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Résumeée

Mots-clés: Distributed Acoustic Sensing (DAS), Apprentissage machine, Sismologie, Espace latent,
Tremblements de terre, Sources sismiques anthropiques, Apprentissage supervisée, Apprentissage
non-supervisée

La sismologie permet d’étudier de nombreux phénomenes naturels par les ondes sismiques qu’ils
géneérent. A partir de ces ondes nous pouvons remonter a de nombreuses informations, & commencer
par le temps précis d’occurrence des phénomenes, mais aussi leur localisation, les propriétés de leur
source et les propriétés du milieu. Les enregistrements de ces ondes sismiques sont basés principale-
ment sur l'utilisation des réseaux de sismomeétres. L’observation et 'analyse des données acquises
permet d’identifier des caractéristiques communes associées a un type d’événement particulier, qui
pourront étre exploités pour comprendre les mécanismes physiques impliqués et potentiellement
quantifier plus précisément I’aléa. Depuis quelques années, en parallele d’'une approche par sis-
mometre classique, une nouvelle technologie basée sur I'utilisation de fibres optiques a émergé pour
la surveillance d’événements acoustiques naturels ou anthropiques: le DAS (Distributed Acoustic
Sensing). Cette technologie innovante permet de mesurer des vibrations sismiques avec une tres
haute résolution spatiale sur des distances allant de quelques dizaines de métres a plusieurs centaines
de kilometres. Bien que ces données soient plus volumineuses et complexes a traiter que celles is-
sues des sismometres traditionnels, elles offrent des perspectives prometteuses, en particulier pour
I’analyse des champs d’ondes générés par les tremblements de terre, la détection des glissements
de terrain, de divers événements anthropiques (par exemple des mouvements piétons, des mouve-
ments de véhicules, ou des signaux sismiques générés par des travaux tiers), d’événements de faible
amplitude ou tres localisés (par exemple I’observation de microsismicité ou d’événements naturels
environnementaux) ou encore une localisation précise de 'origine de ces événements sismiques.

L’objectif de ce travail de these vise a lever les verrous qui portent sur 1’élaboration puis I’ap-
plication d’une chaine de traitement en proposant une approche basée sur I’apprentissage machine
pour analyser en temps quasi réel des données sismologiques collectées a I’aide d’une fibre optique.
L’objectif est consacré a la surveillance a échelle locale puis régionale de zones spécifiques, afin
de permettre, a terme, de détecter et identifier en temps réel des événements naturels tels que les
tremblements de terre et les glissements de terrain.

Au sein de cette thése, nous avons choisi d’explorer dans un premier temps l'utilisation d’al-
gorithmes classiques en apprentissage machine, comme les foréts aléatoires et le gradient boost-
ing. Nous nous inspirons du travail réalisé par Provost et al. (2017), proposant l'utilisation d’un
ensemble d’une soixantaine d’attributs pour la classification automatisée par algorithme des foréts
aléatoires de signaux sismiques naturels (chute de roches, tremblements de terre, microséismes)
mesurés par deux stations sismologiques permanentes. Ces attributs décrivent le comportement
temporel et fréquentiel des signaux sismiques observés. Dans une premiére étude, nous avons util-
isé ces attributs pour entrainer un algorithme d’apprentissage automatique a reconnaitre plusieurs
types d’événement d’origine anthropiques (mouvement piéton, impact avec une pelle, compacteur
en marche, présence d'une pelle mécanique, fuite de pipe) acquis a ’aide d’un DAS, le long d’une
fibre optique et en milieu contrdlé. Afin de considérer dans la prise de décision le caractére redon-
dant de I'information transportée par les traces mesurées a des positions spatialement proches dans



la donnée DAS, nous avons complété 'algorithme d’apprentissage automatique par un algorithme
d’agrégation de voisinage appelé champs de Markov aléatoires. Cette chaine de traitement est égale-
ment construite afin de fonctionner en temps quasi-réel sur des flux de données (données de durée
constante, découpé indépendamment de la présente ou non d'un événement) et a produit un taux
de bonne classification de 87%.

