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A B S T R A C T

The analysis of microseismic events from passive seismic data has proven invaluable for failure prediction in the 
context of natural hazard and landslide monitoring. Generally, microseismicity associated with fracturing pro
cesses exponentially increases prior to failure. However, passive seismic recordings commonly include a broad 
range of non-fracturing signals, making reliable event classification a prerequisite for near-real-time monitoring. 
This issue is particularly critical under data-limited monitoring conditions, such as during the early phases of 
slope monitoring or at minimally instrumented sites, where only a single seismic station or a very sparse sensor 
configuration is available. This study evaluates and compares the performance of supervised and unsupervised 
machine-learning approaches for the classification of landslide-related microseismic events using a challenging 
single-station dataset acquired over a six-month monitoring period at the Bossea Cave (NW Italy). Fracture- 
related microseismicity at the site exhibits marked temporal variability in spectral features, primarily driven 
by air-temperature fluctuations and precipitation.

A supervised convolutional neural network (CNN), trained on a limited labeled dataset, is compared with an 
unsupervised k-means clustering approach applied to time- and frequency-domain features reduced through 
principal component analysis (PCA). The k-means clustering is strongly influenced by the seasonal variability of 
spectral features, leading to diffuse and overlapping clusters, whereas the CNN operates directly on signal 
spectrograms and incorporates Monte Carlo Dropout layers to quantify epistemic uncertainty through stochastic 
inference. Both approaches achieve satisfactory classification performance; however, the CNN demonstrates 
slightly higher accuracy and improved robustness under non-stationary spectral conditions. The results 
emphasize both the potential and the limitations of automated single-station classification workflows for passive 
seismic monitoring in realistic, data-limited operational scenarios.

1. Introduction

Microseismicity is a valuable monitoring tool across a wide variety of 
applications, from georesources and climate change mitigation strate
gies (e.g. reservoir monitoring, geothermal field operations, carbon 
capture and storage sites; Maxwell et al., 2010; Grigoli et al., 2022; 
Verliac and Le Calvez, 2021) to the detection of underground stress 
changes and rock failure for mine safety (e.g., Wilkins et al., 2020; 
Sedghizadeh et al., 2024). The analysis of microseismicity also plays a 
key role in understanding and forecasting natural processes related to 
volcanic activity (Lamb et al., 2022; Pantobe et al., 2023), glacial dy
namics (West et al., 2010; Carr et al., 2020) and landslides (Yang et al., 
2022; Yfantis et al., 2021; Colombero et al., 2021).

In the context of natural hazards, several studies have reported an 
increase in fracturing-related microseismic activity prior to failure 
(Senfaute et al., 2009; Faillettaz et al., 2019; Liu et al., 2024). When 
recorded by a small network of receivers, the event source can also be 
located, allowing the identification of potentially unstable volumes as 
well as active fractures or slip surfaces (Lacroix and Helmstetter, 2011; 
Tonnellier et al., 2013; Spillmann et al., 2007). Despite this potential, 
the number, magnitude, and type of recorded microseismic events are 
generally highly variable from site to site, since the time- and frequency- 
domain features of the recorded signals strongly depend on the source 
and network geometry. In addition, many unwanted microseismic sig
nals, not related to the incipient fracturing, might populate the event 
data set. These events include natural signals, such as earthquakes, 
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rainstorms, rockfalls or rockslides, as well as anthropogenic signals, such 
as electronic transients and nearby human activities. While event 
detection can be effectively calibrated to site-specific condition using 
adaptive STA/LTA (short time average over long time average) algo
rithms, event classification remains a challenging task and is critical for 
tracking microseismic activity over time (Colombero et al., 2018). Early 
classification strategies relied on the visual inspection of event spec
trograms (Helmstetter and Garambois, 2010; Levy et al., 2011). 
Although accurate, this approach is time-consuming, potentially sub
jective, and impractical for large datasets or near-real-time monitoring 
systems. Consequently, substantial research efforts have been devoted to 
the development of automatic event discrimination methods. Major 
contributions include clustering approaches based on selected time- and 
frequency-domain parameters (e.g., Hibert et al., 2014) as well as ma
chine learning (ML) techniques (e.g., Malfante et al., 2018; Falcin et al., 
2021; Manley et al., 2022), particularly in volcanic seismology.

For landslide monitoring, ML approaches are growing in importance 
to predict landslide activation and displacement evolution, through 
physics-informed neural networks and deep learning methods embed
ding geotechnical and mechanical constraints or remote sensing time 
series (e.g., Dahal and Lombardo, 2025; Zhou et al., 2024; Gatto et al., 
2025). Applications of ML specifically targeting landslide-related 
microseismicity are still relatively limited, but recent studies have 
demonstrated promising results for event detection, denoising, classifi
cation, and source characterization (Anikiev et al., 2023).

