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Abstract A major aim in the study of crustal fluids is the development of automatic methodologies for
monitoring deep‐source, non‐volcanic gas emissions’ spatio‐temporal evolution. Crustal fluids play a
significant role in the generation of large earthquakes and the characterization of their emissions on the surface
can be essential for better understanding crustal processes generating earthquakes. We investigate seismic
tremors recorded over 4 days in 2019 at the Mefite d’Ansanto (southern Apennines, Italy) that is located at the
northern end of the fault system that generated the Mw 6.9 1980 Irpinia Earthquake. The Mefite d’Ansanto is
hypothesized to be the largest natural, non‐volcanic, CO2‐rich gas emission on Earth. The seismic tremor is
studied by employing a dense temporary seismic network and an automated detection algorithm based on non‐
parametric statistics of the recorded signal amplitudes. We extracted signal characteristics (RMS amplitude and
statistical moments of amplitudes both in time and frequency domains) for use in the subsequent supervised
machine‐learning classification of the target tremor and accidently detected anthropogenic and background
noise. The data set is used for the training and optimization of station‐based KNN (k‐Nearest‐Neighbors) binary
classifiers obtaining good classification performances with a median overall accuracy across all stations of
92.8%. The classified tremor displayed common features at all stations: variable duration (16 s to 30–40 min),
broad peak frequency (4–20 Hz) with varying amplitudes, and two types of signals: (a) long‐duration, high‐
amplitude tremor and (b) pulsating tremor. Higher tremor amplitudes recorded at stations closer to local
bubbling and pressurized vents suggest multiple local tremor sources.

1. Introduction
Seismic tremor in volcanic areas is an extensively studied phenomenon due to its recognized association with the
volcanic activity and its role in forecasting incipient eruptions as well as in understanding the interaction between
magmatic fluids and the surrounding rocks (e.g., Saccorotti & Lokmer, 2021; Zuccarello et al., 2022). Recent
works demonstrated that the characterization of seismic tremor in volcanic gas emissions areas (e.g., fumarolic
vents) is a powerful tool to monitor volcanic unrest related to hydrothermal activity and for risk mitigation (among
others, Chiodini et al., 2017; Giudicepietro et al., 2019). Conversely, studies on seismic tremor arising from gas
emissions are less frequent (La Rocca et al., 2023; Morabito et al., 2023). Nevertheless, quantifying seismic
tremor has great potential in shedding light on the geodynamics of complex, tectonic degassing regions as well as
in monitoring the close relationship between seismic activity and deep fluid discharge. Non‐volcanic gas
emissions are often located in tectonically active areas, where deep fluid circulation and ascent is enabled by fault
systems and highly fractured rocks (Caracausi & Paternoster, 2015; Chiodini et al., 2004, 2020). The role of fluid
pore pressure in earthquake triggering is now widely recognized (Miller et al., 2004; Shapiro, 2015; Stabile
et al., 2021; Tamburello et al., 2018). Developing methodologies for reconstructing the spatio‐temporal evolution
of non‐volcanic gas emissions seismic tremor is therefore essential to better understand large earthquake gen-
eration processes. Both in volcanic and in non‐volcanic settings, standard approaches for tremor monitoring and
characterization are mainly based on manual analyses of seismic signals both in the time and frequency domain.
However, with the growing amount of data continuously acquired by dense monitoring seismic networks, manual
inspection of signals needs to be integrated with automatic and/or machine learning (ML) tools. As a result, recent
research has focused on the implementation of automatic tools for real‐time tremor analysis with seismic array
techniques (Smith & Bean, 2020) and/or in the application of both supervised and unsupervised machine learning
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approaches for tremor characterization and classification (Curilem et al., 2017; Malfante et al., 2018; Masotti
et al., 2008; Permana et al., 2022).

In this work, we investigated seismic tremors recorded at the Mefite d’Ansanto emission site (Figure 1). The site,
known since the 5th century BC (Di Lisio et al., 2014), is renowned as the largest natural emission on Earth of
non‐volcanic, CO2‐dominated gases, with an estimated daily gas flux of approximately 2,000 tons (Chiodini
et al., 2010). Situated in the Irpinia area (Figure 1), the Mefite d’Ansanto site lies within one of the highest seismic
hazard areas in Europe: the Southern Apennines. Extensional processes involve the axial zone of the chain since
the Middle‐Late Pleistocene and up to 15 km deep NW–SE striking faults have developed that can generate M7
earthquakes (Mw 6.9, 1980 Irpinia Earthquake—Bernard & Zollo, 1989) and along with the gas leakage occurs.
Mefite d’Ansanto developed at the northern end of the fault system activated by the Irpinia earthquake (Figure 1)
in the well‐known thermal anomaly area of Mt. Forcuso (Festa et al., 2021; Improta et al., 2014). The emission is
fed by a 1,128 to 1,600 m‐deep CO2 gas reservoir encountered by a 1,850 m deep well drilled at about 2 km east
(Monte Forcuso 001 well, ViDEPI Project, 2012). The nature of the deep source of this CO2‐dominant (98 vol%,
Chiodini et al., 2010) gas manifestation have been widely discussed (Buttitta et al., 2023; Caracausi & Pater-
noster, 2015; Caracausi et al., 2013; Chiodini et al., 2004). At the surface, the emission extends over an area of
about 4,000 m2 (Chiodini et al., 2010) and occurs mainly as diffuse soil degassing with local bubbling pools and
pressurized vents, mainly oriented SW along a fault zone along which a river flows, as evidenced also by the lack
of vegetation in the area (Figure 1).