Suite a cette premiere étude, nous avons observé que l'utilisation des attributs purement tem-
porelles ne capturent qu’une partie de la complexité de la donnée DAS ce qui a motivé I'exploration
de nouveaux attributs incluant I'information spatiale de la donnée DAS, ainsi que I'information de
similarités entre traces sismiques mesurées par positions différentes. Elles complétent la liste préex-
istante d’attributs temporels et leur efficacité est testée sur une base de données acquise le long
d’une fibre optique de 91 km déployée dans les Pyrénées pendant une durée de trois semaines. Cette
étude a montré la capacité de notre algorithme a reconnaitre I’ensemble des 13 tremblements de terre
repérés a 'aide du service en ligne proposé par le BCSF-RENASS ainsi que les 3 tirs de carrieres les
plus proches (< 4 km) parmi les 6 repérés. Afin d’entrainer notre modele d’apprentissage automa-
tique, il a été nécessaire d’effectuer un relevé manuel des événements sur les données a I'aide de la
liste des événements fournie par le service en ligne. Sur une période d’observation plus étendue ou
dans une région a forte sismicité, la labellisation manuelle pourrait devenir plus laborieuse.

Une des solutions permettant de pallier partiellement a cette problématique de labellisation mas-
sive est l'utilisation d’algorithmes non supervisés. Les approches par clustering de partitionnement
puis par clustering hiérarchique offrent une exploration approfondie du jeu de données, en organ-
isant ces derniéres en clusters et en établissant une hiérarchie entre eux. Le coeur de notre travail
de recherche sur cette approche a d’abord été d’identifier la meilleure représentation de la donnée
DAS. Nous avons proposé deux représentations : 1'utilisation des attributs préalablement utilisées
par 'approche basée sur I'algoritme des foréts aléatoires, et une représentation en image combi-
nant 4 transformations des données brutes (représentation en énergie, par le rapport STA /LTA, par
moyennage des spectrogrammes calculés pour chaque position de fibre, et par représentation des
spectres calculés pour chaque position de fibre). Les résultats montrent qu’il est possible de clus-
teriser la donnée fibre optique (FO), et que les deux ensembles d’attributs donnent des résultats
intéressants. L’approche utilisant les attributs pré-calculés est intéressante car elle est beaucoup
moins couteuse en temps de calcul. Ces résultats trés encourageants permettent d’imaginer de fu-
turs systémes de classification autonome, avec une intervention humaine réduite a la labellisation
des clusters, et non plus a des millions de segments individuels dans la donnée mesurée par fibre
optique.

En conclusion, cette thése explore de maniere approfondie I’application de techniques d’appren-
tissage automatique pour I'analyse de données sismiques mesurées par fibre optique, en tenant
compte des spécificités liées a la nature dense et redondante de la donnée DAS. Nous avons démon-
tré que l'utilisation d’attributs temporels et spatiaux, en association avec des algorithmes d’agré-
gation comme les champs de Markov aléatoires, permet d’améliorer la classification d’événements
sismiques d’origine anthropique et naturelle. Les tests réalisés dans une zone de faible a moyenne
sismicité, comme les Pyrénées, ont démontré qu'une labellisation manuelle réalisée avec I'aide du
service en ligne proposé par le BCSF-RENASS était suffisante sur des périodes relativement courtes.
Toutefois, dans des contextes a plus forte sismicité ou sur des périodes de mesure plus longues, cette
approche pourrait devenir laborieuse a mettre en place. Dans ce cas, l'utilisation d'une approche
auto-supervisée, permettant une labellisation par clusters plutét que par événements individuels,
apparait comme une solution prometteuse pour automatiser la classification. Ces différentes pistes
de réflexion offrent un potentiel considérable pour le développement futur de méthodes d’analyse de
données DAS plus robustes et autonomes, avec des applications prometteuses pour la surveillance
sismique et la compréhension des phénomeénes naturels.
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Abstract

Keywords: Distributed Acoustic Sensing (DAS), Machine Learning, Seismology, Latent Space,
Earthquakes, Anthropogenic Seismic Sources, Supervised Learning, Unsupervised Learning

Seismology allows the study of numerous natural phenomena through the seismic waves they
generate. From these waves, we can infer a wealth of information, starting with the precise tim-
ing of events, as well as their location, source properties, and the properties of the medium. The
recording of these seismic waves is primarily based on the use of seismometer networks. Observ-
ing and analyzing the acquired data enables the identification of common characteristics associated
with specific types of events, which can then be exploited to understand the physical mechanisms
involved and potentially quantify the hazard more precisely.