Regarding classification, Provost et al. (2017) and Wenner et al. 
(2021) applied Random Forest supervised classifiers to long-term 
seismic records acquired with multi-station monitoring networks, 
explicitly addressing operational challenges such as imbalanced data
sets, low signal-to-noise ratios, and non-ideal network geometries. By 
comparison, Langet and Silverberg (2023) employed convolutional 
neural networks (CNNs) to classify 15 years of continuous recordings 
from an instrumented rock slope using event spectrograms as input. 
Random Forest classifiers rely on manually engineered signal features 
and are generally robust under limited data availability, whereas CNNs 
learn hierarchical representations directly from the input data but 
typically require larger labeled datasets and higher computational re
sources. Hybrid or ensemble approaches combining different classifiers 
may further improve classification performance by exploiting comple
mentary strengths of individual methods (Xin et al., 2024; Chen et al., 
2024). However, such gains must be balanced against increased 
computational cost and implementation complexity, particularly in 
operational monitoring scenarios. Alternative lightweight approaches 
combining feature extraction with shallow classifiers have also been 
proposed, demonstrating that computationally efficient models can still 
achieve reliable microseismic waveform classification (Shu et al., 2024). 
Transfer-learning strategies based on pre-trained computer-vision 
models offer another promising compromise, although fine-tuning large 
architectures such as AlexNet or VGG-type networks often require 
extensive labeled datasets, limiting their applicability to near-real-time 
early-warning systems (Zhang et al., 2021).

In this context, a key open methodological question concerns the 
relative performance of supervised and unsupervised learning ap
proaches for microseismic event classification under realistic moni
toring constraints. Here, we compare a supervised CNN and an 
unsupervised k-means clustering approach applied to microseismic 
events recorded on the slope at the top of a potentially unstable cave. 
The k-means classification is based on clustering salient, uncorrelated 
time- and frequency-domain parameters identified through principal 
component analysis (PCA) on a subset of visually classified and labeled 
events detected in the first monitored months. Cluster centroids are then 
used to classify the whole data set. The CNN method is trained on the 
spectrograms of the same labeled events.

The event dataset selected from the Bossea Cave (Dabove et al., 
2023) is characterized by a strong temporal variability of the spectral 
features of fracture-related microseismic events. In particular, the peak 

frequency is highly sensitive to air temperature fluctuations and pre
cipitation rates, resulting in progressive shifts over time, while the 
overall spectral shape remains relatively stable. This pronounced non- 
stationarity poses significant challenges for conventional feature-based 
classification approaches. In addition, the microseismic activity was 
predominantly recorded by a single monitoring station installed on the 
slope directly above the vertical projection of one of the largest and 
potentially unstable cave chambers. Conversely, seismic stations 
deployed along the same slope but outside the cave vertical projection 
detected only a very limited number of events, likely due to the weak 
amplitude of the signals and the increased source–receiver distance. As a 
result, the available dataset does not allow for the application of 
network-based discrimination techniques, reinforcing the relevance of a 
single-station analysis framework in this context.

The main scientific objective of this study is therefore to assess and 
compare the performance of supervised and unsupervised machine- 
learning approaches for the classification of landslide-related micro
seismic events under data-limited monitoring conditions. The analysis is 
intentionally conducted on a short monitoring period (six months) and 
using data from a single monitoring station, reflecting realistic con
straints commonly encountered during the early stages of slope moni
toring or in minimally instrumented sites. Specifically, we evaluate the 
relative strengths and limitations of the CNN approach trained on a 
limited labeled dataset and the unsupervised k-means clustering in 
which time- and frequency-domain features exhibit pronounced sea
sonal variability, leading to broad and overlapping clusters.

2. Event dataset

To test and compare the two classification approaches, we used a 
microseismic event dataset of 3166 events recorded over six months by a 
single passive seismic station deployed on the slope at the top of the 
Bossea Cave (Cuneo, NW Italy, Fig. 1a). The natural cave is the terminal 
sector of a large karst system and is characterized by a long complex of 
narrow galleries and few wide underground chambers resulting from the 
collapse of the karst network (Fig. 1b). Several signs of instability and 
accumulation of big rock blocks are visible in the main chambers due to 
historical rockfalls. The limestone roof of the natural cave exhibits 
indeed modifications in its stability that might be related to precipita
tion and the water load caused by infiltration and circulation, along with 
temperature cycles and gradients at the daily and seasonal scales. To 
monitor the behavior of the cave roof, one 3C seismometer (Trillium 
Compact 20 s) connected to a Pegasus Digital Recorder (Nanometrics) 
was deployed on the external slope (S1 in Fig. 1b), above one of the big 
potentially unstable chambers. The roof thickness at the sensor location 
is approximately 50 m. The recordings were sampled at 250 Hz and 
internally stored in daily MiniSEED files. Air temperature and precipi
tation over the monitoring period are shown in Fig. 1c.

We applied a STA/LTA algorithm for the detection of microseismic 
events in the continuous noise recordings (STA window length = 0.2 s; 
LTA window length = 10 s; STA/LTA threshold = 5). After detection, the 
traces of the events were extracted for a window of variable duration, 
spanning 2 s before the threshold exceedance and 4 s after returning 
below the threshold, and were saved as separate segments for further 
classification and analysis. The cumulative number of events is shown in 
Fig. 1d, together with their peak frequency in the amplitude spectrum.