The Mefite d’Ansanto was studied in terms of seismic wavefield polarization from ambient noise measurements
(Pischiutta et al., 2013). More recently, the seismic tremor recorded here from seismic arrays was characterized in
time‐frequency domains (La Rocca et al., 2023; Morabito et al., 2023). Morabito et al. (2023) found the seismic
tremor is characterized by higher amplitudes in four main frequency bands (0.2–1 Hz; 1–5 Hz; 5–10 Hz; 10–
15 Hz); La Rocca et al. (2023) described three main kinds of signals in the emission area which were classified in
terms of their frequency content and amplitude as follows: (a) low‐frequency, low‐amplitude tremor; (b) high
frequency pulses of low amplitude and very short duration; (c) intermediate‐frequency tremor with sudden
amplitude variations. The latter type of wavefield is defined as a persistent intermediate‐frequency (3–20 Hz)
tremor that is hypothesized being associated with a shallow source within the emission area, and it has been
described as a stable amplitude tremor (weak tremor) interested by a non‐stationary increase in signal amplitude
(strong tremor) (La Rocca et al., 2023). The aim of this study was to develop and test an automated machine‐
learning workflow to detect and classify strong tremor events in the Mefite d’Ansanto area. We performed a
quantitative analysis of the wavefield recorded by a temporary dense seismic array deployed at the Mefite
d’Ansanto emission area (Figure 1). The use of a dense seismic array allowed the inclusion of signals having a
high signal‐to‐noise ratio. First, we developed a strategy for the automated detection of strong tremor (hereafter
referred to as: “tremor”) based on non‐parametric statistics of the recorded amplitudes at each station of the array.
Then, for each station, we trained a supervised machine learning (KNN–k‐nearest neighbors, Cover &Hart, 1967)
classification algorithm using typical tremor features to discriminate it from other recorded signals (e.g., “low
energy tremor,” here simply defined as “background noise” and/or anthropic spikes). After a brief description of
the dense seismic array deployed in the emission area, the automated and machine‐learning methods applied in
this work are described in detail. Finally, the automated approach performance is discussed along with the main
observations about the signals classified as tremor.

2. The Mefite d’Ansanto Seismic Array
The seismic wavefield at Mefite d’Ansanto was characterized by a temporary dense seismic network (FDSN
network code: YZ_2017, Passarelli et al., 2017) installed at the emission site between 28 October 2019 and 05
November 2019 by the German Research Center for Geoscience (GFZ) as part of a temporary experiment (East
Pollino Experiment, Southern Italy, Passarelli et al., 2017). The aim of the experiment was to monitor the
interaction between crustal fluids and earthquake occurrence. The dense seismic array was installed around the
emission site and consisted of 11 surface seismic stations (Figure 1 and Table 1). The maximum and minimum
inter‐station distances were 340 and 60 m, respectively, with a maximum height difference of 44 m. Two kinds of
triaxial seismometers were installed: (a) 4 broad‐band sensors (Trillium Compact 120 s) installed at stations
R01B, R07B, R08B, and RSFI; (b) 7 short‐period passive sensors (SM‐6 4.5 Hz) installed at stations R02S, R03S,
R04S, R05S, R06S, R10S, and R11S. Continuous waveform recordings were acquired by the YZ network with
CUBE data loggers using a sampling rate of 200 Hz.
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3. Time‐Frequency Characteristics of Tremor
We analyzed the continuous data streams from broadband (R01B, R07B, R08B, and RSFI) and short‐period
(R02S, R03S, R04S, R05S, R06S, R10S, R11S) stations in the period between 30 October 2019 and 2
November 2019 during which all the 11 stations were in operation. The time‐frequency visualization of the
background seismicity recorded at Mefite d’Ansanto enabled us to observe non‐stationary signals characterized
by the emergent onset of seismic tremor marked by (Figure 2): (a) higher amplitudes with respect to the back-
ground noise (b) variable duration (from tens of seconds to tens of minutes); (c) prominent spectral peaks in the
frequency range 4–20 Hz; (d) an emergent onset, almost simultaneous across all stations due to the small inter‐
station distance; (e) no preferential occurrence in either daytime or night time (Figure 4).

