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Seismic activity in volcanic regions such as Campi Flegrei (Italy) provides essential insights into 
subsurface dynamics and potential hazards. However, high background noise and continuous data 
volume challenge event detection and classification. Here, we apply a Self-Organizing Map (SOM) 
approach, combined with Linear Predictive Coding (LPC), STA/LTA ratios, and Multiscale Entropy 
(MSE), to analyze single-station seismic data. The method successfully identifies uncatalogued 
events and anomalies associated with fumarolic tremor, and reveals temporal relationships between 
clustering variation, CO2 emissions, and rainfall, suggesting environmental modulation. To assess the 
real-time applicability, the trained SOM was used on independent data from early 2025, confirming its 
ability to detect tremor intensification and anticipate a major local earthquake (Md 4.4). These results 
highlight the potential of entropy-based unsupervised learning for rapid seismic characterization and 
continuous volcano monitoring.
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The Campi Flegrei volcanic complex, located in southern Italy, is a large, near-circular collapse caldera 
approximately 12 km in diameter, encompassing densely populated urban areas including Naples, Pozzuoli, and 
Cuma, with a combined population of over 2 million residents. Following its last eruption in 1538 (Monte Nuovo 
eruption), Campi Flegrei underwent centuries of subsidence. However, since the 1950s, the caldera has displayed 
episodic unrest, marked by significant ground uplift, seismic activity, and geochemical changes1. Major uplift 
episodes occurred from 1968 to 1972 and from 1982 to 1985, the latter accompanied by approximately 16,000 
earthquakes2,3. Although the 1990s brought a period of relative calm, seismicity, ground deformation, and 
degassing activity resumed in the early 2000s, indicating renewed volcanic activity4,5. In response to increasing 
deformation and seismic activity, the Italian Civil Protection raised the alert level of Campi Flegrei to “yellow” in 
December 2012, signaling an elevated monitoring status due to the potential for heightened volcanic hazards6. 
Since 2014, additional ground uplift, shallow seismic events, and increased CO2 emissions from hydrothermal 
sites such as Pisciarelli and Solfatara have underscored the caldera’s persistent unrest7. Among these indicators, 
the Pisciarelli hydrothermal area has shown the most pronounced changes, with the formation of new fumarolic 
vents and increased shallow seismicity. In 2010, to better monitor these changes, a seismic station was installed 
near the main fumarole to continuously record fumarolic tremor, which has proven valuable as a proxy for 
hydrothermal fluid dynamics and CO2 emissions8. In the past two years, the Campi Flegrei caldera has seen an 
increase in seismic activity, with a total of 9146 seismic events9. These include both low-magnitude earthquakes 
with duration magnitude (Md) larger than 0 and shallow seismic swarms primarily concentrated beneath the 
Solfatara and Pisciarelli areas10. Since early 2024, 73 seismic swarms have been recorded. Two notable swarms 
occurred in February 2025 and March 2025. The February swarm was characterized by more than 1000 events 
occurring in five days (February 15–19), while the March 2025 swarm comprised 66 events, including the 
largest magnitude earthquake, Md 4.6, ever recorded in the area. This activity correlates with ongoing ground 
deformation that reached about 140 cm since 2005, and increased degassing (about 5kton CO2 per day), further 
highlighting the persistent unrest within the caldera. To enhance the efficiency of volcano monitoring systems, 
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it is increasingly necessary to complement traditional techniques—carried out by expert operators—with 
artificial intelligence-based approaches. These advanced methods can provide fast and accurate identification 
of various types of events, such as low-energy phreatic explosions, long-period earthquakes, landslides, and 
volcanic tremor. The integration of artificial intelligence (AI) into monitoring workflows has the potential to 
improve the timely detection of signals that may indicate a change in the state of the volcano, thus supporting 
risk mitigation actions related to both volcanic and seismic hazards, being the latter of main concern during 
bradiseismic crisis11. Supervised and unsupervised machine learning methodologies are being applied in 
highly hazardous tectonic and induced seismic areas12 and volcanoes for detection, analysis, and interpretation 
of complex patterns. Supervised methodologies, such as convolutional neural networks (CNNs), have been 
used for automatic seismic event classification and P-wave detection, yielding high accuracy in discriminating 
between noise and events13,14. Unsupervised approaches, such as clustering via Self-Organizing Maps (SOMs) 
or Gaussian Mixture Models (GMMs), have proven effective for detecting anomalies and uncovering patterns 
in volcanic tremor and seismic signals15,16. One of the main challenges in monitoring the Campi Flegrei area is 
the fast and reliable automatic classification of seismic signals. As mentioned above, the Campi Flegrei area is 
mainly characterized by low-energy shallow seismicity, often occurring as seismic swarms, localized in restricted 
areas of the caldera and poorly observable by all the stations of the seismic monitoring network, also due to the 
high background noise. For this reason, in some cases, using a small number of seismic stations to characterize 
such events is unavoidable. This restrictive aspect directs the research activity towards the development of new 
methodologies of analysis based on a reduced number of seismic signals. The proposed study has the potential 
to contribute to increasingly rapid and accurate identification of relevant events in noisy time series, addressing 
these challenges and enhancing monitoring capabilities. We propose a combination of an unsupervised neural 
network and different data encoding techniques to distinguish between seismic noise and seismic transients 
in continuous data collected from a single station located within the Pisciarelli hydrothermal area, utilizing 
distinct feature-based encoding to improve classification. A central aspect of our study is the use of Multiscale 
Entropy (MSE) for features’ extraction. Originally designed to analyze physiological and biological signals17,18, 
the Multiscale Entropy quantifies the information content of a signal across multiple time scales. Here, we 
demonstrate its strong potential as a feature for characterizing seismic signals. We develop a strategy based on 
Self-Organizing Maps (SOMs), an unsupervised learning technique that facilitates visualization and clustering 
of complex datasets while preserving their topological relationships.