In recent years, alongside traditional seismometer-based approaches, a new technology based on
the use of optical fibers has emerged for monitoring natural or anthropogenic acoustic events: Dis-
tributed Acoustic Sensing (DAS). This innovative technology enables the measurement of seismic
vibrations with very high spatial resolution over distances ranging from tens of meters to several
hundred kilometers. Although these data are larger and more complex to process than those from
traditional seismometers, they offer promising perspectives, particularly for analyzing the wave-
fields generated by earthquakes, detecting landslides, monitoring various anthropogenic events
(such as pedestrian movements, vehicle movements, or seismic signals from third-party activities),
low-amplitude or highly localized events (such as monitoring microseismicity or environmental nat-
ural events), and precisely locating the origin of these seismic events.

The goal of this thesis is to overcome the challenges associated with developing and applying a
processing chain by proposing a machine learning-based approach to analyze near-real-time seis-
mic data collected via optical fiber. The objective is focused on local and regional monitoring of
specific areas to ultimately enable the real-time detection and identification of natural events such
as earthquakes and landslides.

Within this thesis, we initially explore the use of classic machine learning algorithms, such as
random forests and gradient boosting. We draw inspiration from the work by Provost et al. (2017),
which proposes the use of a set of about sixty attributes for the automated classification of natural
seismic signals (rockfalls, earthquakes, microseisms) measured by two permanent seismological sta-
tions. These attributes describe the temporal and spectral behavior of the observed seismic signals.
In a first study, we used these attributes to train a machine learning algorithm to recognize various
types of anthropogenic events (pedestrian movement, shovel impact, running compactor, presence
of a mechanical shovel, pipe leak) acquired using DAS along an optical fiber in a controlled environ-
ment. To account for the redundancy of information carried by traces measured at spatially close
positions in the DAS data, we enhanced the machine learning algorithm with a neighborhood aggre-
gation algorithm called random Markov fields. This processing chain is also designed to function
in near-real-time on data streams (constant-duration data, independent of event occurrence) and
achieved a classification accuracy rate of 87%.

Following this initial study, we observed that using purely temporal attributes only captures
part of the complexity of DAS data, which motivated the exploration of new attributes incorpo-
rating spatial information from the DAS data, as well as similarity information between seismic
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traces measured at different positions. These complement the existing list of temporal attributes,
and their effectiveness was tested on a dataset acquired along a 91 km fiber optic cable deployed in
the Pyrenees for three weeks. This study demonstrated the ability of our algorithm to recognize all
13 earthquakes detected using the online service provided by the BCSF-RENASS, as well as the 3
nearest quarry blasts (< 4 km) among the 6 identified. To train our machine learning model, manual
event marking on the data was required using the event list provided by the online service. Over
an extended observation period or in a high-seismicity region, manual labeling could become more
labor-intensive.

One solution to partially address this massive labeling issue is the use of unsupervised algo-
rithms. Partitioning clustering and hierarchical clustering approaches allow for an in-depth explo-
ration of the dataset, organizing the data into clusters and establishing a hierarchy among them.
The core of our research work on this approach has initially focused on identifying the best repre-
sentation of DAS data. We proposed two representations: the use of attributes previously used in
the random forest algorithm approach, and an image-based representation combining 4 transforma-
tions of the raw data (energy representation, STA/LTA ratio, averaging of spectrograms calculated
for each fiber position, and spectrum representation calculated for each fiber position). The results
show that it is possible to cluster the fiber-optic data (FO), and that both sets of attributes yield in-
teresting results. The approach using pre-calculated attributes is appealing because it is much less
computationally expensive. These very promising results open the door to future autonomous clas-
sification systems, with human intervention reduced to labeling the clusters rather than millions of
individual segments in the fiber-optic measured data.