The tremor spectral content at both broadband and short period stations presents three main characteristics
(Figure 3a): (a) the amplitude spectra are characterized by different peaks in the frequency range 4–20 Hz, (b) the
latter peaks show a different dominant frequency and/or different relative amplitude from station to station, (c) the

Figure 1. The Mefite d’Ansanto gas emission location in the Irpinia area (Campania Region, Italy). (a) and (b) Seismogenic sources related to the Irpinia Fault System
are indicated by the yellow rectangle; other potential sources for large earthquakes in the area are indicated in orange (Database of Individual Seismogenic Sources,
DISS, Version 3.3.0 2021). (c) Zoom of the emission site, recognizable from the lack of vegetation, and the location of the 11 seismic stations of the temporary array.
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spectral content beyond 20 Hz exhibits significant variation across different stations, likely due to local propa-
gation and site effects. Looking at tremor spectral content in the broadband stations (R01B, R07B, R08B, and
RSFI), spectral peaks at 0.2–0.5 Hz and a minor peak at 3 Hz are also recognizable. These low frequency peaks
can be consistently observed also in the frequency content of the background noise across different stations.
Therefore, the latter cannot be considered to be part of the seismic tremor of interest but rather classified as
environmental seismic noise. In addition, two monofrequency peaks at 1.5 and 50 Hz can be observed on un-
smoothed spectra of some stations, which can be attributed to wind turbines and electric current, respectively. The
background noise spectral content (Figure 3b), which appears highly variable across different stations due to local
propagation effects, shows distinct features. Indeed, it appears to be characterized by higher dominant frequencies
and/or different peaks compared to tremors. The observed attributes of tremor events, both in terms of time and
frequency domain, emphasize the significance of extracting features from both waveforms and spectral content
for the discrimination of tremor events from noise and other kinds or recorded signals.

4. Methods
Since the observed peculiarities of signals vary from station to station both in time and frequency content, we
applied a station‐based automated detection and machine learning classification approach, which involves two
main steps: (a) an automatic detection algorithm (ADA) for the preliminary identification of potential tremors in
the background noise and for the extraction of their characteristic parameters (i.e., RMS‐amplitude and statistical
moments); (b) the application of the a k‐nearest neighbors (KNN) classifier at each station—trained with the
previously extracted parameters as features—for a more robust, automatic tremor discrimination.

4.1. Automated Detection Algorithm (ADA) and Features Extraction

Exploiting the Mefite array continuous recordings, we implemented an automated detection algorithm (ADA)
through Python‐ObsPy (Krischer et al., 2015) seismic signal processing tools (Figures 4 and 5) to extract the

Table 1
Station Locations, Characteristics, and Installation Times of the Mefite d’Ansanto Array

Station ID Network Lon (DD) Lat (DD) Elevation(m) Sampling rate (Hz) Sensor Installed Uninstalled

R01B YZ_2017 15.1448 40.9740 709.80 200 Trillium Compact 120 s 28/10/2019 04/11/2019

00:00 00:00

R02S YZ_2017 15.1463 40.9747 727.35 200 SM‐6 4.5 Hz 28/10/2019 05/11/2019

00:00 00:00

R03S YZ_2017 15.1466 40.9738 714.44 200 SM‐6 4.5 Hz 29/10/2019 05/11/2019

00:00 00:00

R04S YZ_2017 15.1474 40.9748 725.86 200 SM‐6 4.5 Hz 29/10/2019 05/11/2019

00:00 00:00

R05S YZ_2017 15.1450 40.9754 727.27 200 SM‐6 4.5 Hz 29/10/2019 05/11/2019

00:00 00:00

R06S YZ_2017 15.1438 40.9738 703.04 200 SM‐6 4.5 Hz 29/10/2019 05/11/2019

00:00 00:00

R07B YZ_2017 15.1479 40.9737 722.37 200 Trillium Compact 120 s 29/10/2019 05/11/2019

00:00 00:00

R08B YZ_2017 15.1457 40.9736 704.83 200 Trillium Compact 120 s 28/10/2019 05/11/2019

00:00 00:00

R10S YZ_2017 14.1456 40.9747 715.45 200 SM‐6 4.5 Hz 29/10/2019 05/11/2019

00:00 00:00

R11S YZ_2017 15.1446 40.9746 718.60 200 SM‐6 4.5 Hz 29/10/2019 05/11/2019

00:00 00:00

RSFI YZ_2017 15.1462 40.9756 748.54 200 Trillium Compact 120 s 28/10/2019 05/11/2019

18:01 16:30
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typical characteristics of signals. The algorithm is based on non‐parametric statistics of the recorded amplitudes at
each station and was applied only to vertical signal components to minimize problems related to local site am-
plifications. The detection is performed through the following steps (Figure 4): (a) the traces are bandpass filtered
in the frequency range where the higher amplitudes were observed across all stations (6–15 Hz) to enhance the
tremor onset over the record; (b) the smoothed envelopes of the signals are calculated; (c) tremor start‐ and end‐
times are measured as the times when the envelope goes above and below, respectively, a given threshold. After
some tuning analysis we applied a centered moving average function for the smoothing of the signal envelope
(with length of 3,000 points, which corresponds to a 15 s window), since it resulted the most effective smoothing
window in the tremor identification scheme. For a more robust statistical choice of detection amplitude threshold,
we made no assumption on the amplitude's statistical distributions and estimated it as the 90th percentile of the
recorded absolute amplitude distribution. This enabled us to set data‐driven thresholds for each analyzed day
(Figure S1 in Supporting Information S1). Both the threshold estimation and the tremor detection methods were
applied on amplitudes expressed in counts, since the conversion in the physical unit is not essential in this step.

