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Abstract. Real-time monitoring of volcano-seismic signals is complex. Typically, automatic systems are built by learning from
large seismic eataloguescatalogs, where each instance has a label indicating its source mechanism. However, building complete
eatalogues-catalogs is difficult owing to the high cost of data-labelling. Current machine learning techniques have achieved great
success in constructing predictive monitoring tools; however, eatatogte-based-catalog-based learning can introduce bias into
the system. Here, we show that while monitoring systems recognize-almest-trained on annotated data from seismic catalogs
achieve performance of up to 90% 5 ated-in-seismie-eat sin event recognition, other information describ-
ing volcanic behavior is not considered or either discarded. We found that weakly supervised learning approaches have the
remarkable capability of simultaneously identifying unannotated seismic traces in the catalogue-and-correcting-mis-annotated
catalog and correcting misannotated seismic traces. When a system trained with a master dataset and eatalogue-catalog is used
as a pseudo-labeller within the framework of weakly supervised learning, information related to volcanic dynamics can be
revealed and updated. Our results offer the potential for developing more sophisticated semi-supervised models to increase the
reliability of monitoring tools. For example, the use of more sophisticated pseudo-labelling techniques involving data from
several eatalogues-catalogs could be tested. Ultimately, there is potential to develop universal monitoring tools able to consider

unforeseen temporal changes in monitored signals at any volcano.
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1 Introduction

Understanding the dynamics of active volcanoes —andand, even more so, carrying out Early Warning protocols for vol-
canic eruptions require multiparametric observations focused on aeeemplish-accomplishing accurate and effective monitor-

ing (Sparks, 2003). The objective of identifying precursors that warn of a possible volcanic eruption involves the analysis of
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long temporal series of data, characterizing and relating them with source models associated with the internal dynamics of the
volcano (Witze, 2019; Palmer, 2020). Currently, the availability of multiparametric long-time data series, such as seismology,
deformation, measurements of volcanic gases and fluids, space imaging, and other processes, is limited to a few volcanoes
around the world. For this reason, volcanic seismology continues being the backbone of the analysis, both in real time and
using data from previous eruptive episodes (Chouet, 2003; McNutt, 2015). This is because the installation and acquisition of
seismic data continues to be the most efficient procedure of volcanic monitoring, and because the existence of numerous open
access repositories allows the scientific community reviewing consolidated databases to understand what occurred in the past
for modelling future eruptions.

In volcanic seismology, the presence of various seismic signals—such as volcano-tectonic earthquakes (VT), long-period events
(LP), ultra-long-period (VI=PULP) events, hybrid (HY) events, explosions (EXP), and volcanic tremors (TR)—indicates the
existence of multiple seismic sources, which can sometimes operate simultaneously and must be considered. Thus, models of

brittle rock fracturing, conduit resonance, pressure transients in fluids, bubbles, cracking in viscoelastic mediums, elastic energy

transfer by fluid flow, debris flows, and many others are used (Ibafiez et al., 2000; McNutt and Roman, 2015; Minakami, 1974))
~Henee, this complex-system-(Table 1 summarizes the source models and classifications for different authors). The complexity.
of seismic sources restlts—in-leads to varying interpretations of voleane-dynamiesbased-on-volcanic dynamics, influenced by
the predomlnant signal type and its spatlo temporal evolution. Reeeﬁly%%ey—Deve&ae&al—@@%—Z@%}ﬂeve}epeéﬂeﬂes

comprehending-Comprehending the underlying physics behind the eruptions, and thus understanding why eruptions-they occur,
cannot be solely explained through such signal processing. It requires knowledge of the frequency and types of seismic events
that eceurred:take place. This understanding is primarily gained by constructing seismic catalogs, which are then analyzed to
infer volcanic dynamics in future crises. However, building complete catalogs presents significant challenges due to factors
such as noisy signals, human error, intense seismic activity, and overlapping signals, all of which complicate the identification
and classification of seismic events.

Historically, seismic catalogs have been manually created by experts, with the classification of seismic signals based
on time-frequency characteristics and wave-field properties. The process relies heavily on expert knowledge, which, while

essential, can introduces potential biases. These biases may arise from various factors, such as the prevailing scientific understandin

at the time of labeling, or the occurrence of intense seismic activity where, due to time constraints, only the most energetic
events are highlighted, or even when the energies are not high enough, overlapping signals are classified as a single event,
leading to the combination of different types of signals under a single label. This issue was notably observed during the 2011
eruption on the island of El Hierro, where continuous VT events resulted in a high-frequency signal resembling volcanic
tremor due to the overlap of hundreds of VTs per hour (Ibdfiez et al., 2012; Diaz-Moreno et al., 2015). Despite the efforts
made, such challenges remain widespread across seismic databases worldwide, highlighting the need for improved methods of
signal classification and event labeling.

The introduction of automatic recognition procedures for earthquake-volcanic signals almost two decades ago (e.g. Ohrn-

berger 2001, Scarpetta et al., 2005; Alasonati et al., 2006; Benitez et al., 2006; Ibafiez et al., 2009, Curilem et al., 2009)-has-made
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Ibanez, J.M et al. (2000

McNutt, S. and Roman, D. (2015)

Minakami, T. (1974)

Frequency [Hz]

Example source models

Volcano Tectonic Earthquakes

Shear failure or sli
along faults, usuall

Harmonic Tremor

Tectonic High Frequency (HF) A-Type >5
. as swarms within the
Short Period Earthg.

volcanic edifice

Fluid driven cracks,
Long Period Event RS

A pressurization processes

Volcanic Long Coda Event Low Frequency (LF B-Type 15

bubbles), and attenuated
Tornillo
o waves

Mixture of processes
Hybrid Event .

Mixed Frequency (MX - 112 e.g., cracks and fluids

Medium Frequency

frictional melting)
Exolosi Accelerated emissions

xplosion

AR Explosion Quake (EXP Explosion Quake >10 of gas and debris to the
Volcanic Explosion

atmosphere

Pressure disturbance,
Volcanic Tremor , . gas emissions, debris
OIS Volcanic Tremor (TRE Volcanic Tremor_ 1-12

rocesses, and pyroclastic

flows

Table 1. Representative volcano-seismic scientific labels and associated

and associated source models proposed by different authors have been included for comparison.

source models proposed b

Ibaniez, J.M. et al. (2000). Other labels

etc) has made the process of identifying and characterizing signals more efficient, faster and comprehensive, allowing progress
in both building robust catalogs and real-time monitoring of active volcanoes. Although-there-are—currentlynumerous—and
highly-advaneed-works-sheweasingsuceesses-in-this-fieldHowever, the results obtained have begun to reveal potential new
problems-problems: monitoring systems loss effectiveness when recognizing events over time, which biases the construction
of seismic catalogs and, in turn, affects experts’ ability to analyze and understand volcanic dynamics.
These outcomes raise open questions that should be efficiently addressed to adequately comprehend the-derivedseurce-medels:
because volcanoes do not behave uniformly over time, displaying different unrest patterns from eruption to eruption and from
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one volcano to another? (b) Could it be that automatic monitoring systems show weakness due to seismic catalog-induced bias
in their development? That is, is the database used as-a-reference-property-tabeted? Thatis;-are-during the development process
properly labeled? Are the signal names or labels adequatety-accurately identified? (b)yHew-c) Finally, how do seismic attenu-
ation processes or source radiation patterns influence changes in the appearance of a signal, thus confounding the associated

source models? {e)-How could background seismic noise affect the identification of seismic events?For-the-second-
For the last open question, there-are—potential-selutions—In-it is well-know that seismic_waves carry information not

only on volcanic activity but also on the intricate internal structure of the volcanic edifice, which influences the seismic
wave-field and complicates its interpretation (Titos et al. (2018);-it-was—demenstrated-that-a—signal-interpreted-as—a—VT-at

). Atmany volcanoes, rugged and
pronounced topography introduces additional complexities, such as wave interference, high attenuation, and path alterations
for direct seismic waves. Consequently, even for the same volcano and the same originating seismic source, recordings vary
in shape and wave-field characteristics depending on seismometer placement. Furthermore, even at the same seismic station,
similar_sources may produce different signal patterns due to variations in the source’s energy radiation. These effects are
broadly categorized into path-related (attenuation) and source-related (energy and radiation pattern) influences (Titos et al.
(2023)2018)). As a potential solution, experts propose using a system-network of multiple seismic stations for signal recog-
nition and “establishing™defining rules or conditions feridentifying-to identify signals simultaneously.Speeifically;performa

The first and third-second open questions may potentially be more difficult to resolve. An-incomplete-or-mistabelled-seismie

catalogue-—ean—resultfrom—various-Volcanic behavior is highly variable, exhibiting different signs of unrest between eruptions
and between volcanoes. Environmental and geological factors, such as neisy-signals;-human-errorintense-and-overlapping

how seismic signals propagate and are recognized. This variability poses a challenge for automatic recognition systems, which
are typically built by learning from large seismic catalogs, where each instance has a label indicating its source mechanism.
The more diverse the data, the better the system’s adaptability. However, as stated before, constructing complete catalogs is
challenging because of the high cost of data labeling, which often leads to inaccuracies or mislabeling in seismic catalogs. Such

inaccurate or mislabeled seismic catalogs could bias the effectiveness of the everlapping-ot-hundreds-of VT s-perhour-(Ibifiezet
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bands; butin-general-they-will-also-affect the frequencies-of systems, meaning that their performance may be influenced not
only by changes in volcanic dynamics, but also by inadequate modeling of those dynamics.