Results and discussion
Study area, dataset treatment and learning strategy
The present study focuses on the Pisciarelli hydrothermal area within the Campi Flegrei caldera (Fig. 1), a highly 
active volcanic region in southern Italy, characterized by intense degassing, shallow seismicity, and frequent 
hydrothermal activity. In 2023, the Campi Flegrei area experienced intense seismic activity, peaking between 
August and September. Throughout 2023, continuous seismic data were recorded by the temporary station V0102, 
operated by the Istituto Nazionale di Geofisica e Vulcanologia (INGV-Osservatorio Vesuviano) and located about 
50 meters from the Pisciarelli fumarole. Moreover, RSAM at V0102 exhibited a marked increase in September 
(Fig. S1). To build the dataset employed for the analysis, the vertical component of the continuous recording 
was segmented into non-overlapping 1-minute windows. Each window contains 12,000 samples for V0102. The 
choice of a 1-minute window for segmenting the continuous recordings, also adopted in the work of Esposito et 
al.20, represents a suitable compromise, balancing the characteristic time scales of various phenomena such as 
fumarolic tremors, individual seismic events, and seismic swarms. In this work, only the vertical component of 
the recording is utilized, since the characteristic tremor of the fumarole is mainly polarized along this direction8. 
The resulting dataset spans from June 9 to November 12, 2023, yielding 224,640 waveform segments for V0102 
alone. Additional datasets were collected from two nearby temporary stations, PESG and RENG, located about 
500-600 meters from the fumarole-mud pool system. The same segmentation procedure was applied to the PESG 
and RENG data, covering slightly different but still overlapping time periods due to distinct operational timelines. 
Finally, data recorded between January and May 2025 from the CPIS seismic station located near the Pisciarelli 
mud pool were utilized to assess the efficacy of the SOM map that was trained on V0102 data. This map was 
evaluated on a novel dataset that had not been previously observed but was recorded in close proximity (about 
20 meters away). The analysis approach relies on extracting features that capture different characteristics of the 
1-minute waveforms. We used three complementary coding techniques: Linear Prediction Coding (LPC), which 
encodes the envelope of the spectrum of the waveform using the calculated coefficients; Short-Time Average 
to Long-Time Average (STA/LTA), which highlights transient amplitude variations; and Multiscale Entropy 
(MSE), a metric originally developed for physiological signal analysis17 that quantifies signal complexity across 
multiple temporal scales. Each encoding yields a feature vector representing the seismic signal in a compact, 
information-rich form suitable for unsupervised machine learning analysis. The encoded datasets, composed of 
feature vectors derived from each 1-minute waveform, are employed to train Self-Organizing Maps (SOMs), an 
unsupervised neural network algorithm designed for clustering and visualization of high-dimensional data. This 
technique provides a compact yet powerful tool to explore the variability within the seismic recordings collected 
at Pisciarelli, as we aim to identify recurrent patterns in the seismic waveforms, detect seismic events, and 
isolate anomalous recordings. Figure 2 provides a summary overview of the adopted strategy. Panel (a) shows 
an example of a 15-minute-long continuous waveform. The first step of the preprocessing consists in segmenting 
the continuous waveform into 1-minute windows, as indicated by the red box. Each segmented waveform is 
then translated into three types of features, shown in panel (b): Linear Prediction Coefficients (LPC), STA/LTA 
ratio, and Multiscale Entropy (MSE). Finally, as shown in panel (c), the extracted features are used to train the 
Self-Organizing Map (SOM), which performs unsupervised clustering of the input vectors. The resulting map is 
analyzed to compute a clustering index, which highlights temporal variations in the similarity of signal features 
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throughout the observation period. To compare and validate detected seismic events, we refer to the INGV 
seismic catalogue10, which covers the study period reporting 2,028 earthquakes occurring in the area confined 
within latitudes 40.797–40.840 and longitudes 14.083–14.170. These events exhibit duration magnitudes from 
−0.76 to 4.2, and depths between 0.18 km and 4.5 km. Environmental data, including daily rainfall (from the 
San Marcellino meteorological station), temperature, and CO2 flux measurements at Pisciarelli, were integrated 
in the analysis to explore potential relationships with seismic activity. Although the meteorological station is 
located about 10 km from V0102, recent studies confirm the validity of its rainfall data for the Pisciarelli site21.