Figure 2. Two‐hour long vertical component seismograms and their relative spectrograms at (a) R01B broadband and
(b) R03S short‐period stations. A 0.1 Hz high pass filter was applied to exclude the effects of low frequency seismic noise on
records.
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Figure 3. Comparison of spectral content between (a) a 40 s‐long tremor event and (b) a 40 s‐long noise window recorded at
station R07B within the same hour. For both signals, the image shows the waveform and the frequency spectrum. The latter is
windowed between 0 and 60 Hz (since no significant spectral content was observed for higher frequencies) and slightly
smoothed with a central moving average (over 15 points) to highlight the main spectral peaks without excessively masking
the actual spectral content.

Figure 4. An example of the detection algorithm workflow applied to a 1‐hr signal (19:00:00–20:00:00 UTC time) recorded
on 30 October 2019 (Julian day 303) at station R04S. First, the smoothed envelope of the 6–15 Hz filtered waveform (blue
curve) is calculated; then, event detection is performed through a box function (red curve) which assumes non‐zero values for
envelope amplitudes greater than the threshold (276 counts).
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We applied the ADA detector on the R04S station waveforms recorded from 30 October 2019 to 2 November
2019. Indeed, this station was positioned approximately at the midpoint between the emission area and a road,
making it well‐suited for capturing not only emission‐related signals but also a valuable selection of anthropic
signals. In the assumption of seismic tremors propagating from common sources and the previous observations of
signals recorded almost simultaneously across the stations (Section 3, Figure 2), we collected signal features for
each station, using the same time windows (the same start and end times) of ADA detections performed on R04S
station. This operation was carried out either to leverage the close deployment of the array or because it would
also be valuable for the subsequent comparison of the station‐based classifier performances. Thus, for each
preliminary detection time window and for all the stations, we extracted signal characteristic parameters to obtain
an alternative representation (feature domain) with respect to the original one (temporal domain). For each
preliminary identified tremor, the following parameters (features) were estimated: (a) the RMS ground velocity
amplitude (m/s) of the 6–15 Hz bandpass‐filtered and instrument‐deconvolved signal; (b) the statistical moments
(mean, standard deviation, skewness, and kurtosis) of the raw signal amplitude distributions in both time and
frequency domains (Figure 6). The first parameter describes the signal in terms of its average amplitude (m/s).
The latter parameters describe the signal shape: the standard deviation describe the spread of data around the mean
value, the skewness shows the asymmetry of the signal as a distribution with respect to a Gaussian one, and the
kurtosis reflecting its flatness and the number of outliers in it (Curilem et al., 2017; Malfante et al., 2018).

4.2. Feature Selection

The preliminary application of the ADA algorithm allowed the extraction of signal features for tremor ML
classification. Only the features which better represent signals should be selected to suitably train a given clas-
sifier to correctly define the decision space (assigning a classification label). The aim of feature selection is to
identify truly relevant features—or feature combinations –for the task at hand, and eventually discard the

Figure 5. Helicorder display showing the ADA detection results at station R04S on 02 November 2019 (Julian day 306). Each
yellow bar on the plot corresponds to the signal automatically detected by our algorithm.
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irrelevant and redundant ones (Hall, 2000). This step is important in the application of the KNN algorithm, which
classifies each signal using all the available features in distance computations (see Section 4.3). We selected a
subset of 45 signal samples from the R04S station (vertical component) comprising 15 tremor events, 15 noise
windows, and 15 anthropic spikes (Table S1 in Supporting Information S1). We estimated for all the 45 signals
the previously defined features (RMS amplitude and statistical moments of amplitude distributions in both time
and frequency domains). Looking at their bivariate relationships (Figure 7a) and linear correlations (Figure 7b),
we excluded the mean of spectral amplitudes as a feature for classifier training given its high linear correlation
(r = 0.96) and high standard deviation. The latter has typically lower values for the noise, while kurtosis and
skewness of tremors spectral amplitude distributions generally showed smaller variability with respect to non‐
tremor signals (noise and spikes). Despite its high linear correlation with kurtosis (r = 0.94), the skewness of
spectral amplitudes was kept in the feature space since it helped the classifiers improve their performance.
Furthermore, the mean of signal amplitudes in the time domain was excluded since it was not useful in the
discrimination of tremors from background noise. This is due to the prior application of a 6–15 Hz bandpass filter
to the signals during the analysis; thus, both tremors and background noise have zero‐mean. In this respect, the
standard deviation was a useful feature, while the skewness and the kurtosis values typically discriminate an-
thropic spikes. Lastly, we kept the RMS amplitude because the signal amplitude was already used in the previous
preliminary ADA detection step. The final 7 selected features (RMS amplitude; standard deviation, skewness,
kurtosis of amplitude distributions in time domain; standard deviation, skewness, kurtosis of amplitude distri-
butions in the frequency domain) are summarized in Table S2 of the Supporting Information S1.