In this work, we propose a comprehensive analysis of seismic catalog-induced bias when developing automatic recognition
systems. We evaluated the ability of several monitoring systems trained using a master seismic catalog from Deceptio Island
volcano (referred to as the "Master database’) to adapt to new different volcanic environments from Popocatépet] (Mexico)
and Tajogaite (Canary Island, Spain) volcanoes. We hypothesize that, often, automatic recognition systems are not capable of
modeling the spatial-temporal evolution of seismic events. Instead, they learn to recognize the probabilistic pattern-matching
observed in their training data. In other words, rather than simply learning to characterize volcanic dynamics by describing
the latent physical model, catalog-induced learning biases the si H-frany-eases ' fhei

sies—system’s performance as it learns the description of the data

annotated in the catalog, potentially discarding useful data that describes volcanic dynamics. Therefore, we conclude that
using systems trained with a master database (complete and large) as pseudo-labeler, could help create less biased catalogs
from which the systems can be retrained and adapted to different volcanic environments.

the—~Master-database)~ To test our hypothesis, we conduct three independent experiments with three different automatic
monitoring systems. In the first experiment, aimed at demonstrating that any state-of-the-art machine learning model can
effectively learn the information contained in a seismic catalog, we will build monitoring systems within the Transfer Learning.
framework. In this approach, systems that have previously been trained on Deception Island volcano, will be re-trained using
a seismic catalog from the Popocatépetl volcano. Once trained, the models will be evaluated in terms of performance and
analyzed in detail. The outcomes reveal a key issue: when the catalog is not meticulously constructed, and events are not
accurately annotated—where multiple events are combined as a single label—the systems fail to recognize each individual
event, leading to the loss of valuable data that describes volcanic dynamics. In the second experiment, instead of re-training
the pre-trained systems using a given catalog, we use the pre-trained systems as a foundational seed for retraining-another
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for labeling the new database and construct a new catalogs. Using these new catalogs as training knowledge, we will re-train
the systems. Afterwards, we will compare and analyze the results obtained from both approaches. The outcomes reveal that a
significantly higher number of events, compared to those annotated in the original catalog, are recognized. This finding could
offer a new potential perspective on the volcanic dynamics. Finally, to prove the robustness of our hypothesis, we will conduct
anew experiment with data from the eruption of Tajogaite volcano in 2021, for which only an earthquake catalog is available,
demonstrating that the application of automatic seismo-volcanic monitoring systems based on weakly supervised techniques
can offer an effective alternative for both building and revising seismic catalogs.

The rest of this paper is organized as follows.
Section IT describes the seismic dataset and signals used in this study. . Section IIT provides the experimental framework,
and describes how weakly supervised techniques can be used for developing automatic volano-seismic recognition systems.
Section IV and V presents the results and discussions. Section VI concludes this paper..

2 Seismic data and catalogs

As previously stated, in this study, we will use three datasets from three volcanoes of different nature: Deception Island
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3 Seismie-data-and-ecatalogues

In-this-werkTajogaite (Canary Island, Spain). Due to the extensive expertise and in-depth knowledge that our research grou

has on Deception Island volcano, providing a comprehensive understanding of its structure and dynamics through numerous
campaigns conducted since 1994 (Ibanez et al., 2000; Martinez-Arévalo et al., 2003; Zandomeneghi et al., 2009; Carmona et

al., 2012; Ibafez et al., 2017), we will consider the dataset associated with this volcano as the reference or "master'

ranting it a high level of reliability and robustness. Therefore, to corroborate our hypotheses, we will use atabeHed-database

' dataset, thus

obtained-fromDeceptionIsland-voleanoin-An a—which-we-consider-to-be-reliable-and-hemegeneeus;the Popocatépetl
and Tajogaite databases as benchmarks.
Deception Island (62°59-5;-66°41+62°59’S, 60°41°W) is a horseshoe-shaped volcanic island that emerged during Quaternary

period-and-placed-in-the Quaternary period. It is located within a marginal basin-spreading eentre-center of the Bransfield Strait,
where the South Shetland Islands and the Antarctic Peninsula are being-separated-separating (Smellie, 1988; Marti et al., 2011;

Carmona et al., 2012). —oopior—oms—olone e oo b e e e el e

Zandomeneghi-et-al—2009; Carmona-et-ak—2042:The Deception Island dataset (hereafter referred to as MASTER-DEC)
was created using seismic data collected during the 1994-1995 campaign organized by the Andalusian Institute of Geophysics
(IAG) with a short-period array of 8 channels. The array consisted of a three-component Mark LAC seismometer with a lower
frequency band of 1 Hz and 5 Mark L25 sensors with a vertical component frequency of 4.5 Hz, electronically extended to 1
Hz. After analyzing the 8 channels, the one with the highest Signal-to-Noise Ratio (SNR) was selected (Ibdfiez et al., 2647)-

t ) 5

inre-2000). The data were sampled at a frequenc
of 100 Hz. Since this sampling frequency allows for the analysis of frequencies up to 50 Hz and our parameterization workflow
rimarily operates within the 1-20 Hz range, the data were filtered within this range. This filtering minimizes the influence

of the sensorization used for signal recording and ensuring the comparability of the data recorded by different sensors over
various time periods or at different volcanoes. By integrating our understanding of the structural, source, and dynamic models

of Deception Island volcano with eur-advancements in signal processing and MEMachine Learning (ML), MASTER-DEC has

layed a crucial role in the development of seismo-volcanic signal seementation and classification. It has also served as the

foundation for studies involving hidden Markov models, artificial neural networks, parameter reduction algorithms, and more
2020; Titos et al., 2018, 2019, 2023; Cortés et al.,

dently assert that this database is both highly reliable and idealideally suited for our intended purposeof-: serving as a reference

Bueno et al., 2021; Lopez-Pérez et al., 2021). Therefore, we can confi-

Sy

seed for-building-any-other-seismic-catalogues—Therefore,-we-designate-this-database; named- MASTER-DEC-as-the-"Maste

e(pseudo-label) for constructin
other seismic catalogs or improving existing ones, particularly those designed for early warning systems for volcanic eruptions.
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While it is true that not all types of signals are presentin-this"Master-database’represented in MASTER-DEC—especially those
associated with ongoing eruptive processes—its primary objective aligns with our ML application, which aims-te-understand

focuses on understanding pre-eruptive processes.Henee-this-database-is—ideal-for-preparingnew-ones-or-mproving-existing

For the current study, we extracted a subset of data-considered-the-mestreliablereliable data, consisting of 2,193 seismic events.
The-data-iscategorizedinto-S-classes(aligning These data are categorized into five classes, which align with the volcano-seismic

scientific labels and the accompanying source models putforward-by-tbafiezproposed by Ibdfiez et al. (2000;see-Fableb—with

Table 1 summarizes the source models and classifications). Table 2 presents a detailed summary of the seismic events and

their distribution. Figure 1 depicts an example of each type of event corresponding to the prototypes in the database. Figure
2 illustrates the UMAP (Uniform Manifold A

roximation and Projection) projection, showing the distribution of the five

MASTER-DEC event types within the feature representation space. This visualization highlights how different seismic events
occupy unique but sometimes overlapping regions, revealing potential challenges in distinguishing between event categories.
The projection provides an intuitive view of the clustering tendencies and the proximity of events with shared characteristics,
underscoring the inherent variability and possible misclassification risk in automatic seismic event recognition systems even in
thoroughly analyzed and refined datasets.