Change in the functionality of the V0102 seismic station
The first SOM network is trained using input vectors consisting of 40 points representing the 40 coefficients 
computed using the LPC algorithm. A SOM map with 4 × 4 units or nodes, each displayed as a hexagon, was 

Fig. 1.  Study area and monitoring stations in the Campi Flegrei (Italy) caldera. (a) Map of seismic events 
recorded in the Campi Flegrei area, color-coded by hypocentral depth. (b) Zoomed view of the Pisciarelli 
sector and location of the seismic stations used in the analysis: V0102, CPIS (both near the fumarole), PESG, 
and RENG. (c) Field photograph of the Pisciarelli fumarole and associated mud pool, showing the highly active 
hydrothermal system. Topographic data are based on the digital terrain model from Vilardo et al.19. The figure 
was created using commercial software Surfer version 22 (Golden Software, LLC) ​(​h​t​t​p​s​:​/​/​w​w​w​.​g​o​l​d​e​n​s​o​f​t​w​a​r​e​
.​c​o​m​/​p​r​o​d​u​c​t​s​/​s​u​r​f​e​r​)​.​​​​
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used for clustering the V0102 dataset. The sizes of the blue hexagons in Fig. 3a represent the number of 1-minute 
traces that fall into each node. These are called node hits. Traces that fall into the same node form a family. 
We have individually analyzed all families corresponding to the 16 SOM nodes and, for each, we focus on the 
temporal histograms of the cumulative number of events per day, as shown in Fig. 3b.

The black vertical lines in each temporal histogram of Fig. 3b mark two pivotal days: June 18 and July 18, 
2023. The clear separation in the temporal distribution of the recorded waveforms suggested by the SOM map 

Fig. 3.  (a) The 4 × 4 SOM trained using 40 LPC coefficients as encoding features. Each hexagon represents a 
node of the map, and the corresponding number represents the number of waveforms that fall in each node. 
The size of the colored hexagons scales with the number of waveforms that fall in each node; (b) distribution of 
waveforms throughout the days of analysis for each map node. The height of the columns indicates the number 
of signals recorded on a specific day that fall into the node of the map. The two black vertical lines indicate June 
18 and July 18.

 

Fig. 2.  Summary of the adopted processing workflow, integrating data preprocessing, feature extraction, 
and unsupervised clustering via Self-Organizing Maps (SOMs). (a) An example of a 15-minute continuous 
waveform recorded at V0102 station is shown, from which individual 1-minute windows are extracted 
(highlighted in the red box). (b) For each 1-minute waveform, three features are computed: Linear Prediction 
Coefficients (LPC), STA/LTA ratio, and Multiscale Entropy. These features were selected to capture the spectral, 
energy, and signal complexity, respectively. (c) The extracted features are used to construct the input vectors for 
the SOM training. The resulting SOM map (top) illustrates the organization and density of similar waveform 
patterns, while the clustering index (bottom) quantifies the temporal variations in the feature distribution.
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highlights an unexpected division of the waveforms into two periods: the timespan between June 18 and July 
18, whose waveforms are collected in the bottom right node of the map, and the period outside this interval. 
Subsequent visual inspection, guided by SOM clustering results, revealed the presence of anomalous waveforms 
on the key dates of June 18 and July 18. The characteristics of these signals suggest a possible anthropogenic 
origin, potentially linked to human activities such as infrastructure operations or other external disturbances. 
Further investigation confirmed that a station malfunction occurred on June 18 that was subsequently repaired 
on July 18. These occurrences, highlighted by unsupervised learning, underscore the utility of the technique in 
distinguishing recording differences and evaluating dataset quality.

Uncatalogued seismic events detection
Using LPC coefficients as input features proved to be effective in isolating outliers in the dataset, but no other 
significant clusters were observed. The STA/LTA ratio, on the other hand, is well-known in seismic monitoring as 
one of the main tools for seismic event detection. Finally, MSE carries information about waveform complexity, 
which is a less commonly estimated parameter for waveforms in seismic monitoring. The second self-organizing 
map training aims to evaluate the effectiveness of using both STA/LTA and MSE values simultaneously as input 
features, with the goal of proving that the two measures, when coupled, carry complementary information that 
can improve the dataset analysis. Each 1-minute waveform is encoded using 60 STA/LTA values and 20 MSE 
values. This analysis spans from July 20 to November 12, post-maintenance of the seismic station V0102 (on 
July 18). The size of the map, shown in Fig. 4, is set to 6 × 6 nodes, allowing data to be more widely distributed 
in the map.