4.3. KNN Classification of Tremor Signals

To perform an automatic robust detection and discrimination of tremor events we applied a supervised machine
learning approach. Thus, we implemented a binary classification with the k‐nearest neighbor algorithm (Cover &
Hart, 1967). KNN is a widely used classifier because of its nonparametric nature and for its conceptual simplicity.
As a supervised machine learning algorithm, it relies on labeled input data (training data) to learn a function

Figure 6. An example of statistical features extracted from a preliminary identified tremor. The amplitude distributions in
both time (a, b) and frequency (c, d) are analyzed to extract the 1st (mean), 2nd (standard deviation), 3rd (skewness), and 4th
(kurtosis) statistical moments.
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Figure 7. Summary of features collected for the 45 samples signals used for signal selection: (a) pairplot showing the
bivariate correlations and kernel density estimate (over the main diagonal) for the different types of signals: tremors (green
dots), noise (blue dots) and anthropic spikes (orange dots); (b) correlation matrix showing the linear correlation between each
couple of features expressed in terms of Pearson's coefficient (r).
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(model) that can be then used to classify unlabeled data. A KNN classification is based on feature similarity,
measured as the distance from several K labeled points (nearest neighbors). We chose the Euclidean distance as
the similarity metrics. The number K is the core deciding factor (hyperparameter) of the algorithm: each data
point will get the most recurring label amongst its closest K points. The algorithm was implemented through the
Python‐scikit‐learn machine learning module (Pedregosa et al., 2011).

Given the observed station‐related peculiarities of the recorded waveforms and tremor events both in the time‐
and frequency domains (Section 3), we performed station‐based classifier training, thus obtaining 11 station ‐
specific KNN classifiers. We first standardized features to avoid misleading training and classification results
related to different parameters scale. Then, for the KNN model training, we used the same signals for all the
stations selected through visual inspection and time‐frequency analyses. A total training data set of 481 events
(246 tremor—class 0; 253 no‐tremor—class 1) recorded in the first three analyzed days (30–31 October 2019 and
1st November 2019) was used. The non‐tremor class comprised both background noise and anthropic spike
samples. We randomly chose 80% of the observations to train the model. The remaining 20% of the labeled
observations were used for testing. We performed an accuracy K cross‐validation. Considering that the K‐values
should be odd for an even number of classes (Kim, 2012) (here: tremor signal, non‐tremor signal) we generated
different KNN models for different K‐values and for each station we selected the classifier which would produce
the maximum classification overall accuracy. Finally, for further validation of the generalization properties of the
selected KNN models, we evaluated their binary classification performance on a new data set characterized by
differing features of signals with respect to those in the training set. For this purpose, we used for each station the
same 199 signals which were selected between the ADA detections on the last analyzed day (02‐11‐2019) of the
array records.