BGN | 122 03| 154 | 1282 | 1ss3s2 | 1L
HYB | 4 78 | 294 | 1368 | 15870 | 189
VIE kA 54, 91| 899 | 14345 | 1288
LPE 765 24 9.8 307 | 74698 | 381

Table 2. MASTER-DEC summary. The table reflects statistics on the duration of the signals and the number of events for each class. Seismic
categories: Background Seismic Noise (BGN), Volcanic Tremor (TRE), Long Period Events (LPE), Volcano-Tectonic Earthquakes (VTE)

and Hybrid Events (HYB). Duration) is in seconds (sec).

Popocatépetl Volcano (19°1°N, 98°37‘W) —This-veleane-is placed within a different geodynamic framework and exhibits
a different eruptive style compared to Deception Island; a subduction region in confront to a rift area. Popocatepetl is a large
dacitic—andesitic stratovolcano covering > 500 km?2 of the eastern Trans-Mexican volcanic belt (Alaniz—Alvarez et al., 2007;
Siebe et al., 2017). It is surrounded by a densely populated area with a-population-ef-around 25 million people-inhabitants

(Arango-Galvan et al., 2020). The volcano is highly active, with the current active period beginning in December 1994 (Arango-
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Figure 1. Amplitude and spectrograms of the main four prototypes of volcano-seismic events recorded at Deception Island volcano, durin,
three seismic surveys: 1994-1995, 1995-1996, and 2001-2002.

Galvan et al., 2020). The dataset used in this study (hereinafter called POPO2002) was collected during a seismic experi-
230 ment conducted between November and December 2002, using short-period seismic stations. There is no detailed information
regarding the type or specifications of the sensors used to record the seismic signals. Data labelling was manually performed
by a group of geophysicists with extensive knowledge and experience of the volcano’s dynamics. ThePopoeatepet-2002
catalogue-(named-Popo2002)-1t consists of 4,883 events, divided into similar classes as the MASTER-DEC eatalogue-catalog

(again aligning with the volcano-seismic scientific labels and accompanying source models proposed by Ibafiez et al. 2000);

VTEREG)-371-events. Additionally, the eatalogue-catalog includes noisy events (labelled as GAR)-2739 events, and due to
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Figure 2. UMAP (Uniform Manifold A rojection obtained for the input vector forming the original data of

MASTER-DEC dataset. Different seismic categories may have elements located in overlapping areas of the representation space, where the

share similar projected features.

Popocatepetl’s activity, there is a elass-category for explosions (EXP)-4-events. Along with the event eataloguecatalog, we have

continuous seismograms from this period that will be used for segmentation and identification processes. Table 3 summarizes

the POP0O2002 catalog. With the aim of minimizing the influence of the sensors used for signal recording and ensure data
comparability, the signals were first filtered to match the frequency range of MASTER-DEC, followed by a subsamplin
rocess to adjust the sampling frequency accordingly.

10
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helght{bm%%J—Met—a%%%}Class nEvents min(sec) _max(sec)
Low-Frequeney (R 273 B-FypelQld | +5357.17

Mixed-Frequeney (M) 3263 | +232263

Voleanie Exploston VTE Explosion-Quake-(EXP)371 | ExplosionQuake6.33 | >16-1202.7
proeessessand-pyroelastieEXP 4 1682 240.59
2739, 078 | 1422895

POPO2002 summary. MThe

table reflects statistics on the duration of the signals and the number of events for each class. etatThe table reflects statistics on the duration
of the signals and the number of events for each class. Seismic categories: Explosions (2660EXP), Garbaje (GAR), Hybrids (HYB), Lon,
Periods (LP), Volcano-Tectonic Earthquakes (VT), Background Seismic Noise (BGN), Volcanic Tremor (TRE). Otherlabels-and-assoetated

arDuration is in seconds (sec).

Tajogaite volcano (28°40°’N

17°52°E) is located on the island of La Palma in the Canary Islands, Spain. The eruptive activity started in September 19,

2021)1n

, following a period of

seismic activity, marked by several VT swarms and then carried by continuous volcanic tremor, becoming the first eruption
on La Palma since 1971. The eruption started with the opening of a fracture in the southwest part of the island, and the
emission of material persisted for nearly three months, generated extensive lava flows and pyroclastic deposits (D’ Auria et

al. ~(2022)-

11
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300 ak-regional air traffic. The volcanic process yielded comprehensive seismic and geochemical data, providing valuable insights
into volcanic behavior in the Canary Islands and serving as a key reference for improvements in volcanic monitoring and
hazard assessment, The seismic catalog for this volcano (from this point forward referred to as LAPALMAZ2021) differs from
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solely of a series of entries describing the date of the event’s occurrence, along with its magnitude and depth. There is no
detailed information regarding the type or specifications of the sensors used to record the seismic signals. Given the nature of
this catalog and database, 26+7)we believe that the inclusion of this use case could be of interest for evaluating the capability.
of the proposed approach to improve a catalog from scratch. Once again, to further minimize the impact of sensor differences
and ensure data comparability, the signals were first filtered to match MASTER-DECs frequency range, then adjusted to the
same sampling frequency.

3 Methodology and experimental framework

This section details the methodolgy and experiments conducted to test our hypothesis that, beyond the changing dynamics
of volcanoes between eruptive periods, and intrinsic factors like attenuation effects and source characteristics that alter the
shape and spectrum of seismic signals, the effectiveness of automatic seismic monitoring systems is further compromised by
the incompleteness of the seismic catalogs on which they rely. To accomplish this task, the proposed algorithm will first be
described, and then, once its functioning is understood, the three experiments conducted will be detailed. The results of each
of these experiments will be detailed in the results section.

3.1 Methodolo

Building on the architectural strengths and

N@MMMWW this work proposes using a weakly supervised trans-
fer learning s-algorithm to create new
seismic catalogs from which the systems can be retrained with minimal initial human supervision.

3.2

In other words, instead of retraining the pre-trained systems with a given catalog, this approach proposes using the pre-trained
systems as a foundational seed (pseudo-labeler) to weakly label the new database and construct new catalogs. These new.
catalogs will then serve as the training knowledge for retraining the systems to the new volcanic environment.

Weakly supervised learning is a branch of Mi=machine learning covering the construction of predictive models by-tearning
with-weak-superviston(Zhou-2048)with minimal or indirect supervision (Zhou, 2018). Such techniques focus on learning
with incomplete, inexact, and/or inaccurate information derived from noisy, limited, or imprecise supervision processes. The
objective is to automatically provide supervision for labelling-labeling large amounts of data using labeling-labeling func-
tions derived from domain knowledge. This approach replaces the costly and impractical hand-tabeHed-hand-labeled process
with inexpensive weak labels, understanding that although imperfect, they can be used to create a strong predictive model.
In-this-stadyln this framework, the source domain (denoted as D,) is the MASTER-DEC dataset (based on refined physi-

13



335 cal models and a strong revision process). The target domain (denoted as D;) is the-Pope2002-a new given dataset (whose
available seismic eatalogue-catalog will not be considered). The goal of-this-study-is to address a domain adaptation task
touw2649; Parahant-et-al—2621H)(Kouw and Loog, 2019; Farahani et al., 2021) to reduce the cost of developing a reliable
seismic catalog and database for a new given dataset with minimal initial human supervision. That is,
automatically provide supervision for labelling large amounts of data from D; using labelling functions derived from domain

340 knowledge D;.

In a domain adaptation framework, typically Ds and D; have the same feature space but different distributions. However, in

this study, for the pseade-tabeling-pseudo-labeling task we assumed that:

— The marginal distributions of D, and D; are the same: P, (X) = P;(X;), where X and X, are the input feature vectors
associated with different seismic windows or frames in both domains. As such, the pseade-labeHed-pseudo-labeled
345 samples do not need to contain any domain information, and the occurrence of different seismic events is equally likely

in both domains.

— The conditional distributions of D and D, are the same: Qs (Y| Xs) = Q:(Y:|X}). As such, the pseundo-tabeHed-pseudo-labeled

samples are valid in both domains.