The 437 microseismic events detected at S1 in the first three months 
(December 2021 – February 2022) were visually classified based on 
their spectrograms (Fig. 2 and Fig. 3). The events potentially related to 
fracturing showed short duration and a characteristic spectrogram with 
a sharp onset followed by an exponential decrease of the high frequency 
energy content (class I, Fig. 2a to 2i). They occurred both as single 
isolated events and in long sequences of subsequent events with recur
rent spectral signatures (Fig. 2c and i). They generally showed peak 
frequencies higher than 50 Hz, with fluctuations likely correlated with 
the external air temperature after the winter period (Fig. 1d), as already 
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observed on other monitored potentially unstable rock masses 
(Colombero et al., 2018; Colombero et al., 2021). However, intense 
rainfall events seem to strongly affect this temperature driven variation, 
with concomitant local drops in the peak frequencies (Fig. 1d).

Long-duration events with peak frequencies of around 40 Hz were 
also frequently recorded and likely related to either rockfalls and other 
slides of rock materials on the monitored slope or water infiltration and 
circulation inside the cave roof (class II, Fig. 2j to 2r).

Fewer local and regional earthquakes were also found in the event 
dataset. They generally showed long duration and peak frequencies 
below 25 Hz (class III, Fig. 3a to 3i). The source of many of these events 
was confirmed from seismological catalogues (e.g., https://www.emsc- 
csem.org/, last access on July 17th, 2025), however not all the events 
visually belonging to this class were found in there. Due to the simi
larities in time and frequency domain all the events showing long 
duration and low peak frequency were associated with this class; how
ever, some might be related to other local seismic sources.

Many high-energy short-duration noise transients were found in the 
data set (Fig. 3j to 3r), showing variable spectral features. They 
appeared to be particularly frequent during intense rain events, likely 
due to electronic transients or raindrops in the vicinity of the stations (e. 
g., Fig. 3k).

From this preliminary visual analysis and interpretation of the 
detected events, it appears clear that the only class of events that might 
be of interest for early warning purposes is class I. The other classes, and 
especially noise transients, should be therefore removed from the event 

count to correctly track potential instabilities and failure precursors.
A summary of the labeled events from December 2021 to February 

2022 is provided in Table 1. We labeled a total of 355 events, excluding 
82 events whose classification was uncertain due to the overlap of 
different types of events in the same time segment or impossibility to 
visually assign them to a certain class. These events were consequently 
not suitable for the clustering and training of the ML model.

3. Methods

3.1. Cluster analysis approach

We tested the effectiveness of a classification approach based on 
unsupervised k-means clustering of salient event features in discrimi
nating the different classes of Table 1.

Particularly, we considered the labeled events belonging to the first 
three classes of events (I, II and III) to compute three representative 
centroids of these clusters, since the variability of the events contained 
in the noise would not have allowed to describe them as a single cluster 
defined by a unique centroid. The labeled events belonging to class I 
were however overrepresented (257 events over a total of 314 events in 
classes I to III, Table 1). Therefore, we randomly selected 43 events only 
of class I to get a sub dataset of 100 labeled events for centroid 
computation.

The aim of this first phase was to extract some key features, capturing 
both time- and frequency-domain features of the signals of class I to III 

Fig. 1. (a) Geographic location of the monitored site. (b) Location of the passive seismic station S1, deployed on the external slope, with respect to the underground 
cave network, shown in blue. (c) Hourly air temperature and rainfall data. (d) Cumulative number of detected microseismic events at S1 in the period December 
2021–July 2022 and related peak frequencies. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.)
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(Hibert et al., 2014; Colombero et al., 2021), to be used as representative 
input for the clustering. If the clustering of n features proves effective in 
separating the labeled events, each class can then be represented by a 
centroid in the n-dimensional space. The distance between the n features 
of a non labeled event and the reference centroids of each class can then 
be used to automatically assign all the event to the nearest cluster, thus 
allowing for an automatic classification of the whole dataset. We 
assumed that the minimum distance from the centroids in the n- 
dimensional space would exceed a threshold in the case of noise events 
not represented by a centroid and adopted this strategy to label the 
events belonging to this additional class.

Among the possible features, we computed five time-domain fea
tures, i.e., bracketed duration, uniform duration, maximum-to-average 
amplitude ratio, maximum amplitude-to-bracketed duration ratio, kur
tosis; and three frequency-domain features, namely peak frequency, 
dominant 5-Hz frequency band and bandwidth.

Given a signal of N samples and amplitude of each i-th sample equal 
to Ai, the bracketed duration refers to the time interval between the first 
(ta) and last (tb) absolute amplitude values |Ai| exceeding a threshold set 
to 15% of the maximum amplitude of the signal, following: 

TB = tb − ta (1) 

However, to account for the possible occurrence of multiple events in 
the extracted event window (e.g., Fig. 2c), we also computed the unform 
duration, as the sum of the time segments (Δts, with s = 1,.., S) in which 
the signal amplitude exceeds the 15% threshold: 

TU =
∑S

s=1
Δts (2) 

The difference between bracketed and uniform duration might help 
in discriminating repeated or overlapping events occurring within the 
same extracted event file.