5. Results and Discussion
5.1. Classification Performances

The application of the preliminary tremor detection approach (i.e., ADA algorithm) showed some limitations
given the intrinsic difficulty in discriminating between tremor and other signals (e.g., anthropic spikes) based
solely on the amplitude of the recorded waveforms which, in turn, could lead to underestimation and incomplete
characterization of the tremor in the degassing area. However, the preliminary detection technique enabled us to
collect a large starting data set of 917 signals for each station which allowed for KNN's training and testing. On the
other hand, the application of the supervised KNN binary classification allowed us to overcome the ADA lim-
itations and to better discriminate tremor events with respect to other wrongly detected signals (e.g., anthropic
spikes) with more efficient signal representation (feature domain). The classifiers were trained with features
(RMS amplitude and statistical moments) extracted for the signals retrieved at the same time‐windows at indi-
vidual stations. Then, for each station, the classification was performed. Among the stations, the K‐values are
comprised mainly between 3 and 7. The overall low K‐values reflect models that are well constrained based on the
training data in defining the decision boundaries for classification. However, low K values can also make the
models more sensitive to outliers or mislabeled data points and more affected by possible generalization issues
due to overfitting. The classifier performances in terms of the main binary classification metrics are summarized
in Table 2. We evaluated the performance of the KNN model at each station through the confusion matrix, which
contains the main information about the distribution of samples within the predicted classes. In its general
definition, the confusion matrix is a square matrix (G × G) whose rows and columns represent the experimental
and predicted classes, respectively (Ballabio et al., 2018). In the case of a binary classification, it is a (2 × 2)
matrix defined by the total number of accurate predictions—True Positives (TP) and True Negatives (TN)—and
the total number of misclassifications—False Positives (FP) and False Negatives (FN). The elements of a
confusion matrix are used to evaluate different metrics about the classifier performances. We considered accu-
racy, precision, recall, and F1‐score (Lever et al., 2016). The overall accuracy represents the number of correctly
classified data instances over the total number of data instances; the precision (or positive predictive value)
considers both TP and FP instances and represents the accuracy of the positive prediction; while the recall (also
known as sensitivity or true positive rate) is the measure of the proportion of known positives that are predicted
correctly (TPs). Finally, the F1‐score is defined as the harmonic mean of the precision and recall, a single metric
combining both measures into a balanced evaluation. All these classification metrics range from 0 (bad classifier)
to 1 (good classifier). For each station, we report the optimized KNN results in terms of their respective metrics
(Figure 8).
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Looking at the classification metrics for all the stations (Table 2, Figure 8),
the KNN classifiers show good classification performances with a median
overall accuracy between all the stations of 0.928 (92.8%). The maximum
overall accuracy of 0.959 (95.9%) was reached by the R08B station classifier,
while the minimum performance (82.5%) was found for the R07B station. The
high accuracy indicates that the KNN models predicted the correct class la-
bels for a large portion of the instances for most stations. Considering the
median values of other metrics across all stations (recall: 0.738; precision:
0.940; F1‐score: 0.827), the KNN models are conservative in classifying
instances as positive, resulting in a higher number of false negatives. The
generally lower recall values of the KNN models suggests that the model is
not as effective at correctly identifying all the positive instances from the data
set, which can be related to the presence of mislabeled data (e.g., noise‐
contaminated tremors or tremor‐contaminated noise) in the training data
set. In turn, the higher precision values suggest that if the models classify an
instance as positive, it is likely to be correct. These observations reflect the
intrinsic trade‐off between the recall and precision metrics (Buckland &
Gey, 1994), in turn evaluated from the F1‐score. The station at which the
KNN shows the lower F1‐score of 0.719 is R06S, while we found the

maximum trade‐off between precision and recall at the R07B station (F1‐score: 0.886). The median value of
0.827 (82.7%) between all stations indicates a reasonable balance between precision and recall, and hence a good
overall performance of the station KNNs. Classifier metrics confirm that the station‐based training approach, even
if more time consuming, is an effective strategy to reliably train the KNN to discriminate between tremor events
and other signals wrongly detected using the ADA algorithm.

To further validate the optimized KNN classifiers and their generalization performances, we applied it to a
different data set with respect to the one used for training and testing. Again, we performed the classification for
each station, evaluating their performance on a labeled dataset made of 199 signals selected between the ADA
detections on the last analyzed day (02‐11‐2019) of the array records. To better compare the results, we
considered for each station the same signals. As expected, we obtained a decrease in the overall KNN's per-
formance across all stations of about 10% with an estimated median value of overall accuracy of 82.9%. The
trained KNN models are capable of correctly classifying a high percentage of events. The observed decrease in
performance is likely due to the KNN's sensitivity to data distribution and mis‐labeled data in the training
phase and to the algorithm intrinsic limitations in terms of generalization due to its non‐parametric nature

Table 2
Summary of the K Values Selected Through Cross‐Validation Along With the
Classification Performance of the Corresponding KNN Model at Each
Station

Station K Recall Precision F1‐score Accuracy

R01B 3 0.915 0.896 0.905 0.907

R02S 5 0.872 0.911 0.891 0.897

R03S 13 0.894 0.955 0.923 0.928

R04S 1 0.872 0.911 0.891 0.897

R05S 3 0.872 0.976 0.921 0.928

R06S 7 0.894 0.977 0.933 0.938

R07B 13 0.83 0.813 0.821 0.825

R08B 15 0.936 0.978 0.957 0.959

R10S 3 0.957 0.938 0.947 0.948

R11S 7 0.894 0.955 0.923 0.928

RSFI 7 0.915 0.896 0.905 0.907

Figure 8. Classification metrics (Recall, Precision, F1‐Score, Accuracy) estimated for the validation of each station‐trained
KNN classifier.
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(Cover & Hart, 1967). Overall, the observed decrease in generalization capacity, although expected on a different
data set from the one used for the algorithm training and testing, suggests the need to further explore machine
learning approaches and algorithms in the future to improve this first‐order application for the automatic seismic
tremor classification at Mefite d’Ansanto.