Such assumptions have important implications since in the target domain, while the marginal distributions of D, and D,
350 are the same [Ps(X) = P:(X})], the conditional distributions could be different [Qs(Ys| Xs) # Q+(Yz| X:)]. This shows how
similar feature vectors taken as the input could output different probabilistic event detection matrices. That is, the description or
charaeterisation-characterization of seismic categories could change between domains, or D; could contain seismic categories
unforeseen in D;.
Therefore, by-leveraging the probabilistic detection matrices output by the system trained in Dy, we can apply a weakly
355 supervised learning technique as a pseudo-labeller in D; to construct a new datasetcatalog from which to train a new systemin a
supervised way. Those parts-subset of the unlabelled dataset with high per-class probability, and then high confidence, are added
to the new training-setcatalog. Although imperfect, this method guarantees thatatleast, at least, events showing characteristics
similar to those annotated in the master eataloguecatalog will be included in the new training dataset. As a result, after the
re-training phase, the target eatatogue—is—catalog could be enlarged and updated. Ourproposed-weaklysupervised-transfer
360 }eammg»@]j)ﬂ}geﬂ&mﬁ&eﬂ&meéﬂﬁeﬂmﬂ—aﬂédeptetem%lt 18 unportant to h&ghhgh%ﬂfa%eu%mefhede}egyr&jﬂst
experiment does not aim to correct the catalog created by our colleagues with utmost dedication and effort; it simply seeks to
highlight that a pseudo-labeler can be a valuable tool in constructing and reviewing it with success and low time-consuming

365 Taking these factors into account, our proposed approach is outlined as follows and depicted in Figure 3:

1. Subset-AnalysisRecognition:
According to Figure 3 a, the recognition block analyzes a subset of data from the new dataset using a pre-trained system

14



(RNN-LSTM, Dilated-RNN, TCN) trained-on-and gets a probabilistic event detection matrix with per-class membership
outputs. The data stream illustrates continuous or streaming analysis (allowing near real-time processing). To carry.
370 out the recognition step using the network seed (trained with the MASTER-DEC dataset), streaming or continuous
signals are filtered between I and 20 Hz and split into frames or windows; the same algorithm of feature extraction
used the MASTER-DEC is applied. For each window, a feature engineering pipeline based on a logarithmic scale filter
bank is applied. This pipeline reduces the dimensionality of the input vector associated with each analysis window
(compared to raw signals), which facilitates the training and convergence of the systems, as it increases the separability
375 of the data based on well-studied features in the literature (review Titos et al. 2024 for a detailed understanding of the

2. Event Detection and Confidence Analysis (Concept drift detection): Ignoring the information contained within the

available Popo2002-seismic-catalogue;we-analyze-seismic catalog, the concept drift detection block analyzes the confi-
dence of each detected event using a-the previously obtained probabilistic event detection matrix with per-class member-

380 ship outputfrem-the-seftmaxtayer. This step allows us to quantify the severity of drift between datasets (usually knows
as “concept driftdetection”) bu-et-al—52018)(Lu et al. 2018). High or extremely high per-class recognition probabilities
for each event type indicate that the systems are well-fitted to the master database. Low per-class probabilities indicate
a change in the description of the analyzed information. Accurate and robust dissimilarity measurement and statistical

hypothesis evaluation are not strictly necessary ;-given the well-known dissimilarity between the-volcanic environments.

385 3. Concept Drift AdaptationMeehanism: An adaptive threshold mechanism is-adopted-—Detected-events-where a probabilit

threshold is defined to select the events that will be included in the new database is employed. Events with an average
per-class probability above-a-certain-exceeding this threshold are selected and ineluded-incorporated as training instances

in the training set.

4. Re-training process: Finally, the pre-trained-MI=systems-ML systems trained with the MASTER-DEC used in step 1
390 are re-trained using the selected instances and labels obtained in step 3.

5. Iterative Refinement: Repeat steps 2 to 4 iteratively until the desired result is achieved.

395 3.1 Experimental framework

While the literature offers a variety of accurate machine learning architectures used to uncover descriptive patterns in seismic

signals (Malfante et al., 2018; Lara et al., 2021; Hibert et al., 2017; Titos et al., 2018; Bueno et al., 2021; Titos et al., 2019;
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Figure 3. a) Weakly-Overview of the weakly supervised event selection algorithm applied-to-Popo2002-datasetdeveloped. A subset of the
dataset (in our case 40% of the total) is used as a training set by the previeusly-trained-ME-modelsreference pre-trained systems. The rest of
the data is used as a test set. Only high per-class probability recognized events are selected as new training instances. b) Workflow structure

and the specific preprocessing steps employedi is—article: speet SSiRg i < i i ss, which

relies on frequency analysis within the logarithmic filter bank domain (refTitos et al. 2022). This processed information serves as the input for
the different volcano-seismic recognition systems. ¢) For each detected event, the confidence of the detection is analysed using a probabilistic
event detection matrix with per-class probabilities output by the seftmaxtayersystems. d) Drift adaptation mechanism based on an adaptive
threshold was-is then adopted. Those events whose average number of per-class probability was-is greater than a given threshold were-are

selected and included as new training instances.

Canario et al., 2020; Bicego et al., 2022; Alasonati et al., 2006; Benitez et al., 2006; Kohler et al., 2010; Bhatti et al., 2016;

Titos et al., 2018; Bueno et al., 2021; Titos et al., 2022), some of these methods may not be as effective for the specific
challenges posed by continuous or streaming data (such as POPO2002 and LAPALMA2021). Given the inherent variability
and complexity of these data (consisting of seismic signal sequences containing multiple events, where the goal is to detect and
classify each individual event), specialized approaches capable of adapting to these conditions are required. More specifically,
we will base our experimental framework on the pre-trained systems previously published in Titos et al. (2018, bjereating-&
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2022 and 2024).

These systems correspond to the Recurrent and Dilated Recurrent Neural Networks (Hochreiter, S., Schmidhuber, J., 1997;
Schmidhuber, J., 2015); (Chang et al. 2017)), both with LSTM cells, along with Temporal Convolutional Networks (Lea et
al., 2017) (henceforth referred to as RNN-LSTM, Dilated-LSTM, and TCN, respectively).

3.1.1 Developing automatic recognition systems from available catalogs

The standard procedure for developing an automatic voleano-seismic monitoring system from scratch using supervised machine
learning techniques involves having a sufficiently representative seismic catalog (selecting and segmenting a large, reliable set
of well-labeled seismic events that cover the maximum possible range of events occurring in the studied volcanic area). These
WM@M%WMHM approaches ranging

from training the system from scratch

techniques (Weiss et al. (2016)). Transfer Learning offers significant advantages, especially when the available data for a
mre -trained medek—&ﬂérfhe%e*ﬂﬂaﬂewe%ﬁﬂaﬂee
a previously studied volcano) and adapting it to new data with considerably less computational and labeling effort. By
transferring knowledge acquired from one volcano to another, the system’s ability to recognize seismic patterns and adapt
MMWWWWWW&W leadmg to be&e%gmer&h%&ﬁeﬂﬂadﬁﬂﬂgam%gevefﬁ%ﬁﬂg}%efefef&

from-improved accuracy and generalization.
Thus, in the first experiment, to demonstrate that state-of-the-art machine learning model can effectively learn the information

contained in a seismic catalog (assuming catalog-induced learning biases), a recognition system based on transfer learnin

approaches will be developed from scratch utilizing three different architectures. To achieve this, three systems pre-trained

on MASTER-DEC

self-consisteney-of-will serve as the foundation for adapting recognition systems to the Pepe2002-database-is—checkedusing
the-three-propoesedMIarchiteetures(Popocatépetl volcano. Specifically, these systems will be re-trained with the available data
and catalog from POPQO2002 dataset. Given that the POPO2002 catalog contains 7 seismic categories, a recognition system
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based on transfer learning can be constructed in different ways. One approach is to consider only the categories present in

MASTER-DEC, while another includes all the categories (i.e., incorporating Explosions and Garbage events in the trainin

set, thus expanding the number of seismic categories by two). From a machine learning perspective, these two approaches have
1o major implications. In the first case, where only 3 seismic categories are used, the systems would undergo retraining with
the new catalog. In the second case, when using 7 categories, systems are adjusted to accommodate 2 additional categories,
leveraging the pre-existing parameters while updating only the output layer. After that, the models are trained as usual.

3.1.2 Developing automatic recognition systems with weakly supervised pseudo-labelin

To test our initial hypothesis and following the workflow outlined in Figure 3, this second experiment highlights the use of
weakly supervised approaches to enhance seismic-volcanic catalogs. By leveraging an existing unbiased master catalog, we

can incorporate prior knowledge into the new dataset under review. This process involves using each of the three reference
systems (RNN-LSTM, Dilated-RNN-and-FEN)-Dilated-LSTM, TCN), considered well-trained, to reassess and label the

AR A A AT A AR AAA R AR A AL A A A N A A R AN N A A A A A AN A A AN A S A A A RN AN A A AN AN AN

seismic categories in the new dataset, then retraining themselves based on these pseudo-labels. Therefore, Each system will
analyze a subset of the total POPO2002 database to create a training set for the retraining process. Once retrained, the systems
will generate a new seismic catalog, which will then be compared and analyzed against the original POPO2002 catalog to
assess the results We-apply-a-beave-One-Out-

Since MASTER-DEC is composed of five seismic categories, and the weakly supervised approach relies on pre-trained
models, the experiments presented here are based solely on these five categories. This limitation is a consequence of the
methodology and must be properly understood in order to ensure a correct interpretation and discussion of the results, as it
directly influences the way the data is analyzed and compared with the original catalog. An important consideration in this
experiment is that the recognition percentage obtained by the systems before and after retraining, using the original catalog.
annotations as a reference, can provide valuable insights into the algorithm’s behavior. Therefore, both results will be taken
into account in this experiment, with the aim of analyzing in detail how the retraining process with the new pseudo-catalog
affects the system’s performance.