Post-training analysis revealed a distinct region on the SOM map, where a group of nodes in the upper right 
corner displayed larger inter-node distances compared to the rest of the map, as indicated by the darker-colored 
hexagons in Fig. 4b. To better understand the relationships between nodes, we applied Ward’s hierarchical 
clustering to the SOM prototypes22. The resulting clusters (Fig. S2a) were spatially compact, reflecting the 
consistency of the learned topological structure and confirming that similar nodes were effectively grouped 
in close proximity by the SOM. Two clusters highlight the nodes in the upper right corner, with the single 
node in the corner forming a separate cluster by itself. To quantify the clustering quality, we computed the 
silhouette score23, which ranges from -1 to 1 and measures how well each data point fits within its assigned 
cluster. Values near 1 denote well-separated, cohesive clusters, while values near -1 indicate poor assignment. 
The accompanying silhouette plot (Fig. S2b) illustrates the clustering structure. The resulting silhouette score 
of s = 0.453 indicates good cluster cohesion and separation, supporting the robustness of the unsupervised 
strategy. Finally, to evaluate the effectiveness of the SOM map in identifying seismic events, we computed, for 
each node, the percentage of data corresponding to earthquakes reported in the revised INGV catalogue10. As 
depicted in Fig. 4c, the nodes in the upper right corner of the map contain a high percentage of earthquakes 
recorded during the analyzed period, highlighting the potential of the SOM map for event detection applications. 
Nodes in cluster C1 of Figure S2a exhibit the largest percentage. Notably, the data associated with node of event 
cluster C1 include some uncatalogued seismic events (Figs. 4d and S3a).

Daily clustering variation
The SOM map algorithm is advantageous in that it allows for the projection of only a portion of the dataset or an 
entire new dataset onto the trained map. Thus, it is possible to exhibit the distribution of each day’s recordings 
on the map and to search for a potential connection between daily seismic activity and environmental factors. 
Figure 5 shows data from three days of analysis projected on the entire SOM map, while Figure S4 shows the 
distribution of waveforms throughout the days of analysis for each map node, color-coded by month of analysis. 
In the present study, we quantify the narrowness of the distribution of single-day hits on the map, around the 
node with the maximum number of single-day hits. Starting from the projection of the waveforms of a single 
day on the SOM map, we define a clustering index I which measures how tightly clustered the single-day hits 
are on the map (more details in “Methods”). A clustering index of 1 indicates that the recordings for a single 
day are grouped in one node, while if the recordings are uniformly distributed across all nodes of the map, the 
clustering index value is 0.

The bar chart shown in Fig. 6b represents the daily variation of the clustering index for the analyzed period. 
The plot shows four main peaks in the period from July 20 to October 21, followed by a quite uniform increase 
in the following period. The comparison of the distribution of the clustering index with the rainfall shown in 
Fig. 6a suggests a possible relationship between the two parameters. The observed co-variation can be explained 
by taking into account the proximity of the analyzed station to the Pisciarelli fumarolic-mud pool, which is 
characterized by peculiar fumarolic tremors whose amplitude has been connected to the degassing of the 
fumarole-mud pool system1. This is confirmed by the plot of the CO2 flux daily variation shown in Fig. 6d. A 
similar plot, also comparing fumarole temperature with the collected data and trends, is shown in Fig. S5.

Nodes that correspond to the highest clustering peaks are highlighted in Fig. 7 with a specific colour for 
each month. A closer inspection of the waveforms collected in the marked nodes reveals the presence of the 
fumarolic tremor (Fig. S3C). Interestingly, the map shows that clustering occurrences in August, October, and 
November are nearby, but September’s cluster is in a different area of the map, which suggests that the recordings 
of fumarolic tremors might be triggered by or related to different phenomena in the area. It must be noted that 
the clustering of fumarolic tremors in the map is driven by the Multiscale Entropy values, thus suggesting that 
complexity over different time scales can be a piece of valuable information to extract from seismic waveforms 
to properly characterize such signals, typical of the fumarole-mud pool system.
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Fig. 5.  Projection of the seismic signals recorded on September 6, September 12, and September 24 on the 6 × 
6 SOM Map, from left to right. The corresponding clustering index I is 0.22, 0.09, and 0.95, respectively.

 

Fig. 4.  The 6 × 6 SOM trained using STA/LTA ratio and Multiscale Entropy as encoding features for seismic 
waveforms of the restricted Dataset (July 20 – November 12). (a) Hits on the 6 × 6 map. Each hexagon 
represents a node of the map. The size of the colored hexagons scale with the number of traces that fall in 
each node. (b) Normalized euclidean distances between prototypes of nodes in the SOM map. The colorbar 
indicates that greater distances are associated with darker colors. (c) Hits of the 1-min signals containing a 
catalogued event in the 6 × 6 map; (d) Pie charts for each node showing the percentage of catalogue events to 
the total number of waveforms in the node at the top of the graph.
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SOM-based analysis and clustering evolution for PESG and RENG datasets
A similar SOM-based protocol was followed for the analysis of the seismic datasets recorded by the PESG and 
RENG seismic stations, respectively. The employed PESG dataset was recorded from July 20, 2023, to October 
24, 2023, while the RENG spans from August 25 to October 20. The daily evolution of the clustering index for 
the PESG dataset did not exhibit any significant peaks, as shown in Fig. 8. The clustering index did not exceed the 
value of 0.3 for any day of the analysis, indicating the absence of notable clusters on the SOM map. On the other 

Fig. 7.  Hits on the 6 × 6 map. Each hexagon represents a node of the map. The size of the coloured hexagons 
scales with the number of traces that fall in each node. The nodes in a different colour than yellow emphasize 
the existence of a high clustering index (larger than 0.6) in a certain month: hot pink is for August, green is for 
September, and orange is for October and November.