5.2. Classified Signal Characterization

As a first‐order ensemble approach, we used a majority voting technique to combine the results of the 11 in-
dependent single‐station KNN classifications of the new data set—used to assess the generalization properties of
the algorithms—to define the final class prediction of its signals. This approach can help to mitigate the impact of
individual model biases and to obtain a more robust and accurate prediction of tremor events. We have assumed
an equal weight for each model at this stage and at the end of the procedure simply assigned to each signal the
class label that appeared most frequently in the independent single‐station classifications. Over the total 199
events of the analyzed data set, 117 were classified as tremor (class 0) by major voting, while 82 were classified as

Figure 9. Two main kinds of signal classified as tremors (class 0) after major voting recorded from the R04S station are
(a) long tremors (>100 s) generally characterized by higher amplitudes and (b) pulsating tremor made by sequences of
closely spaced short tremors of a few seconds.
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no‐tremor (class 1) mainly comprising anthropic spikes, accidently detected background noise, and minor tremors
embedded in the background noise (Table S3, Figure S2 in Supporting Information S1). These latter signals have
a duration generally less than 100 s (median value 33.5s) with RMS amplitudes generally smaller than the
classified tremor. Moreover, their amplitude distributions include numerous outliers, indicating that these signals
vary from station to station with inconsistent patterns (Figure 10b). On the other hand, tremor duration is highly
variable, ranging from tens of seconds (minimum duration 16 s) to tens of minutes (maximum duration 2,270 s).
Two main kinds of tremor signals were observed: (a) long‐duration tremor (>100 s) generally characterized by
higher amplitudes (Figure 9a); (b) pulsating tremor made of sequences of closely spaced short tremor signals of a
few seconds (Figure 9b). Both types of signals occur with no specific patterns and with no daily preferential
distribution (Figure S3 in Supporting Information S1). The alternation of impulsive and long tremors is similar to
that described by Hsu et al. (2013) related to intermittent emission of gas by active mud volcanoes and to the so‐
called spasmodic and pulsating tremors associated with ash and gas emissions of intermediate energy (Arámbula‐
Mendoza et al., 2016). The signal's spectral content shows similarities with that of continuous fumarolic tremor
(Chiodini et al., 2010; Giudicepietro et al., 2019), which is characterized by a spectral peak in a narrow frequency
band around 10 Hz. Different from fumaroles, the examined tremor displays a wider range of frequencies,

Figure 10. Box Plot representation of the RMS‐amplitude (m/s) distributions (6–15 Hz bandpass filtered waveforms) at each
station of the array estimated for (a) the classified tremor (class 0) and (b) the classified non‐tremor (class 1) signals.
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typically between 4 and 20 Hz. Within this range, its peak frequency values and amplitudes are affected by local
propagation characteristics at each station. Different source‐related effects in the gas emission area are likely
characterized by multiple and diffuse potential tremor sources (gas vents, water bubbling), which together with
the local morphology cause peculiar spectral patterns at each station.

Comparing the amplitude distributions of the same signals at different stations (Figure 10a), the classified tremor
RMS amplitudes (6–15 Hz) showed the same order of 10− 7 m/s across the stations. Their distributions are mainly
symmetric and characterized by few outliers, thus suggesting that classified data exhibit a relatively consistent
pattern and supporting the assumption that we are observing the same signal across different stations within the
same time‐windows, as assumed before. We can also observe that higher amplitude values are recorded by
the inner stations of the array (R10S, R03S R02S, R01B), that is, those closer to the emission area. Exceptions are
the external stations RSFI and R05S, whose high amplitudes might be related to a smaller and isolated gas
emission placed to the NW of the main emission area (i.e., the area with reduced vegetation right above station
R05S in Figure 1). These amplitude observations indicate local tremor sources within the Mefite d’Ansanto
emission area. The highest signal amplitudes were recorded at the R10S station (median value of 8.88 × 10− 7), the
closest to the bubbling pools (Figure 10a), and at R03S (median value of 5.7 × 10− 7), the closest to one pres-
surized vent located at the southeastern side of the emission area identified during on‐site investigations (Pan-
ebianco, 2022). These qualitative observations along with amplitude variability across the array stations would
agree with the hypothesis of different emission sources (e.g., bubbling water, pressurized vents) existing in the
Mefite d’Ansanto area in accordance with the results of array analysis performed by La Rocca et al. (2023) on the
“intermediate frequency tremor,” of which the tremor events under analysis would be partly ascribable.