3.2 Building a new catalog during an eruptive crisis: The Tajogaite volcano use case, 2021

The third and final experiment aims to analyze the robustness of the proposed methodology by building a seismic catalog from
scratch in a highly demanding use case. such as during an eruptive crisis. Since we have not had the opportunity to test it in an
actual eruptive scenario, we propose using data from the Tajogaite volcano during the 2021 eruptive episode. We also suggest
abstracting this offline test to simulate a real-time episode, as if data were being analyzed in real-time, since the functionality.
would be exactly the same. As previously mentioned, the selected pre-trained systems are capable of operate in near real-time,
with particularly short latency times, analyzing (not re-training) 24 hours of data in few seconds.

Therefore, for this experiment, a pair of 24-hour seismic records from the PPMA and PLPI seismic stations, corresponding
to September 12, 2021, just a few days before the eruption began when an increase in activity was detected, have been used. To
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conduct an analysis and comparison of the results, we have a seismic catalog created by geophysical experts from that volcano
during the eruption crisis itself. Given the large number of recorded events, the significance, and the urgency of the moment,
we believe that this catalog meets the human requirements of the time. Again, just as we argued in the case of the POPO2002
catalog, this experiment does not aim to correct the catalog created by our colleagues with utmost dedication and effort; it
simply seeks to highlight that a pseudo-labeler can be a valuable tool in constructing and reviewing it._

4 Results

This section presents the results supporting the experiments outlined in the previous section. For each experiment, tables
describing the system performances in terms of accuracy, along with detailed confusion matrices are presented. For Experiments
1 and 2, accuracy (%) metric evaluates the capability of the developed systems to accurately recognize (detect and classify) the
events annotated in the POPO2002 seismic catalog. The normalised confusion matrices provide a breakdown of true positives,
false positives, false negatives, and true negatives, allowing a thorough analysis of each system’s robustness in recognizing.
each event type. All results were obtained using a Leave-One-Out cross-validation methed-process with 4 random partitions.
Each time, we select T% of the entire database as training set, and the remaining (100-T) % as test set to check the perfor-
mance of the systems. Given-that-using-a_This analysis helps to identify specific areas where the model may struggle, such
as mis-classification between event types with similar features. Finally, in experiment 3, where only partial knowledge of the
earthquakes recorded during the crisis is available, results evaluate the model’s ability to generate a more comprehensive and
reliable catalog. This catalog will serve as a basis for inferring potential volcanic dynamics, with confusion matrices helping
to assess how well the model distinguishes between known and newly identified event patterns, which is critical in real-world

The optimal RNN-LSTM configuration consists of a single hidden layer with 210 units and no dilations. For the Dilated-LSTM
model, the configuration that yielded the best performance included three hidden layers, each with 50 units and 2-4 dilated
recurrent skip connections per layer. The TCN model, achieved optimal performance with 50 filters, a kernel size of 2, and
dilation values of 8, 16, and 32. Only one residual block was used, as additional blocks are more suitable for longer sequences,
such as waveforms with extensive time samples. Data normalization was performed using standard deviation normalization,
where each feature was normalized by subtracting its mean and dividing by its standard deviation, calculated from the training
set. The model was optimized using Stochastic Gradient Descent (SGD) with a fixed learning rate, ranging from 0.004 to 0.01,
with the optimal learning rate found to be 0.001. To prevent overfitting, early stopping and L2 regularization were applied
during training.

4.1 Developing automatic recognition systems from available catalogs

Table 4 presents the recognition results obtained by the pre-trained medel-systems after being trained on POP0Q2002 catalog.
Since using a transfer learning approach allows for more efficient utitizatton—use of computational resourcesand-that-, and
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the fine-tuning phase generally-typically requires fewer resources than training a medel-system from scratch, we-coenducted

505 twe-experiments-with-two experiments were conducted. These experiments considered 5 and 7 seismic categories, each usin
20% and 40% of the total data for the training set (T = 20 and T = 46-40). This means that the results were obtained us-

he-confidence-matrix-indices-are-high-—suggesting good-sel-consisteney- Table-3-shows-% and 60% of the data in the test

artition, respectively. Table 5 summarizes the averaged normalised confusion matrices ef-the- Leave-One-Out-cross-validation

510 proee or-the Pepe2002-datase he-results-of-thesete dicate-tha tde-of-cachsetsm A ere-1s-a-coherenee-ofthe
515
520
data for the training set.
5 seismic categories | 7 seismic categories
Training percentage | Training percentage
20% | 40% 20% | 40%
‘ RNN-LSTM 77.38 | 88.99 84.01 | 84.39
‘ Dilated-LSTM 82.88 | 84.70 84.05 | 85.21
‘ TCN 82.46 | 88.30 85.77 | 83.27
Table 4. Self-consistency results using 5 and 7 seismic categories, with 20% and 40% of the data for training and 80% and 60% for testing,
respectively. The results correspond to the average accuracy over the four partitions.
4.2 Weakly-Developing automatic recognition systems with weakly supervised Transfer L-earningpseudo-labelin
525
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RNN-LSTM Dilated-LSTM TCN
BGN | TRE | HYB | VTE | LPE || BGN | TRE HYB | VIE | LPE || BGN | TRE | HYB | VTE | LPE
BGN | 097 | 002 | O 0 0.01 || 0.96 | 0.02 0 0 002 || 098 | 001 | O 0 0.01
TRE | 0.06 | 0.78 | O 0.05 | 0.11 || 0.13 | 0.69 0 0 0.18 || 0.11 | 0.68 | O 0.09 | 0.12
VTE | 0.08 | 0.13 | O 0.51 | 0.28 || 0.12 | 0.17 0 031 | 04 0.14 | 0.09 | O 0.59 | 0.18
LPE | 0.05 | 007 | O 0.03 | 0.85 || 0.04 | 0.18 0 0 0.78 || 0.05 | 0.05 | O 0.04 | 0.86

Table 5. Averaged normalized confusion matrices associated with the Leave One Out cross validation process for the Popo2002 dataset.

These results belong to the test using 5 seismic categories.

Table 6 presents the recognition accurac

achieved by the pre-trained systems, which were retrained using the proposed weakly supervised approach with the trainin
artition set to 40% of the total POPO2002 dataset. As previously stated, since MASTER-DEC knewledge-is-imposed—We

Shesmes o adann bl dlonnen =l sso e el bl s sl e s e oned-bias-in-eventelassificationconsists of five seismic

categories and the weakly supervised approach builds on pre-trained models, the results presented here include only these 5
seismic categories. The first column of Fab i i i i i

stetable represents the results
obtained by directly applying recognition with the pre-trained models. This column shows the degree of similarity between the
original POP0O2002 catalog and the pseudo-catalog constructed using the pre-trained systems as pseudo-labelers. The second

column presents-the-results-obtained-after-applying-our-weakly-supervised approximation;-comparing-the-newPope

eriginakreflects recognition results compared to the original POPO2002 catalog after the systems have been retrained using the
previously constructed pseudo-catalog. Table 7 summarizes the averaged normalized confusion matrices of the new systems
based on the weakly supervised approach. with the POPO2002 catalog as the reference. The results are over the whole test set
using 40% of the whole set for training and five seismic categories. The y-axis corresponds to the real label or ground-truth and
the x-axis corresponds to predicted labels. Finally, Table 8 summarizes the comparison between the events initially annotated
in the POPO2002 catalog and the events detected by the new automatic systems following the weakly supervised approach.
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Five seismic categories blind test | ‘Weakly supervised TL’ using five seismic categories TL
RNN-LSTM 55.95 64.89
Dilated-RNN 50.13 55.72
TCN 58.27 66 16

a—achieved by the

re-trained systems, which were retrained using the eriginal-eatalogue
ng-approach with the

Table 6. Classification accuracy (acc. %) on the test set obtaine

and-after-applying-our-proposed weakly supervised
training partition set to 40% of the total POPO2002 dataset M&W@Q&y&é&sm&a

RNN-LSTM Dilated-LSTM TCN
BGN | TRE | HYB | VTIE | LPE || BGN | TRE HYB | VIE | LPE || BGN | TRE | HYB | VTE | LPE
BGN | 0.88 | 0.09 | O 0 0.03 || 0.67 | 0.32 0 0 0.01 || 0.8 0.19 | O 0 0.01
TRE | 029 | 0.36 | 0.03 | 0.02 | 0.03 || 029 | 0.5 0 0 021 || 0.19 | 0.7 0 0 0.11
VTE | 027 | 041 | 0.08 | 0.03 | 0.21 || 0.46 | 0.28 0 0.03 | 023 || 036 | 0.46 | 0.03 | 0.06 | 0.09
LPE | 036 | 0.19 | 0.06 | 0.06 | 0.33 || 047 | 0.18 0 0.01 | 0.34 || 0.41 0.33 | 0.01 0.01 | 0.24

Table 7. Normalised-Normalized confusion matrices retated-to-for the new retrained system using a weakly supervised approachimplemented
for-the-three-architectures, ustng-with the Pope26062-eatatogue POP02002 catalog as reference. The results are over the whole test set using

40% of the whole set for training and five seismic categories. The y-axis corresponds to the real label or ground-truth and the x-axis

corresponds to predicted labels.