To differentiate between short, impulsive events and longer events 
with less distinct amplitude peaks, the maximum-to-average amplitude 
ratio (Ar) was computed following: 

Ar =
max|Ai|

μ (3) 

where μ is the mean amplitude of the signal: 

μ =
1
N
∑N

i=1
Ai (4) 

Similarly, the maximum amplitude-to-uniform duration ratio (Ad) 
was calculated for each event: 

Ad =
max |Ai|

TU
(5) 

The kurtosis K of each signal was computed as an additional indi
cator of the signal's sharpness as the normalized fourth central moment 
(following the definition implemented in the MATLAB® built-in 
function): 

K =

1
N
∑N

i=1
(Ai − μ)4

(

1
N
∑N

i=1
(Ai − μ)2

)2 (6) 

Fig. 2. Examples of events belonging to classes I and II. Each event is shown in time domain, as extracted from the continuous recordings (a to c, j to l), with its 
related amplitude spectrum (d to f, m to o) and spectrogram (g to i, p to r).
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The peak frequency was directly extracted from the amplitude 
spectrum of each event. Let Aj denote the spectral amplitude at the 
discrete frequency fj, the peak frequency was consequently defined as: 

fpeak = fj (7) 

such that. 
⃒
⃒Aj
⃒
⃒ = max

⃒
⃒Aj
⃒
⃒ = Apeak (8) 

Also in this case, to avoid possible noise spikes in the spectra 
affecting the estimation of the peak frequency, the spectral content was 
additionally quantified by the energy contained in subsequent 5-Hz 
frequency bands, in the 0–100 Hz range. The spectral energy in the k- 
th 5-Hz frequency band was therefore defined as: 

Ek =
∑

j:5(k− 1)<fj≤5k

⃒
⃒Aj
⃒
⃒2Δf (9) 

where k = 1, …, 20 and Δf is the frequency resolution of the discrete 
amplitude spectrum.

We then selected the k-th frequency band (FBk) having maximum Ek 
as representative for the event.

To account for the shape and width of the peaks in the amplitude 
spectrum, the bandwidth exceeding a threshold equal to 80% of the 
maximum spectral amplitude was finally computed, following: 

BW =
∑

j:|Aj|≥0.8Apeak

Δf (10) 

To address the high dimensionality of these eight classification fea
tures and potential correlations among them, we then applied PCA for 
potential data space reduction. This approach simplifies the dataset by 
transforming the original variables into a lower-dimensional set of un
correlated variables, known as principal components. These components 
are linear combinations of the initial variables where the coefficients are 
defined as loadings. They are ordered by the amount of variance they 
capture, with the first component capturing most of the dataset's original 
variability. We used a 3D biplot of the first two principal components to 
visually represent the data, projecting variables as vectors and obser
vations as points in a three-dimensional space defined by these 
components.

The contribution parameter (CTR) was also calculated to quantify 
the contribution of each variable to the principal components. This is 
useful to identify the most influential features of the dataset, and was 
calculated as follows: 

Fig. 3. Examples of events belonging to class III and noise transients. Each event is shown in time domain, as extracted from the continuous recordings (a to c, j to l), 
with its related amplitude spectrum (d to f, m to o) and spectrogram (g to i, p to r).

Table 1 
The occurrence of the various classes of events from the labeled data of the first 
three monitoring months.

Dec Jan Feb TOT

CLASS I 84 32 141 257
CLASS II 10 3 8 21
CLASS III 12 11 13 36
NOISE 12 3 26 41
Uncertain – not labeled 26 7 49 82
TOT 144 56 237 437
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CTRj,k =
l2j ,k
∑p

i=1
l2i ,k

• 100 (11) 

where lj,k is the loading of variable j on principal component k and li,k 
represents the loadings of all variables on k.

We then applied the k-means clustering algorithm on the five clas
sification parameters that best represent our dataset, as determined by 
the PCA results. The k-means unsupervised clustering technique parti
tions a set of n-dimensional observations (with n = 5) into k clusters, 
where k is the only user-defined input parameter. We used k = 3 to try to 
retrieve three representative centroids for the visually identified classes I 
to III. The results were then compared to the assigned labels to under
stand the efficiency of this method to cluster the whole dataset ac
cording to the minimum distance of each event parameters from the 
three cluster's centroids.

3.2. Machine learning approach

3.2.1. Data Pre-processing
The only inputs to the ML model were the spectrograms of the 

extracted events and their corresponding labels. Nevertheless, data pre- 
processing helped in optimizing the ML model. We consequently applied 
logarithmic transformation to convert the data into decibel scale, which 
compresses the dynamic range and enhances the event visibility. We 
then normalized the decibel data between zero and one by performing 
range normalization as: 

Snorm =
S − Smin

Smax − Smin
(12) 

where Smin and Smax were the minimum and maximum values in the 
events data set, respectively. This normalization ensures that all input 
samples are in a comparable scale, which improves the performance of 
gradient-based optimization algorithms during training. The normalized 
data were then resized to 128 × 128. The resizing was to ensure that the 
model can be applied to spectrograms with different sizes.