6. Conclusion
In this work, we developed a first‐order automated and machine‐learning workflow to detect and classify hy-
drothermal tremor events recorded in theMefite d’Ansanto non‐volcanic gas emission area. The extraction of new
information about the Mefite D’Ansanto seismic tremor was made possible by the installation of a dense seismic
array around the emission site, which allowed the recording of continuous high‐resolution data at 11 different
stations. The workflow involved (a) the implementation of an amplitude‐based automatic detection algorithm
(ADA) at one station, which enabled the preliminary identification of potential tremors and the contextual
extraction of feature characteristics; and (b) the training of station‐based k‐nearest neighbors (KNN) binary
classifiers with selected features to perform a robust and automatic tremor discrimination. The initial application
of the tremor detection approach (ADA algorithm) revealed limitations, mainly due to the challenge of dis-
tinguishing tremor from other signals (e.g., anthropic spikes) based solely on the amplitude of recorded wave-
forms. Nevertheless, this preliminary detection technique yielded a substantial data set of 917 signals for each
station, which was used for the subsequent training and testing station‐based KNN algorithms. In turn, the
implementation of these binary classifiers proved to be a significant improvement over the ADA limitations in
tremor discrimination. The single station trained KNN classifiers—applied over the same signals recorded at
different stations—showed good classification performances with a median overall accuracy of 92.8%. To further
confirm the effectiveness of the optimized K‐nearest neighbors (KNN) models, we evaluated their performance
on a different labeled data set. To ensure a fair comparison, we used the same signals for each station. The purpose
was to assess how well the trained KNN models could generalize to unfamiliar data. The results showed a
decrease in the overall accuracy across all stations of 10% (value), which is likely due to the non‐parametric nature
of the KNN algorithm inherently limiting its generalization ability. The good classification performances indicate
the efficacy of the chosen amplitude and statistic features in representing the target signals. The applied super-
vised machine learning approach enabled us to more reliably and automatically discriminate tremor events from
other falsely identified signals (e.g., anthropic spikes). The combined results obtained through majority voting of
the same new data set of signals—recorded on 02 November 2019—allowed the definition of the following
common characteristics of the classified tremor signals:

1. An emergent onset with amplitudes that become higher with respect to the recorded background noise within a
few seconds (Figure 2);

2. Highly variable durations ranging between 16 s and 30–40 min;
3. A similar order of magnitude of RMS amplitudes at all stations of our network (10− 7 m/s) with local variation
at different stations based on their location in the emission area (Figure 10a);
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4. A spectral peak in a broad frequency band around 10 Hz with multiple peaks at frequencies in the range
4–20 Hz, whose amplitude locally changes at different stations due to highly variable local propagation and
site effects in the emission area;

5. The identified tremors consist of two main types of signals, non‐stationary in time and with almost uniform
daily distribution (Figure 9, Figure S3 in Supporting Information S1): (a) long duration (>100 s) tremor and (b)
pulsating tremor made by sequences of closely spaced short tremors of a few seconds. These characteristics in
the time‐domain would suggest that tremor events reflect more energetic degassing/bubbling episodes
occurring during the continuous gas manifestation (background noise) at Mefite d’Ansanto.

The detected tremor evolution in time (e.g., amplitude variation, pulsating and long‐tremor alterations) would
represent a useful tool to monitor the massive non‐volcanic emission at Mefite d’Ansanto. Moreover, the
development in the future of multiparametric, comparative analysis between the detected tremor and physico‐
chemical parameters (e.g., air CO2 concentration) would find application in establishing a proxy between
tremor events and the quantitative estimation of CO2 degassing at the site. The higher tremor amplitudes were
recorded at stations of the array closer to the emission area (R10S, R03S R02S, and R01B). Particularly, the
highest amplitudes were recorded at the R10S station ‐the closest to the water bubbling pool present in the site‐
and the R03S station ‐installed in the vicinity of an energetic pressurized vent‐ thus suggesting that these two
emission manifestations would be the main tremor sources. Our results showing a tremor source internal to the
Mefite d’Ansanto emission area are also confirmed by recent findings in the area (e.g., La Rocca et al., 2023;
Morabito et al., 2023). However, further development in tremor location should be addressed to confirm these
qualitative observations by setting up high‐resolution methods (e.g., array techniques) to identify multiple tremor
sources (gas vents, water bubbling) over a range of depths.

The automated detection and machine learning‐based classification procedure presented in this study has proven
to enable the analysis of continuous data streams from different stations without the need for any human inter-
vention. This workflow could be extended to volcanic settings in the future (after appropriate training), enabling
the detection, classification, and characterization of volcano‐seismic signals for real‐time volcano monitoring.

Data Availability Statement
Data used in the creation of this manuscript are available at GEOFON Data Centre at (Passarelli et al., 2017).
Automated Detection Algorithm (ADA) version 1.0 (Panebianco et al., 2024) was developed in Python version
3.7.8 with the support of ObsPy version 1.2.2 seismic processing tools (The ObsPy Development Team, 2022).
Figures were made with Matplotlib version 3.5.1 (Caswell et al., 2020; Hunter, 2007), available under the
Matplotlib license at https://matplotlib.org/. The KNN algorithm was implemented through the Python‐scikit‐
learn machine learning module version 1.0.2 (Grisel et al., 2021; Pedregosa et al., 2011).
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Erratum
In the originally published version of this article, the affiliation for coauthor Claudio Satriano was incorrect. The
correct affiliation is Université Paris Cité, Institut de physique du globe de Paris, CNRS, Paris, France. The error
has been corrected, and this may be considered the authoritative version of record.
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