Popo02002 catalo

BGN 340 >20,wher
TRE 273

VTE 371

LPE 1,155

Table 8. Comparison between the events initially annotated in the catalog and the events detected by the new automatic systems followin
the implementation of a weakly supervised approach.

4.1 Building a new catalog during an eruptive crisis: The Tajogaite volcano use case, 2021

Table 9 shows the recognition results obtained in this experiment using 24-hour seismic traces from the PLPI and PPMA
stations on 9/12/2021 at Tajogaite volcano. The number of events manually annotated by experts during the volcanic crisis for
the analyzed day, serving as a guide for the subsequent analysis is 247 earthquakes, both tectonic and volcanic in origin. As
mentioned earlier, it is important to highlight that these results correspond to an experiment where only a tentative earthquake
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this reason, to conduct a rigorous comparative analysis, we have included the recognition results from a widely-used tool
like PhaseNet (Zhu and Beroza (2019)). PhaseNet is a neural network-based system designed for automatic phase picking of
seismic events. It detects and labels seismic phases and estimates the probability of each phase type (P and S) across the trace.
After analyzing the two seismic stations, PLPI and PPMA, for September 12, 2021, 1173 P-phases and 1518 S-phases were

RNN-LSTM Dilated-LSTM TCN
PLPI | PPMA | PLPI | PPMA | PLPI | PPMA
BGN | 4344 4641 1800 3005 6409 8642
TRE 109 64 229 241 152 139
HYB 12 14 5 8 - -
VTE 187 131 194 161 333 403
LPE 1008 1032 564 711 516 761
Table 9. Recognition results obtained by the pre-trained reference models on the seismic traces recorded on 12/9/2021 at the PLPI and PPMA
stations. Results are without considering re-training process.

5 Discussion

5.1 Developing automatic recognition systems from available catalogs

The classical way to assess the robustness of an automatic recognition system is by evaluating its recognition accuracy across
all events included in the catalog. Typically, a system with an average performance below 75% is considered unreliable.
However, this lack of reliability is often not due to the system’s ability to learn to distinguish between different events, but
of different natures are assigned to the iti i i

Q50 _Th ac « often-used—in-many

type, the system’s performance will drop. If events classified as part of the same category are not consistent, the system will
struggle to make accurate predictions, as the inherent variability within each type undermines the learning process. In such
cases, 2048)-visualization-of the recognition accuracy typically falls below 70%. Therefore, Tables 4 and 5 not only provide
information about the reliability of the developed systems but also about the consistency of the catalog itself.

According to such results, the three proposed systems are shown to achieve a high degree of recognition in both experiments
(including 5 and 7 seismic categories), allowing us to conclude that the systems effectively learn to recognize the events
annotated in the catalog. It is worth noting, however, that in the second experiment, when the number of seismic categories
increases from S to 7, the recognition rate of the 3 systems is slightly affected. This result is clearly influenced by the imbalance
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in_the dataset. The seismic category Explosion (EXP), with only 4 events, has no impact on the outcome. In contrast, the
inclusion of the Garbage (GAR), with 2,739 events of varying durations, significantly changes system performance. Firstly,
because it is the predominant category in terms of both number and duration, performing an analysis by windows results in
a considerable increase in labels of this type, biasing system learning. Secondly, the spectral characteristics describing GAR
events are very similar to those of BGN events. The former represents a set of events without a clear definition, while the latter
represents seismic noise. Therefore, including both in the training process leads the systems to confuse the two, with GAR
emerging as the more dominant qualitative category due to its imbalance.

Regarding the confusion matrices across the 3 systems, the analysis suggests that, the POPO2002 catalog is consistent, within
each seismic category, there is coherence among the elements classified within the same category. However, propagation and
source effects can influence seismic event characterization. For instance, VTE events are not well-identified, with confusion
rates exceeding 60% in some cases, meaning only 40% of VT events are accurately classified. The highest confusion levels
are observed between the VIE and LPE categories, possibly due to shared characteristics, as LPE events may resemble
highly attenuated VTs, causing potential biases in event categorization. This overlap suggests that some seismic categories
have elements positioned in overlapping areas of the representation space (mathematical space where data points are mapped
according to learned features), where they share similar projected features, and events, despite being assigned to a specific
%@MMWQWMASTER -DEC Hweﬂ%%heﬁmd%by%ueﬂ&e%ﬂl—%%lﬁfe%fhe

described in Figure 3). Thus, although system performances range between 85% te-and 90%, it-this does not always reflect
that-the-seismic-eatalogue-is-a complete or unbiased ;-but-rather-that-the-training-process-has-beensel-consistent—Meore-than

learning-to-characterise-the-voleane-dynamies-deseribing-the-latent-seismic catalog. Rather than solely learning to characterize
volcano dynamics based on an underlying physical model, the systems are-may be learning the information contained in-the

swithin the catalo
itself. Consequently, catalog-induced learning could limit a system’s ability to generalize, potentially obscuring information
relevant to advancing our understanding of volcanic behavior.

5.2 Developing automatic recognition systems with weakly supervised pseudo-labelin
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Once the construction of catalogs through transfer learning has been discussed, we are now ready to discuss the use of weakly
supervised pseudo-labeling approaches. Results demonstrate that, when applied effectively, these methods can significantly
W&@W& According to Table 4-when-using thisapproachs
6, using pre-trained systems as

seudo-labelers results in a substantial decrease in overall performance compared to building automatic monitoring systems
from available catalogs (Table 4). However, a closer inspection of the results-Table 8 shows other aspects of the performance

being very encouraging.
First, the mede}s—deteeteehmgggggvents that were orlglnally not recognised-by-expert-geophysieists-during
tally-annotated in the eatalogue—and-theevents
detected-by-the-three-automatie-systemspreliminary catalog during data-labeling. The vast majority of undetected-events;-which
were-net-annotated-in-the-preliminary-eatatogte-such recognized events, were discovered within segmentstabeled-as-GAR
(Fig—3a))—Seeond; long segments labeled as GAR or TRE. An example of this behavior can be seen in Fig. 4, which shows
LP events (red boxes) that were not initially annotated during labeling within a trace labeled as TRE, along with the correction

of an event originally labeled as LP, now relabeled by the data

system as VT. This
scenario occurs many times throughout the dataset, and these additional labels reduce overall recognition accuracy relative to
the original labeling, although they do not necessarily represent errors.

Second, among the seismological community, there is a marked interest in associating different types of seismo-volcanic
signals with models of seismic sources in order to better understand the physics of the underlying processes. At present, there
are two main complementary lines of research within volcano seismology: a) the detection and identification of different types
of volcanic events and b) the investigation of physical source models that explain the origin of these signals. As scientific
knowledge has advanced, a paradoxical situation has developed: there is a lack of uniformity in the naming of observed
seismic signals. Therefore, the subjectivity of human operators during the labeling process can lead to discrepancies in catalog.
construction. As a result, catalogs and automatic recognition outcomes often vary across different volcanoes and researchers,
which ultimately reduces the system’s ability to be universally applied and impacts its performance. A clear example of this
discrepancy can be seen in Table 7. According to such table, on average, only 5% of frames-were-eorreetty recognised-tsee
Table-5-for detail)+the analysis windows labeled as VTE in the original catalog were recognized by the retrained systems.
On initial inspection, these results might suggest poor systems recognition for this seismic category, but interestingly, it is one
of the most distinctive events due to its high-frequency content and exponential energy decay. So, what accounts for the low.
recognition rate? A detailed analysis shows that it is mainly due to labeling discrepancies between the MASTER-DEC event
prototypes and POPO2002 catalog annotations. On the one hand, the start and end points of some events are often marked in
positions that differ significantly from those annotated by the automatic systems. Instead of recognizing entire seismic traces

such as volcano-tectonic earthquakes (VTE) as annotated in the original catalog, the systems detect background noise (BGN
segments before and after the earthquakes. While segments with high spectral content were eerrectly-detected and classified as
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Figure 4. Insertion-based errors when retraining systems using a weakly supervised approach. Detection of LP events (red boxes) that

were initially overlooked during the labeling process within a trace labeled as TRE-LPE-TRE. Correction of an event originally labeled

as LP, which the system now re-labels as VT. This scenario occurs frequently throughout the dataset, and these additions reduce per-frame

recognition accuracy compared to the original labeling; however, they do not always indicate errors.