3.2.2. Data balancing
The event dataset exhibited significant class imbalance, with classes 

II, III and noise being significantly underrepresented (Table 1). To 
address this issue, we used the synthetic minority over-sampling tech
nique (SMOTE), which generates synthetic samples for minority classes 
by interpolating between existing samples (Chawla et al., 2002). SMOTE 
has been shown to improve model performance in imbalanced datasets, 
especially in cases where underrepresented classes are critical for ac
curate prediction (Chawla et al., 2002; Han et al., 2005). The method 
operates by selecting a minority class sample xi, identifying its k-nearest 
neighbors, and generating a synthetic sample xnew as 

xnew = xi + λ⋅
(
xneighbor − xi

)
(13) 

where λ ∈ [0, 1] is a random number, and xneighbor is one of the k- 
nearest neighbors of xi. This interpolation between points in the feature 
space produces new synthetic samples that help balancing the class 
distribution without merely duplicating data. By applying SMOTE, we 
ensured that the number of samples in each class are equal.

3.2.3. Model architecture
The classification task was performed using the CNN architecture 

shown in Fig. 4. The input layer takes in the pre-processed spectrograms, 
followed by three convolutional layers with 16, 32, and 64 kernels of 
size 5 × 5. All convolutional layers used the ReLU (Rectified Linear Unit) 
activation function, allowing the model to capture complex, non-linear 
patterns in the spectrograms. The final convolutional layer was con
nected to two fully connected layers with 256 and 64 nodes. To prevent 
overfitting, L2 regularization of 0.1 was considered that, penalized large 
weights, encouraging better generalization of the final model. The 
Dropout layers with a rate of 0.2 were introduced after the each fully 
connected layer, randomly deactivating neurons during training to 
further reduce overfitting (Srivastava et al., 2014). Finally, the output 
layer uses a SoftMax activation function to provide a probability dis
tribution across the four output classes, including the noise class.

Categorical cross-entropy was used as the loss function, which is 
suitable for multi-class classification tasks. The loss is given by: 

Loss = −
∑N

i=1

∑K

j=1
yijlog

(
ŷij

)
(14) 

where N and K are the number of samples and classes, respectively; 
yij represents the true label for the ith sample and jth class, whereas ̂yij is 
the predicted probability.

4. Results

4.1. Cluster analysis approach

In Fig. 5, we show the results of the PCA applied to the eight 
computed time- and frequency-domain features of the 100 labeled 
events belonging to the first three classes of Table 1. The histogram in 
Fig. 5a shows the variance explained by each principal component, 
whereas the cumulative line tracks the total explained variance as 
components increase. The first principal component (PC1) accounts for 
the largest portion of variance (71.0%), while the second and third 
principal components (PC2 and PC3) cover 14.9% and 5.8% respec
tively. The cumulative curve shows that the first two components 
collectively explain approximately 86% of the variance, indicating that 
these components effectively capture most of the information in the 
dataset.

The 2D biplot of Fig. 5b shows the relationships between 

Fig. 4. CNN architecture for event classification.
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Fig. 5. (a) Histogram of the variance explained by each principal component. (b) 2D biplot showing the relationships among the first two principal components (PC1 
and PC2). The dots represent the standardized observations (class I in red, class II in blue, class III in red), while the red lines indicate the feature loadings (V1 to V8, 
as listed in Table 2). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 6. k-means clustering results shown as function of the adopted classification features: (a) evolution of the peak frequency of the events over the first three 
monitoring months; (b) maximum-to-average amplitude ratio vs. uniform duration; (c) frequency bandwidth vs. maximum amplitude-to-uniform duration ratio. In 
each plot the colors refer to the three considered classes (I in red, II in blue, III in green), the circles refer to the original labels, while the dots refer to the clustering 
results. The cluster centroids are highlighted with colored diamonds in (b) and (c). In (a) the gray dots refer to the events belonging to class I that were excluded from 
the clustering to balance the number of events of each cluster.

Table 2 
CTR parameter for each feature of the dataset in relation to the first two principal components (PC1 and PC2), 
and global CTR parameter weighted to the variance explained by each principal component (71.0% for PC1, 
14.9% for PC2). The features selected for k-means clustering are highlighted in green.

Feature PC1 PC2 PC1 + PC2
V1 maximum-to-average amplitude ratio (Ar) 15.4 7.6 12.1

V2 Kurtosis (K) 14.0 6.4 10.9

V3 bracketed duration (TB) 13.7 4.1 10.4

V4 uniform duration (TU) 12.7 11.6 10.8

V5 dominant 5-Hz band (FBk) 12.9 15.0 11.3

V6 Frequency bandwidth (BW) 9.6 24.0 10.4

V7 peak frequency (fpeak) 12.8 15.0 11.3

V8 maximum amplitude-to-uniform duration ratio (Ad) 8.9 16.2 8.7
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standardized observations and features (listed in Table 2) in the reduced 
space defined by the first two principal components. Length and direc
tion of the red lines (loadings) indicate how strongly each feature con
tributes to the components and their correlation.