 

Fig. 6.  Four bar charts comparing rainfall millimeters, clustering index of the map, and the daily number of 
seismic events reported in the catalogue, along with measurements of CO2 flux (measured in g/(d m2)) during 
the days of analysis for the V0102 seismic station dataset.
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hand, the daily clustering variation computed for the RENG dataset exhibited a peak on September 24, as shown 
in Fig. 9. A comparable peak is also evident in the V0102 seismic analysis for the same day (see Fig. 6), hinting 
at the capacity of the RENG seismic station to effectively record fumarolic tremor data. However, it should be 
noted that the temporal coverage of the RENG dataset is limited, and a more in-depth analysis will require a 
larger dataset. The difference between the two results, specifically the absence of a fumarolic tremor-cluster 
in the PESG map, may be attributed to several factors. These include the relative distance from the fumarole-
mud pool system (approximately 600 meters from the PESG station and 500 meters from the RENG station), 
given that the fumarolic tremor phenomenon is highly localized and the signal attenuates very quickly with the 
distance1. Additionally, differences in wave propagation paths and sensor installation conditions (buried sensor 
not too close to sources of anthropogenic noise (RENG) vs sensor installed on the floor in a house (PESG)) may 
contribute to the discrepancies observed.

Real-time application potential: insights from the CPIS dataset (Jan–May 2025)
To further validate the application potential of the proposed technique, we projected new data recorded from 
January to May 2025 onto the SOM map trained on V0102 data from July 20, 2023, to November 12, 2023. Since 
the V0102 station was not operational in 2025, we used data from the nearby CPIS station instead. This period 
is of particular interest because it coincided with a peak in hydrothermal degassing accompanied by a CO2 flux, 
along with a temperature increase recorded in the Pisciarelli area. These phenomena are reflected in the signal 
as a progressive increase in RSAM during the same period. Since the V0102 waveforms were sampled at 200 Hz 
and the CPIS waveforms at 100 Hz, the V0102 data were downsampled to 100 Hz before training the SOM map. 
We then repeated the procedure previously performed on the V0102 dataset using the downsampled signals. 
This approach ensures consistency between datasets and enables the projection of new CPIS signals onto the 
map trained on V0102 data. We verified that both the SOM map and the clustering index remained substantially 
unchanged after variation in the sampling rate. This is because the input vectors of the SOM are not significantly 
influenced by frequency components above 50 Hz (the Nyquist frequency for 100 Hz sampling) due to strong 
attenuation at higher frequencies. This comparison is shown in Figure S6. Therefore, we used the map developed 
from the downsampled V0102 data recorded in 2023 to analyze the 2025 data from the CPIS station, without an 
additional training phase. Figure 10 presents the results of the analysis, where the blue bars indicate the clustering 
index computed for the CPIS data projected onto the V0102 map. Unlike in the previously analyzed periods, 
there is no evident co-variation between the clustering index and rainfall, as shown. The most interesting result 
is that the high clustering index values that persist nearly without interruption from early April to May 13, 2025, 
occur concurrently with the significant, continuous rise in RSAM values during this period. These values also 
reflect persistently elevated maximum temperatures and increased hydrothermal tremor activity. This pattern 

Fig. 8.  Four bar charts comparing rainfall millimeters, clustering index of the map, the daily number of 
seismic events reported in the catalogue, and the measurements of CO2 flux during the days of analysis for the 
PESG seismic station dataset.
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Fig. 10.  Variation in the clustering index and RSAM from CPIS station seismic data (Jan–May 2025). Daily 
values of the clustering index (blue bars) and RSAM (green line) were computed from CPIS station data after 
projection onto the SOM map, which was trained using the V0102 signals. Also shown are daily fumarole 
temperature (brick-red line) and daily rainfall (orange bars). The clustering index shows a persistent increase 
from April to mid-May 2025 that follows the RSAM trend, which reflects rising hydrothermal tremor activity. 
This pattern suggests an intensification of degassing and seismic signal complexity during this period. On May 
13, 2025, the Md 4.4 event, marked by the star, followed a sharp decrease in both RSAM and clustering index.

 

Fig. 9.  Four bar charts comparing rainfall millimeters, clustering index of the map, the daily number of 
seismic events reported in the catalogue, and the measurements of CO2 flux during the days of analysis for the 
RENG seismic station dataset.
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indicates an intensification of degassing and greater complexity of seismic signals during this timespan. Finally, 
it is worth noting that the implemented algorithm was able to collect the Md 4.4 event that occurred on 2025-05-
13 at 10:07:44.91 in the event cluster. The event was located near the port of Pozzuoli, approximately 3 km from 
the CPIS station, and occurred right after a sharp decrease of the RSAM value toward the background value.