VTE, those with low spectral content were classified as BGN or TRE. However;-after-a-posterior-supervisionby-a-geophysieal

Attenuation-and-sources-effeets-also-affected-thefinal-recognition-These additional detections reduce per-frame recognition
accuracy. This can be clearly seen in Fig. 5 during earthquakes recognition.

On the other hand, the VTE prototype events used in MASTER-DEC have very specific characteristics. However, some of
the VTE events labeled in POPO2002 do not reliably share these characteristics. This may be due to the fact that catalogs are
often constructed using data from multiple seismic stations, with strong attenuation and source effects, while imposing rules
or conditions for identifying signals. Therefore, the original labeling of an event does not always align with the wayeform and
spectral content of the analyzed signal, as it may vary depending on the station being analyzed. As a result, if the signal being.
analyzed does not align with the characteristics of the prototype event used to construct the system, such signal will be labeled
or associated with the event prototype that most probabilistically resembles it. This behavior reduces the recognition rate for
this seismic category. Figure 6 illustrates this behavior, showing two examples of events annotated as VIE in the POPO2002
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Figure 5. Insertion-based errors when retraining systems using a weakly supervised approach. Event delimitation: examples of the labelin,

rocess for the systems. Instead of recognizing entire seismic traces such as volcano-tectonic earthquakes (VTE) as annotated in the original

catalog, the systems detect background noise (BGN) segments before and after the earthquakes. These additional detections reduce per-frame

recognition accuracy; however, after a posterior revision, they should not be considered errors. The current colormap in the spectrogram

represents the energy levels. The blue color corresponds to the minimum energy, while the red color corresponds to the maximum ener

catalog that are recognized as TRE by the systems. The Power Spectral Density (PSD) of both events shows a clear content

in low and intermediate frequencies (1-12 Hz), perfectly aligning with the source model proposed by Ibaiiez et al. (2000) in

solution to this situation would be to apply the algorithm to different stations.

Third, intra-category variability can also affect the overall recognition of the systems. The new dataset contains high
intra-elass-variability in some categories (those-composed-of-different-subeategories—as—PE-or-FRE-categories composed
of distinct events with shared characteristics are grouped into a single category, such as various LPs, TRE events, or regional
and volcano-tectonic earthquakes all labeled collectively as earthquakes). Again, the nature of the seismic data played an

essential role. Within the feature space, the representation of events belonging to a given subcategory in the new domain
(Pepo2062POP02002) was closely related to the representation of events belonging to a different category in the source do-
main (MASTER-DEC). For example, similar to what occurs with some events in Fig. 13, the representations of some EPE
%eﬁegem%ﬁq%%@%mmw%very close to the representation of TRE in MASTER-DEC (Fig.
4ay7)a). As such, the w i
ing the training phase. This decreased the overall systems performance since many frames (33%, 19%, and 18% for TCN,

RNN-LSTM, and Dilated-LSTM, respectively) were detected as TRE;—resulting—in-an—error—that-was-net-reallyan—error.
The same issue arose for some attenuated earthquakes, which were labelled as LPE in the orlgmal seismic eatalogue-but

algorithm assigns the TRE label dur-

“mis-elassified’—catalog but classified as VTE or TRE 1
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Figure 6. Two examples of event annotated as VTE in the POP0O2002 catalogue being recognized as TRE for the systems. The current
colormap in the spectrogram represents the energy levels. The blue color corresponds to the minimum energy, while the red color corresponds
to the maximum energy. The PSD reflects the distribution of a signal’s energy among the frequencies.

representation of an earthquake event in MASTER-DEC (Fig. 4b)since-the—seismictraces—correspond-to-earthquakes—with
attenuated-high-frequeneies7b). Finally, low-energy TRE events were clearly mis-classified as BGN because the peak-to-peak

amplitude degradation of the signals was related to attenuation effects. This complex scenario was widely discussed by Titos et

685 al. (2018); therefore, to correctly deal with these errors, further information from several seismic stations is needed. Additional

FhF2-and-H3)— The results suggest that per-frame-overall recognition can be strongly biased by the intrinsic limitations

addressed when developing the seismic eatategtiecatalog and from which the comparative metrics were obtained. Therefore,
if labelling criteria between datasets differ, per-frame recognition results will vary widely. UntitnewHitherto, the development

690 of new monitoring systems has focused primarily on improving existing recognition rates. However, our findings confirm that
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weakly-supervisedlearning-approaches-by leveraging an existing unbiased master catalog, we can incorporate prior knowledge

into the new dataset under review. Using automatic pseudo-labelers have the remarkable capability of simultaneously identify-
ing unannotated seismic traces in the eatategtie-catalog and help to correct the labels of mis-annotated seismic traces. When&

weakly-supervised-approach-based-on-a-master-seismic-catalogue-guides-there-training phase-altheugh-Although the general
performance of the system deereasesseems to decrease relative to the original catalog, previously hidden information that can
improve knowledge of the volcanic dynamic background can be obtained. Popo2002-eatalogue RNN-ESTM Dilated-LSTM
TEN

5.3 Building a new catalog during an eruptive crisis: The Tajogaite volcano use case, 2021

To conduct a detailed analysis of the results obtained in this experiment, it is essential to know the reference data. As mentioned
earlier, this experiment considered the seismic traces from two stations, PLPI and PPMA, for September 12, 2021, a few days
before the eruption of Tajogaite volcano began. On this day, given the volcanic activity and monitoring conditions only 247
earthquakes, both tectonic and volcanic, were annotated in the catalog.

346->20,-000->20,-000-17—  Considering this information, we now_proceed to discuss the results. For the sake of the
comparison, we will start analyzing the outcomes obtained by PhaseNet. PhaseNet detected several hundreds of P and S phases,
with the number of S phases being higher at both stations. It is due to the greater energy associated with these waves. However,
as it can be seen in Figure 8a, when fixing a phase score threshold highlighting the reliability of the detections, the number
of detections decreases rapidly with high values. For example, for values close to 80% only approximately 722 P-phases—303
S-phases at PLPT and 282 P-phases—216 S-phases at PPMA are detected. This significantly reduces the number of potential
events that could be included in the catalog. Fig. 8b shows the match between detections and the cataloged events. Of these
247 annotated events, Phasenet detects 206 P-phases and 199 S-phases at PLPL; and 157 P-phases and 28 S-phases at PPMA,
all without applying any probability threshold. Again, when setting the phase score threshold greater than or equal to 80%, the
detections decrease to 163 P-phases and 164 S-phases at PLPI, and 116 P-phases and 21 S-phases at PPMA. This behavior
underscores the complexity of constructing seismic catalogs, as even when focusing solely on seismic phase detections, there
is no consistent criterion between a human operator and advanced automatic systems for choosing events. More importantly,
even when considering the inclusion of these potential events, extensive human supervision would be required to validate and
categorize them.

