probabilistic cluster membership, enabling identification of overlapping
fire regimes. DBSCAN and HDBSCAN were included to detect noise points and outlier fire events,
which often correspond to rare, extreme-intensity fires. These methods collectively allow the
discovery of compact, probabilistic, and density-based phenotypes. All figures associated with
clustering analysis follow CDF Letters quality standards, ensuring clear readability and appropriate
label sizing, as demonstrated in Figure 2.

96



Applied Decision Analytics
Volume 2, Issue 1 (2026) 93-102

[ Feature l ]

Preprocessing
« Cyclical encoding
* Log-transformation
« Standardization
« Feature selection

v

Clustering
* K-Means
* GMM
« DBSCAN
* HDBSCAN

!

[Dimensionality Reduction]

i
[ Visualization ]

Fig. 1. Workflow diagram of the implemented
preprocessing and clustering methodology

3.4 Cluster Validation

For better clustering, we used the silhouette score measure to determine how well separated the
data points are within the clusters.

X Vi
max(xl.,yi)

points in the same cluster and y, is the average distance from the data point to all points in the

SilhouetteScore = , Where x, is the average distance from the data point to all other

nearest neighboring cluster.

A high score indicates that the data points are close to their own cluster and far from others,
while a negative score suggests that the point may be in the wrong cluster. It is used to assess the
quality of the clustering results and can help determine the optimal number of clusters for an
algorithm like K-Means. Silhouette scores were computed for k values ranging from 2 to 8, and the
configuration with the highest score was selected for final clustering. Density-based algorithms do
not require preset values of k, and instead evaluate intrinsic data density to identify cluster cores and
noise points. Silhouette results for tested values of k are summarized in Table 2.

Table 2.
Silhouette coefficient results for different
values of k ranging from 2 to 8.

K Silhouette score
2 0.332019
3 0.336792
4 0.14188
5 0.142131
6 0.145045
7 0.143331
8 0.150131

3.5 PCA-Based Visualization

Principal Component Analysis (PCA) was applied to the standardized dataset to obtain two-
dimensional Figure 2 and three-dimensional Figure 3 projections of the clusters. PCA allowed clear
visualization of separation between identified wildfire phenotypes. Figures 2 and 3 representing PCA
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plots were generated in high resolution and saved with appropriately sized labels to satisfy journal
formatting expectations.

PCA - KMeans klasteri

PC2

-4

PC1

Fig. 2. Two-dimensional PCA visualization
of K-Means clustering results

3D PCA - KMeans klasteri

Fig. 3. Three-dimensional projections
of the clusters

3.6 Cluster Validation Metrics

The optimal number of clusters (k) for centroid-based algorithms was determined using
silhouette analysis. The silhouette coefficient provides a quantitative measure of internal cohesion
and separation between clusters. The silhouette score as a function of k was evaluated for a range of
values from 2 to 8, and the configuration with the maximum coefficient was selected for subsequent
analysis.

All clustering results, cluster labels, centroid coordinates, silhouette metrics, and summary
statistics were exported to an Excel file containing multiple structured sheets. In addition, high-
resolution figures were automatically saved in PNG format to ensure compatibility with CDF Letters'
publication requirements. To adhere to journal standards, all figures were generated with Calibri
font, readable annotations, and minimal unused frame area. Figures that appeared side-by-side were
used only when their combined width comfortably fit within the page, as illustrated in Figure 4 and
Figure 5.
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Fig. 4. Cluster centroid heatmab
illustrating feature contributions
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Fig. 5. Boxplot distribution of burned area
across wildfire phenotypes

4. Results

From the results obtained, clustering analysis revealed a clear structure within the
multidimensional feature space, indicating that wildfire behavior in the Montesinho region can be
grouped into distinct environmental phenotypes. Silhouette estimation identified k = 3 as the optimal
number of clusters for centroid-based methods, providing the greatest balance between intra-cluster
cohesion and inter-cluster separation. The PCA representation in Figure 2 shows clearly identifiable
cluster boundaries in the reduced two-dimensional space, confirming that the standardized set of
features carries significant discriminative information related to wildfire dynamics.

