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Abstract—Wildfires are among the most damaging natural
hazards, and reliable satellite-based detection is essential for
operational response. Many current pipelines for multispectral
Sentinel-2 imagery are supervised and data-hungry, and they
often behave as black boxes, limiting trust and expert auditability
during fast-evolving events. We present a fully unsupervised and
intrinsically explainable framework for wildfire detection that
combines explainable K-Means (xKMeans), explainable Gaussian
Mixture Models (xGMM), and explainable Latent Dirichlet
Allocation (LDA). Each pixel is represented by a compact fire-
sensitive feature vector built from Sentinel-2 bands B08, B8A,
and B12 together with the Normalized Burn Ratio (NBR) and
the Mid-Infrared Burn Index (BAIS1). The three models expose
complementary structure: xKMeans yields human-readable, rule-
based partitions; xGMM provides probabilistic memberships
and entropy-based uncertainty maps that highlight ambiguous
transition zones; and LDA offers global, topic-level explanations
by summarizing co-occurring spectral-index patterns into inter-
pretable fire regimes. We demonstrate the approach on multiple
wildfire scenes, including case studies in Los Angeles (USA) [1],
Greece [2], and an additional site in Romania based on GDACS-
reported event metadata. We report qualitative and label-light
quantitative consistency analyses based on model agreement
and perimeter-aligned evaluation. The results indicate that the
proposed workflow delineates fire-affected areas while remaining
transparent enough for expert scrutiny, offering a label-efficient
alternative to supervised deep-learning systems for operational
wildfire monitoring.

Index Terms—Wildfire detection, explainable artificial intel-
ligence, unsupervised learning, Sentinel-2, clustering, Gaussian
Mixture Models, K-Means, Latent Dirichlet Allocation, uncer-
tainty.

I. INTRODUCTION

Wildfires continue to intensify in frequency and sever-
ity, threatening ecosystems, infrastructure, and public safety.
Sentinel-2 has become central to wildfire monitoring due to
its spatial resolution, radiometric quality, and sensitivity to
burn severity [3, 4]. However, many current systems depend
on supervised deep-learning models [5–7], whose performance
hinges on extensive labelled datasets that are rarely available
during active fire emergencies.

Fig. 1. xKMeans decision tree illustrating an interpretable rule set for cluster
assignment [8].

A second challenge is interpretability. Deep networks typ-
ically operate as black boxes, limiting trust and preventing
domain experts from understanding the model rationale. Prior
explainability studies [9, 10] show that post-hoc explanations
often provide only partial insight and may not faithfully reflect
decision boundaries under complex fire conditions.

Unsupervised learning is a natural alternative when labels
are scarce. Contrastive learning [11] and autoencoder-based
anomaly detection [12] can capture latent spectral patterns
without manual annotation, but many unsupervised methods
still lack intrinsic interpretability: cluster semantics, uncer-
tainty, and spectral drivers remain opaque.

We address these gaps with an explainable unsupervised
framework integrating xKMeans, xGMM, and LDA. The
system is designed to provide transparent internal structure
at three levels: rule-based partitions for crisp interpretation,
probabilistic memberships with uncertainty for operational risk
awareness, and topic-feature relationships for global, human-



readable explanations of spectral-index regimes.

II. STATE OF THE ART VS. OUR METHOD

Supervised deep-learning models dominate wildfire detec-
tion and burned-area mapping [5–7]. While accurate, they
require large labelled datasets and can be difficult to interpret
in high-stakes settings. Explainable AI has been explored for
susceptibility and occurrence modelling [9, 10], but much of
this work relies on post-hoc explanations.

Unsupervised methods provide an attractive alternative
when labels are scarce. Contrastive representation learning
(FireCLR) [11] enables cross-sensor generalisation, and au-
toencoders have been used to identify spectral anomalies
linked to fire activity [12]. However, many unsupervised ap-
proaches still lack intrinsic interpretability: cluster semantics,
uncertainty, and decision boundaries remain opaque, limiting
operational trust.

Our approach differs by using intrinsically explainable unsu-
pervised models. Instead of explaining a black-box classifier
after training, we structure the pipeline so that explanations
are native outputs: xKMeans provides explicit decision rules,
xGMM yields uncertainty-aware probability maps, and LDA
gives a compact topic view that links fire ƒ to combinations
of bands and indices.

III. STUDY AREA AND DATA

A. Analysed Fire Events

We evaluate the framework on multiple wildfires with
contrasting conditions: (i) a fire near Los Angeles (USA) [1]
dominated by shrubland and chaparral fuels, (ii) a forest fire
in Greece [2] affecting dense pine and mixed broadleaf stands,
and (iii) an event in Romania representing a different forest
structure and background heterogeneity.

For Romania, we use the GDACS-reported wildfire WF
1005046 (episode 1), with start date 20 Mar 2022 and last
detection 28 Mar 2022, an estimated burned area of 5039
ha, and an exposed population of 154 in the burned area
[13]. GDACS forest-fire events and burned-area estimates are
generated through the Global Wildfire Information System,
based on near-real-time products driven by thermal anomalies.
We use the GDACS event metadata to define the temporal win-
dow and region of interest for selecting Sentinel-2 Level-2A
acquisitions and for perimeter-aligned, label-light evaluation.

For each event, we use cloud-minimised Sentinel-2 Level-
2A scenes acquired close to the burning period and clipped
to a study tile around the affected region. For every pixel in
the study tiles we extract the compact fire-sensitive feature
set defined in Section IV-A. This representation captures
vegetation loss (NIR and narrow-NIR), moisture and burn
response (SWIR), and established burn-sensitive indices.

B. Additional Sites for Extended Experiments

Within the wider project we also prepare Sentinel-2 data
sets for further regions from recent fire seasons, including
(i) the Brazil–Bolivia–Paraguay tri-border in the Amazon,
(ii) fires near Sydney (Australia), and (iii) a large event in

Fig. 2. Spectral bands of Sentinel-2 data provided by ESA.

Andalusia (Spain). Due to the page limits of this IGARSS
paper, these additional sites are consolidated in an extended
version together with full quantitative analyses.

Sentinel-2 provides 13 spectral bands in the visible, near-
infrared, and shortwave-infrared ranges at 10 m, 20 m, and 60
m resolution. Figure 2 summarises the band layout.

IV. METHODS

A. Feature Engineering

Each pixel is represented by

f(x) = [B08(x); B8A(x); B12(x); NBR(x); BAIS1(x)]:

Sentinel-2 L2A band values are stored as scaled integers;
before computing NBR and BAIS1 we rescale B08, B8A, and
B12 by dividing by 10000 to obtain reflectance in the range
[0,1].

NBR(x) =
B08(x)�B12(x)

B08(x) +B12(x)
(1)

BAIS1(x) =
p

(1�B08(x)) (1�B12(x)) (B12(x)�B08(x)):
(2)

All features are z-normalised per scene to support stable
clustering across different backgrounds.

B. xKMeans: Interpretable Partitions

xKMeans provides a clear partition of the feature space into
k clusters. The goal is a cluster map that can be explained
through the feature signature: for example, a fire-dominated
cluster is expected to show reduced NIR response and a burn-
ratio shift relative to surrounding vegetation.
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