Looking at the recognition results obtained by the pre-trained reference systems (see Table 9). it can be observed that a
big amount of events are being detected. However, similar to Phasenet, some of such events should be discarded because the
reliability of the recognitions. Figure 9 depicts such reliability based on the belonging probabilities outputted by the systems.
To dive into these results: 1) we will analyze how the number of detections changes as the reliability changes (we focus on
more specific or sensitive systems); 2) we will examine how the systems perform using as reference the 247-events annotated
in the catalog; and 3) we will assess the reliability of the remaining detected events in order to evaluate the reliability of the
new pseudo-catalogs.
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variability-based errors: some long period event (LPE) subcategories in POPO2002 are very close to the representation of tremor (TRE) in
MASTER-DEC. (b) Two attenuated earthquakes labelled as LPE in the seismic catalog, but classified as volcano-tectonic earthquake (VTE)
or TRE. The current colormap in the spectrogram represents the energy levels. The blue color corresponds to the minimum energy. while the
red color corresponds to the maximum energy.

supervisecHearning Thapproach:  Across all systems and at both stations, the number of detected events decreases significantly
as the probability threshold increases, particularly for values above 80%. At higher thresholds, the detections are predominantly.
limited to events closely correlated to the prototype events on which the systems were trained. Figure 9c shows that for
thresholds above 80%, the number of detected earthquakes by both RNN-LSTM and Dilated-LSTM averages between 120 and
150 events at both stations. For TCN, the number of detected earthquakes is significantly higher, highlighting that its specificity.
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Figure 8. Evolution of the number of detected phases at the seismic stations as the phase score threshold varies. A) Total number of phases
detected at both stations. B) Number of phases matching the 247 events recorded in the catalog on 12/9/2021.

could be set at slightly higher thresholds, around 85-90%. The main reason for the non-detection of certain catalog-annotated
events was their differing spectral content compared to the average spectral content of the carthquakes annotated in the catalog.
Specifically, by comparing the spectral content of the undetected events with the average spectral content of all the annotated
events, a clear attenuation of energy is observed at higher frequencies (>15 Hz). This characteristic is crucial, as the systems
were trained with prototype events that had a clear energy component at high frequencies. Figure 11 illustrates a couple of
examples of this behavior. The first row corresponds to the seismogram of the event being analyzed (annotated in the catalog
but not detected by any of the systems). The second row corresponds to their spectrograms. The third and fourth rows show.
the average power spectral density (PSD) of all events annotated in the catalog for that day and the PSD of the event under
analysis. The fourth row of both Figure 10a and 10b show a clear attenuation of energy at high frequencies and a higher level
of energy at lower and intermediate frequencies, respectively. In general, these events reflect belonging probabilities ranging
between 50% and 80%. It highlights the importance of adjusting the specificity or sensitivity threshold when creating new.
pseudo-catalogs.

Regarding the detection of events identified by the systems but not annotated in the catalog, on average, RNN-LSTM
and Dilated-LSTM detected approximately 60 earthquake-type events, while TCN identified over 150. Figure 11 presents a
couple of examples of such earthquakes. The PSDs reveals that they share characteristics consistent with those of earthquakes.
However, as indicated by the probabilities shown at the top of the figure, their partial similarity in spectral content prevented
them from being classified with higher confidence.

Finally, itis important to discuss the recognition of events different to earthquakes, for which there is no available information
to contrast the results. Figures 9a and 9b show the number of LPE and TRE events recognized by the systems, along with their

31



LPEs detections at PLPI-PPMA stations TREs detections at PLPI-PPMA stations
250 1

1000 4

2001
800 1

150 1
600 1

100 +
400 1

number of events detected
number of events detected

LSTM-PLPI
LSTM-PPMA
Dilated-LSTM PLPI
Dilated-LSTM PPMA
TCN PLPI

—e— LSTM-PLPI

200 { = LSTM-PPMA 507

—=— Dilated-LSTM PLPI

—— Dilated-LSTM PPMA
TCN PLPI

01 —e— TCN PPMA 0+ TCN PPMA

0.0 02 0.4 06 0.8 1.0 0. 0.2 04 0.6 08 1.0
probability detection threshold probability detection threshold

THetete:

5}

(@ (b)

VTEs detections at PLPI-PPMA stations

400

3501

3001

2501

200 1

1501

number of events detected

100 | —e— LSTM-PLPI

—— LSTM-PPMA

—#— Dilated-LSTM PLPI

—&— Dilated-LSTM PPMA
TCN PLPI

0- —e— TCN PPMA

50

0.0 0.2 0.4 0.6 0.8 1.0
probability detection threshold

©

spaece-where-they-share-similar projected-parametersTREs detected at both stations. C) Total number of VTEss detected at both stations.

750  corresponding membership probabilities. From these figures, it can be concluded that the number of detected events is high
for both categories, and the assigned membership probabilities are also relatively high, ranging from 80% to 95%. Unlike
carthquakes, where high-frequency energy from external factors can lead to errors, TRE and LPE events are highly distinctive
and well-defined at low frequencies. Since the systems were trained using parameter vectors based on logarithmic scale filter
banks, which provide higher resolution at low frequencies than at high frequencies, the analysis of energy distribution across
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755 low frequencies is highly reliable. Figure 12 shows an example of the LPE and TRE detections. As shown, these events were
recognized with very high probabilities. Analyzing their spectral content, waveform, and energy reveals a perfect correlation
with the characteristics of the prototype events on which the systems were trained, as illustrated in Figure ??. Therefore, we
can conclude that a large percentage of the detected TRE and LPE events correspond to prototype events from MASTER-DEC,
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which indicate the associated source mechanism of their label. It will be the responsibility of the volcano experts to analyze
760 whether these detected events share the same source mechanism or whether they should be re-labeled before pre-training the
systems to adjust to the volcanic environment under analysis.
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Figure 12. Example of a) LPE detected but not annotated and b) TRE detected but not annotated in the catalog.
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5.4 Summary of Findings

The results presented in each experiment provide valuable insights into the development of automatic recognition systems with
weakly supervised pseudo-labeling, highlighting both the strengths and limitations of the proposed methods. By synthesizing.
the outcomes, we aim to offer a comprehensive understanding of how leveraging an existing automatic pseudo-labeler based
on a master catalog can incorporate prior knowledge into the new dataset under review, which can inform future research and
applications in the field.

Among the main strengths identified, the systems’s ability to recognize previously learned prototype events, even in scenarios
quite different from those analyzed during the learning process. This feature enhances its usefulness in reducing biases when
creating or improving catalogs. The results demonstrate that if systems would be trained across diverse volcanic environments
with varied distributions of prototype events, recognition results could improve. suggesting good adaptability and, consequently,
the construction of less biased catalogs in new scenarios and volcanic settings. However, the systems shows certain limitations,
such as the detection of events that do not match any prototype, which could impact the final performance of the re-trained
systems. This primarily occurs because the pre-trained reference systems from which the pseudo-catalogs are built must
assign a category to each analyzed window. Therefore, the systems will always assign a seismic category, even when the
prototype is far from the signal under analysis. Once again, this challenge can be addressed by creating more comprehensive
training datasets that describe different event distributions. Finally, another major challenge identified is the decision of the
membership threshold from which events are included in the new pseudo-catalogs, indicating a need for post-analysis to
assess the confidence of the detections, which would help distinguish between very sensitive or very specific pseudo-catalogs.
Adjusting low_probability thresholds will allow the creation of highly sensitive catalogs, which may result in many false
positives—events that do not match the prototype. Retraining the systems with these catalogs could drop the performance and
detection skills. On the other hand, a high probability threshold might not be sufficient to adapt the systems to the new volcanic

environment.

6 Conclusions

This study provides the first comprehensive analysis of seismic eatalogue-indueed-catalog-induced bias when developing au-
tomatic recognition systems. We evaluated the ability of several monitoring systems trained using a master seismic eatalogue
catalog from Deception Island volcano to adapt to a new seismic eatalogue-catalog from Popocatépetl volcano through our
novel, proposed weakly supervised framework. Our results confirm the robustness of data-driven approaches as a basis for
the construction of short-term early-warning systems. However, quantitative and qualitative analysis confirmed that the relia-
bility of a system is strongly biased by the undetailed coverage of the seismic eataloguecatalog. While systems performance
reached almost 90% per-frame recognition accuracy, intrinsic limitations when developing seismic eatalogues-catalogs led to
extremely useful information describing the volcanic behaviour being ignored. Instead of simply learning to characterise vol-
canic dynamics by describing the latent physical model, eatalogue-indueed-catalog-induced learning can bias the system by

discarding useful data describing volcanic dynamics. However, when a weakly supervised learning approach based on a master
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seismic eate catalog is applied, an unknown amount of information related to volcano dynamics is revealed.

This study raises important questions about the relevance of eatalogue-indueed-catalog-induced learning when developing new
monitoring systems. Our results demonstrate that systems based on iterative weakly supervised or even unsupervised learning
techniques could offer a more successful approach than supervised techniques under crude seismic eataloguescatalogs. There-
fore, we conclude that ensuring appropriate seismic eatalogues—catalogs and support for developing monitoring tools should
be a priority to the same extent as applying new and more effective Al techniques. The use of more sophisticated pseudo-
labelling techniques involving data from several eatalogues-catalogs could help to develop universal monitoring tools able to

work accurately across different volcanic systems, even when faced with unforeseen temporal changes in monitored signals.
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