K-Means clustering produced three compact and well-separated wildfire phenotypes. Cluster 0
represents fires associated with high temperatures, low relative humidity, and elevated fine fuel
moisture deficit (high FFMC), accompanied by moderate to high values of burned area. These
conditions characterize high-fire risk environments characterized by increased ignition potential and
rapid rate of spread. Cluster 1, in contrast, corresponds to low-intensity micro-fires, where higher
humidity, lower FFMC, and limited fuel dryness result in minimal burned area. Cluster 2 reflects the
moderate-to-high intensity fire phenotype, characterized by extremely high DC values, indicating
long-term seasonal drought conditions even when short-term moisture indicators are less extreme.
The burned area distributions shown in Figure 4 further highlight the contrast in behavior between
phenotypes, with clusters showing distinctly different profiles of mean and maximum burned areas.
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The GMM vyielded similar structural divisions, albeit with more relaxed probability boundaries
between clusters. The overlap observed in the GMM membership suggests that certain fire events
exist at the transition between clusters, influenced by gradual changes in meteorological conditions
rather than clear thresholds. This behavior is typical of ecological systems with smooth
environmental gradients. The consistency between K-Means and GMM confirms that the identified
phenotypes are robust to algorithmic assumptions.

Density-based clustering algorithms provided additional insights. DBSCAN identified a small
number of points as noise or outliers, and these events correspond to rare fires of extreme intensity
characterized by unusually high burned areas and severe drought conditions. These cases, which
typically represent less than 5% of all observations, highlight the importance of incorporating density-
based techniques when characterizing wildfire behavior, as centroid-based methods tend to absorb
outliers into nearby clusters. HDBSCAN further refined this separation, producing stable cluster cores
and a larger forest region, demonstrating its utility for isolating anomalous fire behavior. A heatmap
visualization of the K-Means centroids provides a consolidated view of the feature-level contributions
to each phenotype. Cluster 0 displays uniformly elevated FFMC, DMC, and temperature values,
consistent with surface fuel dryness. Cluster 1 exhibits the lowest ISI and FFMC, indicating a potential
for slow spread and lower ignition probability. Cluster 2 is dominated by a strong DC signal,
emphasizing the role of long-term seasonal drought rather than short-term atmospheric conditions.
This differentiation suggests that different fire regimes arise from a combination of short-term and
long-term climate drivers.

Spatial analysis (Figure 6) revealed that the geographic distribution of clusters was relatively
uniform across the study area, suggesting that topography played a minimal role in differentiating
fire phenotypes within this dataset. Instead, variability appears to be predominantly driven by
meteorological and fuel-related conditions. This observation is consistent with the design of the
dataset, which was collected from a relatively homogeneous region in terms of vegetation type and
elevation.
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Fig. 6. Spatial analysis

Overall, the results indicate that unsupervised clustering effectively uncovers three dominant
wildfire phenotypes in the Montesinho region:

i.  High-intensity fires driven by elevated fine-fuel dryness and low humidity,
ii. Low-intensity micro-fires associated with moist conditions and minimal fuel availability,
and
iii.  Moderate to large fires are influenced primarily by long-term deep-layer drought.
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These phenotypes provide a data-driven foundation for understanding how environmental
conditions shape wildfire behavior and offer practical value for early warning systems, operational
risk classification, and strategic resource planning.

5. Conclusions

The present study demonstrates that unsupervised learning provides an effective framework for
characterizing distinct wildfire behavioral regimes based on meteorological variables, Fire Weather
Index (FWI) components, and log-transformed burned-area measurements. Using a combination of
K-Means, Gaussian Mixture Models (GMM), DBSCAN, and HDBSCAN, three dominant wildfire
phenotypes were identified within the UCI Forest Fires dataset. These phenotypes correspond to
high-intensity fires driven by elevated fuel dryness and low humidity, low-intensity micro-fires
occurring under moist atmospheric conditions, and moderate to large fires influenced predominantly
by long-term seasonal drought.

The consistency between centroid-based and probabilistic clustering approaches highlights the
robustness of these phenotypes. Density-based methods further isolated rare extreme-intensity
events, emphasizing their importance as outliers in wildfire behavior analysis. Visual inspection
through PCA projections and burned-area distributions confirmed clear separation among the
phenotypes and demonstrated the relevance of both short-term and long-term drought indicators.

The findings illustrate that latent wildfire regimes can be extracted directly from multivariate
environmental data without relying on supervised labels. This contributes a novel perspective to
wildfire characterization and supports the development of more adaptive and data-driven fire risk
assessment frameworks. Future work may extend this analysis using larger multisite datasets,
integrate remote-sensing indicators, or incorporate temporal sequence modeling to better capture
dynamic fire evolution.
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