Conclusions
This study aims to assess the efficacy of employing the Self-Organizing Map (SOM), an unsupervised machine 
learning algorithm, and distinct data encoding methodologies for the analysis of continuous, large, and complex 
seismic datasets, such as those from the Campi Flegrei volcanic complex. Unsupervised machine learning 
techniques can be instrumental in identifying and classifying significant seismic transients, distinguishing 
them from background noise efficiently and reliably. This approach allows for a simplified visualization of large 
datasets and effective clustering that preserves the topological relationships of the original dataset. Furthermore, 
another advantage of the method lies in its single-station applicability, which makes it particularly valuable in 
settings where the installation of a seismic network is not feasible. By employing various encoding features, 
including Linear Predictive Coding (LPC) coefficients, STA/LTA ratio, and Multiscale Entropy (MSE) values, 
this study evaluates the use of the SOM for seismic dataset exploration and characterization. The application of 
the SOM algorithm on waveforms encoded using LPC coefficients revealed hidden anomalies in the dataset (Jun 
9–Nov 12), underscoring the utility and usefulness of this technique in detecting significant variations within 
seismic data. The joint application of STA/LTA and Multiscale Entropy for data preprocessing on the restricted 
dataset (Jul 20–Nov 12) has resulted in the clustering of catalogued events and the subsequent recognition of 
uncatalogued seismic events, thereby demonstrating the efficacy of such protocol in seismic monitoring and 
analysis in sensitive areas. By using this protocol, seismic waveforms that require further investigation can be 
isolated and analyzed, providing valuable insight for local seismicity characterization. Moreover, the study of 
the daily clustering variations indicates the presence of analogous peaks in values for clustering index, CO2 
emissions, and precipitation in the Campi Flegrei caldera, suggesting that environmental factors can influence 
fumarolic seismic activity. Multiscale Entropy was demonstrated to be effective in capturing changes in seismic 
waveforms during fumarolic tremor episodes, opening the way for further investigation to confirm the potential 
of such analysis on seismic waveforms. Originally developed for physiological signal processing, such as 
electroencephalogram (EEG) and electrocardiogram (ECG) data, MSE’s ability to detect waveform changes in 
a complex setting like the Campi Flegrei caldera highlights its versatility and suggests promising applicability 
in other volcanic contexts. The same protocol was applied to seismic datasets recorded in a similar period from 
different stations, which demonstrated that the proximity of the station to the fumarole-mud pool system is 
a major factor to consider in order to have a proper and efficient clustering of the fumarolic tremor. The final 
experiment involved the projection of data recorded by the CPIS station between January and May 2025 onto 
a map that had been trained on the V0102 dataset from July to November 2023. This process necessitated the 
downsampling of the signals. In this case, no significant association with rainfall was observed. However, a 
continuous and steady increase in the clustering index between April and May 2025 was noted, which was 
temporally aligned with a steady increase in RSAM over the aforementioned period. This finding indicates the 
activation of clustering behavior of the map in the occurrence of hydrothermal degassing along with temperature 
increase recorded in the Pisciarelli area.

Methods
Dataset
The primary dataset used in this study includes continuous recordings from June 9th to November 12th, 2023 
acquired at the V0102 temporary seismic station operated by the Istituto Nazionale di Geofisica e Vulcanologia, 
Osservatorio Vesuviano, (OV-INGV). The station is equipped with a TELLUS Lunitek short-period sensor and 
a 6-channel ATLAS C Lunitek datalogger, with a sampling frequency of 200 Hz. We also utilized recordings of 
two close stand-alone seismic stations, PESG and RENG, that are equipped with a Guralp CMG-40T broad-
band sensor and a Marslite datalogger, with a sampling frequency of 125 Hz. These two stations are located in 
the Agnano-Pisciarelli area, about 500 m away from the fumarole-mud pool system, as well as recordings from 
January to May 2025 of the CPIS seismic station, equipped with a GURALP CMG-40T-60S broadband, with 
a sampling rate of 100Hz, located about 20 meters away from V0102 old location. The analysis was limited to 
the vertical component of the recorded signals, as the tremor near the Pisciarelli fumarole is predominantly 
polarized along this component8. To validate the events identified through the analysis of 1-min windows using 
the technique proposed in this work, we utilized the INGV seismic catalogue. The catalogue covers the study 
period and includes 2,028 earthquakes with duration magnitude ranging from -0.76 to 4.2, depths between 
0.18 km and 4.5 km, and locations within latitudes [40.797 − 40.840] and longitudes [14.083 − 14.170]. The 
average, minimum, and maximum daily temperature of the Caldera, the daily CO2 emissions measured at the 
station FLXOV824 (Pisciarelli), and the daily rainfall catalogue produced by the Meteorological Observatory 
of San Marcellino are made available. It should be noted that although the Meteorological Observatory of 
San Marcellino is located 10 km E from the seismic station V0102, the rainfall data can be taken as valid for 
comparison21.