The maximum-to-average amplitude ratio and kurtosis (V1 and V2 in 
Fig. 5b) are positively correlated, as their vectors are closely positioned 
and both pointing in the same direction, suggesting a predominant 
contribution to PC1 and a significant one to PC2. The bracketed and 
uniform durations (V3 and V4 in Fig. 5b) primarily align to PC1, but V4 
has higher impact on PC2 with respect to V3. The dominant 5-Hz fre
quency class and peak frequency loadings (V5 and V7 in Fig. 5b) are 
almost superimposed, as a proof of their physical meaning and the 
absence of noise spikes in the signal recordings. They contribute almost 
equally to PC1 and PC2. The frequency bandwidth and the maximum 
amplitude-to-bracketed duration ratio (V6 and V8 in Fig. 5b) show 
similarly orientated loadings, and a predominant contribution to PC2.

Computed CTR values, reported in Table 2, confirm this interpreta
tion. Considering that many features showed similar behavior in the 
orientation of the loadings of Fig. 5b and in CTR values of Table 2, we 
selected only five features for the k-means clustering (V1, V4, V5, V6 and 
V8 in Table 2), reducing the dimensionality of the problem.

Fig. 6a shows the k-means clustering results as a function of the peak 
frequency of the events over the three months considered for the la
beling. The same events are displayed in Fig. 6b and 6c as a function of 
couples of features adopted for the clustering, to simplify the five- 
dimensional space visualization. In each plot, the dots represent the k- 
means clustering results, whereas circles indicate the original label 
assigned to each event. The different colors refer to the different classes 
and obtained clusters (i.e., class I in red, II in blue, III in green). The k- 
means clustering appears almost satisfactory in recognizing events 
visually classified as belonging to the different classes, with some more 
evident discrepancies in the recognition of class II.

The confusion matrix of Fig. 7 provides an overall view of the k- 
means classification performance on the sub data set of 100 labeled 
events. Few misclassifications are present for class I and III, while many 
events visually classified in class II are assigned to class I by the clus
tering algorithm.

The accuracy of k-means classification, calculated as the ratio be
tween correctly classified events and total number of considered events 
is 87%.

4.2. Machine learning approach

The training data were limited to 355 samples from December, 
January and February, with Class I as majority class with 257 samples. 
The SMOTE method was used to match the number of samples for each 
group of events, resulting in a total of 1028 samples. Fig. 8 shows the 
examples of simulated spectrograms from the SMOTE method compared 
with some real examples of the events.

The labeled dataset was split into 70% for training and 30% for 
validation and test. The optimal hyperparameters were identified 
through an exhaustive search within the hyperparameter space, 
ensuring the model was fine-tuned for the best performance. The model 
was set to train for up to 1500 epochs with a batch size of 32. The 
learning rate was initially set to 0.00001 and reduced by 7% every 50 
epochs. We used the Adam optimizer for training. Early stopping was 
applied with a patience of 10 epochs, monitoring the validation loss. 
Training was stopped before the full 1500 epochs as the early stopping 
was triggered. The model weights from epoch 766, which achieved the 
highest validation accuracy, were automatically restored. Fig. 9 shows 
the loss and the accuracy curves over the course of the training process. 
In the end, the model achieved an accuracy of 99% on the training set 
and 96% on the validation set. A slight deviation between the validation 
and training loss and accuracy is expected due to the limited training 
samples. While increasing the sample size could reduce this discrepancy, 
it conflicts with the goal of maintaining a small dataset to support early 
warning system applications.

The CNN model's performance was evaluated using a confusion 
matrix on the whole labeled dataset, providing insights into the classi
fication accuracy across different classes, including correct and incorrect 
predictions for each category (Fig. 10). The confusion matrix shows that 
the model misclassified only 14 out of 355 events, with 12 of these errors 
involving Class I and noise. This is expected, as several Class I examples 
contain significant noise.

We applied the trained model to the entire event dataset recorded by 
station S1, comprising 3455 events. In Fig. 11, the dots show the peak 
spectral frequency of each event over time, with the colour of the data 
points representing the event categories identified by the ML model. The 
category of the events according to the manual labeling are discrimi
nated with the different colors of the circles. Even though the frequency 
bands of the classes overlap, the CNN model is able to correctly predict 
the class in most cases. The prediction accuracy remains consistent over 
time, showing slightly better performance compared to k-means 
(Fig. 6a).

5. Discussions

We showed the application of k-means clustering in comparison with 
a supervised ML method for classification of microseismicity related to 
possible ground instabilities. The clustering was performed on the 
salient time- and frequency domain features of the events to describe the 
physical events. The performance of the supervised ML method, which 
was designed to classify both physical and non-physical (noise) events, 
was superior in comparison to the clustering algorithm. The ML model 
requires a good quality and representative training data set for accurate 
predictions. Nevertheless, once trained, it can process large datasets and 
classify events within seconds. The results of the two classification ap
proaches are shown in Fig. 12 in comparison with the meteorological 
parameters available for the site.