Data preparation
The continuous seismic recording acquired at the V0102 temporary seismic station was divided into 1-min 
windows, each containing 12,000 samples. Segmenting the data into 1-min windows offers a practical balance 
across the time scales of key seismic phenomena, such as fumarolic tremors or seismic events. For events with 
a shorter duration, the feature extraction process subdivides the waveform into smaller windows to ensure 
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adequate temporal resolution. Conversely, clustering metrics can capture persistent patterns that extend over 
an entire day of recordings for longer-lasting phenomena. Since the data from August 30th is missing, the total 
analysis period is 156 days. This approach yielded 224,640 seismic traces (156 days × 1440 traces per day), 
forming the dataset. Examples of two 1-minute windows are presented in Fig. S7. The same segmentation 
approach has been applied to generate the datasets for the PESG, RENG, and CPIS station recordings. The 
adopted approach can be summarized in the following steps: first, the continuous recording is segmented into 
one-minute waveforms; second, each waveform is converted into a vector of features that encodes its main 
characteristics (feature extraction); finally, the SOM algorithm is applied to the dataset with the features’ vector 
as input to effectively distinguish different seismic transients within the dataset. The described workflow is 
shown in Fig. 2. The implementation of the proposed approach involves the application and testing of multiple 
feature extraction techniques. Feature extraction plays a crucial role in filtering out irrelevant information, 
reducing data dimensionality, and creating a compact, robust signal representation. To this aim, a tailored 
feature extraction methodology was implemented to emphasize key aspects of waveform complexity, spectral 
content, and temporal dynamics, ensuring robust clustering and meaningful insights into the fumarolic tremor 
characteristics. As features, we use the standard Linear Prediction Coding (LPC) coefficients to compactly 
encode the spectral content, the classic STA/LTA ratio to track amplitude fluctuations across consecutive moving 
time windows, and we leverage a promising feature, Multiscale Entropy, which evaluates the complexity of time 
series across different time scales. The following sections provide insights into each selected encoding feature.

Feature extraction
Linear prediction coding
The signal spectral content is described by the coefficients of the Linear Prediction Coding algorithm (LPC)25,26. 
Techniques based on the LPC algorithm are widely used in speech analysis to encode words27,28. Still, they 
are applied in several other scenarios, as a method for efficient seismic data encoding for neural network 
classification procedure at Mt. Vesuvius and Stromboli volcano29,30 or for reducing the amount of data storage 
requirements for signals collected at ocean-bottom sismometers31. The idea is to estimate future values of a time 
series based on its past values, assuming that the current value in a temporal sequence can be approximated 
as a linear combination of the previous ones. The method aims to determine a set of coefficients that best fit 
the historical data, minimizing the least squares error. The inferred coefficients are then used to predict future 
data points by multiplying them by the corresponding past values and summing the results. Hence, the LPC 
algorithm coefficients can be used to encode the signal, providing information on its spectrum. The number of 
coefficients used to encode each signal was selected based on an analysis of the residual prediction error curves, 
which flatten progressively as the number of coefficients increases (see Fig. S8). The result suggests that adding 
more than 40 coefficients provides little gain in predictive accuracy. For this reason, 40 coefficients were chosen 
to encode each signal. Figure S9 shows the coefficients of the LPC algorithm for a trial seismic signal, as well as 
the comparison between the amplitude spectrum and its spectral envelope, computed using the LPC coefficients.

STA/LTA
Short-time Average over Long-time Average ratio (STA/LTA) is a well-assessed classical method to detect 
earthquakes in continuous seismic recordings32. The aim is to calculate the average values of the absolute 
amplitude of the seismic signal across two moving temporal windows with different lengths. Short-Time Average 
(STA) is sensitive to seismic events or sudden variations. At the same time, Long-Time Average (LTA) provides 
information on the evolution of the seismic amplitude trend over time. Following a testing phase, we chose 
a short-time window of 1s and a long-time window of 30s, which are reasonable values for local earthquake 
detection33. This choice also increases the chance of avoiding false triggers in an area characterized by high 
anthropic noise32. We obtained 60 values, one associated with each 1s-long window within each seismic trace, 
representing the evolution of the STA/LTA ratio. Additionally, the STA/LTA values are sorted in descending 
order to prevent the occurrence of unwanted information about the specific moment of the event’s occurrence. 
The procedure is shown in Fig. S10.

Multiscale entropy
The multiscale entropy (MSE) method was originally introduced by Costa et al. (2002)17 to analyze and 
characterize electrocardiogram (ECG) recordings18,34. Unlike other features that compress information related 
to waveform amplitude or frequency spectrum, multiscale entropy focuses on time series complexity. Time 
series complexity refers to significant, informative structures within the data, such as relevant correlations or 
dynamics35. Traditional analysis methods search for regularity, which is identified as repeated patterns within 
the series. However, methods like multiscale entropy (MSE) focus on comparing different complexity levels of 
the time series. As an example, the MSE algorithm assesses both completely deterministic and random signals 
by applying entropy measures across various time scales, revealing that neither type is complex. To perform 
a multiscale entropy analysis, for each discrete seismic signal x1, ..., xi, ..., xN  we apply a coarse-graining 
approach to obtain a simplified, shorter time series y(τ) corresponding to a scale factor τ :

	
y

(τ)
j = 1

τ

jτ∑
i=(j−1)τ+1

xi, 1 ≤ j ≤ N

τ
� (1)