The temporal distribution, total number and cumulative curves of 
the events classified as class I show high similarity with both classifi
cation approaches. These events, potentially related to fracturing, in
crease as air temperature increases during the last two monitoring 
months. Their peak frequency is found to be driven by air temperature 
fluctuations, especially during the warmer months, as further proof of 
their natural origin as thermally driven fracturing events. Rainfalls 
cause sudden drops in the peak frequency trend of these events, which 

Fig. 7. Confusion matrix comparing the visual classification (true class) with k- 
means clustering classification (predicted class) of the subset of 100 
labeled events.
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are partially recovered a few weeks after the main precipitation events. 
In these time frames, the events classified as noise by both methods are 
found to significantly increase. This increase might be in line with a 
higher occurrence of electronic transients and raindrops detected in 
concomitance with intense precipitation. The cumulative curves related 

to noise show however a major discrepancy between the two classifi
cation methods in the last monitored month. This difference might be 
related to the criterium adopted within the clustering classification 
approach to deal with these events that were not represented by a cluster 
centroid but were declared based on a threshold on the distance to the 

Fig. 8. The real and synthetic spectrogram of the training data for class II, class III and noise events. (a, c, e) real examples. (b, d, f) synthetic examples created 
by SMOTE.

Fig. 9. (a) The loss and (b) accuracy during 766 full iterations of training.
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centroids of the three available classes. Since the events used for the 
clustering were selected in the first three monitoring months, it seems 
also reasonable that the features of the events keep evolving and varying 
with time. Their distances from the reference centroids are therefore 
expected to increase and might be the cause of their misclassification as 
noise events.

The events belonging to class II showed major differences according 
to the classification methods. It is clear from Fig. 12b and c that the 
frequency features play a major constraint in defining the class centroid 
location for the clustering approach, while these events showed more 
variations in the peak frequency according to the ML classification. 
According to the confusion matrices of Figs. 7 and 10, the temporal trend 
highlighted by the ML method appears more reliable. Interestingly, the 
major increases in the number of these events are found again in 
concomitance or after rainfall (Fig. 12d), thus supporting their inter
pretation as events related to sliding of shallow materials or water 
infiltration inside the rock mass at the top of the natural cave. The events 
related to class III showed a similar cumulative trend according to the 
two classification approaches, uncorrelated with the external meteoro
logical parameters. This behavior supports the interpretation of these 
events as earthquakes and local minor seismic events, not related to the 
evolution of the cave stability.

We further evaluated the CNN model by comparing its performance 
to two standard supervised machine learning algorithms that are 
random forest and XGboost. Table 3 summarizes the class-wise preci
sion, recall, and F1-scores for the CNN and the traditional supervised 

machine-learning classifiers (Random Forest and XGBoost) applied to 
the labeled data from December, January and February. For consistency, 
both Random Forest and XGBoost were trained using the same PCA- 
based features previously adopted for the k-means clustering, with 
Random Forest configured with 50 estimators and XGBoost using 50 
estimators and a maximum tree depth of 4. These we features as 
explained before were computed for physically realistic events, 
excluding the noise events. Overall, the CNN achieved the highest and 
most stable performance across all classes, with F1-scores exceeding 
0.87 for every category, including the noise class. In contrast, Random 
Forest and XGBoost show more variable behavior, particularly for class 
II, where both models exhibit a marked reduction in recall and F1-score. 
While traditional classifiers can reach high precision for some classes, 
this often comes at the expense of recall, leading to unbalanced per
formance under class imbalance. The CNN, by directly operating on 
spectrogram representations and learning task-specific features, main
tains a more balanced precision–recall trade-off across classes. These 
results confirm the superior robustness of the CNN in discriminating 
seismic event types in a small and highly imbalanced dataset.

Seasonal variability is a known characteristic of microseismic data 
and represents a potential source of bias when training machine- 
learning models on limited temporal windows. In this work, model 
training and hyperparameter tuning were necessarily restricted to 
winter data due to the six-month availability of labeled events, which 
constitutes a compromise motivated by the objective of developing a fast 
and operational early-warning workflow. To evaluate and validate the 
impact of seasonality, the trained CNN was applied to an unseen data 
from May, representing warmer seasonal conditions. The confusion 
matrix in Fig. 13 shows robust performance for the detection of 
fracturing-related microseismic events (Class I) and perfect identifica
tion of earthquake-related signals (Class III), while a reduced classifi
cation accuracy is observed for the remaining classes. This decrease is 
not unexpected given the seasonal shift in signal characteristics and the 
fact that these data were not used during training. Importantly, the 
overall estimation of fracturing activity remains sufficiently accurate for 
the intended early-warning application. These results highlight both the 
robustness of the proposed approach and the need for future extensions 
using multi-season and multi-site training data to further mitigate sea
sonal bias and reduce the risk of over-fitting on seasonally constrained 
datasets.

Given that the dataset was heavily imbalanced (Table 1), we applied 
the SMOTE method to balance the training data and reduce classifier 
bias toward majority classes. To assess the impact of SMOTE on model 
performance, Table 4 shows the CNN results without synthetic over
sampling. When SMOTE is not used, the model shows a noticeable 
degradation in performance for minority classes, where recall and F1- 
score decrease substantially. In contrast, the application of SMOTE re
sults in consistently high and well-balanced precision and recall across 
all classes, with only class II F1-scores below 0.9 (Table 3). This indicates 

Fig. 10. Confusion matrix, showing the performance of the trained model on 
the labeled dataset in discriminating class I, II, III and noise events.