Subsequently, we perform an entropy measure of the time series y(τ) for each time scale τ . The entropy measure 
is the Sample Entropy  (SE)36, and it is a measure of the likelihood that sequences similar within a certain 
tolerance remain similar when extended. More precisely, it is defined as:
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SE(m) = − ln

(
Um+1

Um

)
� (2)

which is the negative natural logarithm of the conditional probability that two sequences, which are similar for 
m consecutive points, remain similar when one more point is added within a tolerance of r. As in the work of 
Costa et al.(2005)18, here we use m = 2 and a tolerance of r = 0.15, where r is considered as a percentage of 
the original time series’ standard deviation, and therefore remains constant for all scales. MSE values computed 
across multiple temporal scales are used to encode the original signals. Increasing the number of scale points 
in MSE captures signal complexity at progressively coarser temporal scales. In our analysis, Multiscale Entropy 
was computed over 20 scales, corresponding to a maximum coarse-graining window of 100 milliseconds (ms) 
for the V0102 recording, which was sampled at 200Hz. To assess the robustness of this choice, we retrained the 
SOM using different values of MSE scale points. We observed no critical dependence of the key results, such as 
the daily clustering index and event-to-node distributions, on this parameter. An example of an MSE vector is 
shown in Figure S11.

Self-Organizing Map
The Self-Organizing Map (SOM)37–39 is an unsupervised machine learning method well-suited for the 
visualization and exploration of large datasets. It clusters similar data and displays them on a low-dimensional 
grid while preserving their topological relationship. Unlike traditional clustering methods, such as k-means or 
hierarchical clustering, which require extensive pairwise comparisons and become computationally expensive as 
the dataset size grows, the Self-Organizing Map (SOM) scales linearly with the number of samples and requires 
minimal memory. This makes the SOM well-suited for exploring large datasets. The method has been applied 
in different fields, ranging from applications in data visualization40 and telecommunication41 to economics42 
and medicine43. A comprehensive collection of papers related to the Self-Organizing Map (SOM) is compiled 
in the work of Polla et al.(2009)44. In Geophysics, it has been widely applied to characterize the seismicity of 
volcanic areas, by detecting changes in the eruptive style of Stromboli volcano45,46 or distinguishing the typical 
fumarolic tremor in a continuously recorded dataset at Campi Flegrei20. Each node of the SOM map is associated 
with a model or prototype, which is a vector computed as the mean of the nearest encoded signals, and the 
model is updated during the training process. For an efficient and meaningful application of the SOM algorithm, 
data preprocessing is required to extract the essential features for each trace, remove unnecessary or unwanted 
information, and reduce data size. Identifying the correct features to extract from the seismic signals is critical, 
as it affects the clustering we obtain from the SOM map. We have chosen to extract the three features discussed 
above from each 1-minute window. Each feature represents a different aspect of the seismic waveform: spectral 
content, amplitude variation, and complexity. Additionally, LPC and MSE values are standardized component-
wise (to zero mean and unit variance) to ensure uniform weighting across all features during training. This 
standardization step is not applied to STA/LTA, as its information is encoded in a sequence of values sorted in 
descending order, and altering their relative scale would distort this structure. It is worth noting that all three 
features used in the input vectors share the same order of magnitude, so there is no concern regarding unbalanced 
weighting among them. The method was implemented in MATLAB, using the Deep Learning Toolbox for both 
training and evaluation of the SOM network. After training the SOM map, we show the number of waveforms 
that fall into each node. For each node, we also show the temporal distribution of when the traces assigned 
to that node were recorded during the registration period. It can be seen that some nodes have a temporal 
distribution with very low dispersion, highly concentrated within a relatively short time interval. Interestingly, 
low temporal dispersion also corresponds to low spatial dispersion on the map, highlighting the role of the SOM 
algorithm in identifying periods of anomalous seismic activity within a continuous dataset. Such daily spatial 
distribution is quantified by an index introduced in this work, the clustering index. The idea is to quantify the 
narrowness of the distribution of single-day hits on the map, around the node with the maximum number of 
single-day hits. In particular, we define the index I as follows:

	
I =

hitsmax + 1
2 hitsnn + c · hitsothers

hitstotal

� (3)

where hitsmax, hitsnn and hitsother  are the number of traces in the most densely populated node, the number 
of signals collected in the neighbourhood of such node and the remaining signals of the specific day, respectively, 
while hitstotal is the total number of recordings in a single day. The parameter c is the (negative) value that 
ensures that the index I is zero when the waveforms are uniformly distributed over the map. Due to edge effects, 
it depends on the location of the most densely populated node on the map. A clustering index of 1 indicates that 
the recordings for a single day are grouped into one node. If the recordings are uniformly distributed across all 
nodes of the map, however, the clustering index is 0.

Data availability
Seismic waveforms for station CPIS are available from the following seismic networks: Rete Sismica Nazionale 
(FDSN code: IV), operated by the Istituto Nazionale di Geofisica e Vulcanologia (INGV, 2005); Seismic wave-
forms for V0102, PESG and RENG stations are available from the corresponding author on reasonable request.
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