Fig. 11. CNN clustering results on the training data shown as the evolution of the peak frequency of the events over time. In each plot the colors refer to the four 
considered classes (I in red, II in blue, III in green, noise in black), the circles refer to the original labels, while the dots refer to the clustering results. (For inter
pretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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that the observed improvements are not limited to synthetic samples but 

Fig. 12. (a) Hourly air temperature and rainfall data. Peak frequency of the different classes of events (class I in red, II in blue, III in green, noise in black) as obtained 
from (b) the k-means clustering and (c) machine learning classification approach. Cumulative curves (dashed lines for clustering, solid lines for the ML approach) 
referred to the number of events classified to (d) class I (red) and II (blue); (e) class III (green) and noise (black). (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.)

Table 3 
Class-wise precision, recall, and F1-scores for the proposed CNN model 
compared with Random Forest and XGBoost classifiers. Random Forest was 
trained with 50 estimators, while XGBoost used 50 estimators with a maximum 
tree depth of 4, both relying on the same features from PCA analysis.

Classes F1 Precision Recall

Proposed CNN model
I 0.98 0.99 0.96
II 0.87 0.8 0.95
III 0.99 1 0.97
Noise 0.9 0.85 0.95

Random forest
Classes F1 score Precision Recall
I 0.9 0.99 0.83
II 0.67 0.6 0.75
III 0.9 0.9 0.9

XGboost
Classes F1 score Precision Recall
I 0.92 0.86 1
II 0.33 0.5 0.25
III 0.86 0.82 0.9

Fig. 13. Confusion matrix, showing the performance of the trained model on 
the data from May in discriminating class I, II, III and noise events.
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translate into enhanced recognition of real minority-class instances. As 
SMOTE is applied in the spectrogram feature space rather than on raw 
waveforms, the generated samples represent interpolations of existing 
spectral patterns instead of physically reconstructed seismic signals, 
thereby reducing the risk of introducing unrealistic artifacts. While this 
approach does not model true physical variability, the results demon
strate that SMOTE provides an effective and practical solution for 
improving classification robustness in small and highly imbalanced 
datasets.

Epistemic uncertainty in predicting microseismic events is crucial for 
understanding the model's confidence in predicting the classes and for 
evaluating whether fine-tuning or model adjustments are needed over 
time. To quantify prediction uncertainty, Monte Carlo Dropout is used 
during inference. Dropout is kept active during prediction, and the 
model is run multiple times (1000 forward passes). The uncertainty is 
calculated as the standard deviation of the predicted probabilities across 
forward passes: 

Uncertainty =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N
∑N

i=1
(pi − p)2

√

(15) 

where p and pi are the average and individual probabilities. Fig. 14
shows the histograms of the obtained standard deviations for each 
prediction across the labeled and unlabeled dataset. In Fig. 14a, the 
misclassified samples from labeled data set are marked with asterisks, 
indicating their higher uncertainty levels compared to the distribution of 
the uncertainty. Notably, most of the misclassified events exhibit 
significantly elevated uncertainty (above 0.15), suggesting a clear 
relationship between high uncertainty and incorrect predictions. This 
demonstrates the model's ability to signal ambiguity in its classifica
tions, offering valuable insights for manual intervention and potential 
model fine-tuning.

In operational settings, we expect the overall distribution of 

predictive uncertainty to increase in the presence of changes in data 
characteristics, thereby acting as an indicator of model degradation and 
the potential need for fine-tuning with newly labeled data. Similarly, in 
the context of developing a more generalized model trained on data 
from multiple sites, uncertainty can serve as an effective metric to assess 
whether the model is suitable for handling data from unseen locations. 
When the CNN is applied to the entire dataset, the average standard 
deviation of the predictive distribution is 0.045 for class I, 0.27 for class 
II, 0.05 for class III, and 0.057 for noise events. The elevated uncertainty 
associated with class II is consistent with its higher variability and 
partial overlap with class I and noise, whereas the lower uncertainty 
observed for classes I, III, and noise indicates more stable and confident 
predictions. Overall, uncertainty estimation provides complementary 
information beyond standard performance metrics and enhances the 
interpretability and operational relevance of the proposed model.

6. Conclusions

We showed the application of two methods, k-means and CNN, for 
classifying microseismic events—an essential step toward developing 
effective, near real-time systems for failure detection in natural hazards 
such as landslides. The application to challenging data from the top of 
Bossea caves showed superior accuracy of the CNN method compared to 
k-means. This is mainly because supervised CNN method can capture 
complex patterns and relationships in the spectrograms of seismic sig
nals that might not be readily retrievable through clustering approaches, 
especially when the frequency-based features related to fracturing 
events overlap with other classes of events. Nevertheless, both k-means 
and CNN methods provided satisfactory results that showed strong 
correlation to the meteorological parameters available for the site. The 
epistemic uncertainty of the CNN model's predictions is estimated using 
the Monte Carlo Dropout inference approach. This provides valuable 
insight into the reliability of the results and can help highlight signifi
cant changes in the seismic response of the investigated site, as well as 
the potential need for model fine-tuning. In the future, we intend to 
expand the training dataset to include data from multiple locations and 
increase the number of event classes to improve the CNN model's 
generalizability, with the goal of achieving reliable performance even on 
data from previously unseen sites.
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