In conclusion, this thesis provides an in-depth exploration of the application of machine learn-
ing techniques for the analysis of seismic data measured by optical fiber, taking into account the
specificities related to the dense and redundant nature of DAS data. We have demonstrated that the
use of temporal and spatial attributes, combined with aggregation algorithms like random Markov
fields, improves the classification of seismic events of both anthropogenic and natural origin. Tests
conducted in areas of low to moderate seismicity, such as the Pyrenees, showed that manual labeling
assisted by the online service provided by BCSF-RENASS was sufficient over relatively short peri-
ods. However, in areas with higher seismicity or over longer measurement periods, this approach
may become labor-intensive. In such cases, the use of a self-supervised approach, which allows for
labeling by clusters rather than individual events, appears as a promising solution for automating
classification. These various avenues of thought offer considerable potential for the future develop-
ment of more robust and autonomous DAS data analysis methods, with promising applications for
seismic monitoring and the understanding of natural phenomena.
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Chapter 1

Introduction

From Seismogenic Sources to Seismological Observations and Signals

Seismological monitoring offers information about the Earth internal structure and geohazard pro-
cesses. Traditional seismometers captures ground vibrations and seismic waves across a broad spec-
trum of frequencies. When recording seismological signals, it is essential to consider that the mea-
sured seismic waveform u(t) is shaped by multiple elements, grouped into three main categories
and summarized in the Equation 1.1 (Aki & Richards, 2002) and Figure 1.1 .

u(t) = s(t) * g(t) xi(t) where x denotes the convolution operator iy

The properties of the seismogenic source s(t) are fundamental in shaping the recorded
waveforms. These properties include the magnitude, the duration, and the frequency content
of the emitted seismic waves. As the seismic signal travel through the Earth subsurface, they
are influenced by the medium they pass through ¢(¢). Changes in geological structures, rock
types, and other subsurface features, as well as the distance between the source and the sensor,
can lead to scattering, refraction, and attenuation of seismic energy, causing distortions in both
amplitude and frequency content. Finally, the instrumental response of the sensor i(#) modifies the
recorded signal. Different seismometers exhibit variable sensitivities, frequency ranges, and noise
characteristics, all of which influence the fidelity of the recorded waveform.



Measured seismic wave
u(t) = s(t) * g(t) *i(t)

* denotes convolution operator

[ Instrument i(t) |

Source s(t)

FIGURE 1.1: From seismogenic source to seismological aquisition. The seismic signal is shaped by the source s(t),
the propagation medium g(t), and the sensor instrument i(t).

Conventional Seismological Instruments and Their Applications

An instrument is a device used to measure a physical quantity. In seismology, the goal is to quantify
ground deformation associated with wave propagating from a seismic source. Seismologists
then aim at measuring ground displacement, acceleration, strain, or strain rate. These physical
quantities are referred to as seismic signals. A seismological instrument consists in several essential
components: a sensor that detects physical changes in the ground, a data acquisition and
processing system (also called digitizer) that captures and analyzes the sensor signals, and a
data storage system to record the collected data. These instruments can be passive, in which case
they are not powered by an external energy source, or active, in which case they are powered
by a battery or an electrical outlet. Among the most commonly used instruments are the active
instruments called broadband seismometers, accelerometers, and geophones. Figure 1.2 illustrates
the frequency responses of these instrument families.

Instrument

N
Broadband [ (d%pending or\\ the instrument model)

seismometer

(depending on the instrument model)
Accelerometer ———u—

(dEpending OT the instrument model)

- (depending on the instrument cpnfiguration)
FO-DAS v] S S WSS o Rl i i A

400 kHz

N
7

10? 10" 1 10 10° 10° 10’ 10°
Frequency
response
(Hz)
FIGURE 1.2: Comparison of the frequency responses of several families of seismological instruments. Broadband
seismometers, accelerometers, geophones and distributed acoustic detection are included in the comparison.
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« Broadband seismometers are sophisticated instruments widely employed in Earth science
observatories for seismological monitoring. They are designed to measure ground movement
velocities across a wide frequency range, from very low frequencies (as low as 0.01 Hz) to
higher frequencies, up to several hundred of hertz (Ackerley et al., 2014). This versatility
makes them ideal for capturing a large spectrum of seismic activity, from local seismogenic
earthquakes (Havskov & Alguacil, 2004; Pechmann et al., 2007), seismicity around volcanoes
(Benoit & McNutt, 1997; Kawakatsu et al., 2000; Takeo et al., 2010; Kaneko et al., 2018), seis-
micity under the oceans (Webb, 1998; Collins et al., 2001), to large-scale regional and global
teleseismogenic earthquakes (Tsuboi et al., 1999; Havskov & Alguacil, 2004). These seismome-
ters work using a precisely controlled inertial mass that responds to ground displacements.
Because of their cost, their sensitivity and their wide frequency coverage, broadband seis-
mometers are typically installed in permanent observatories, where they provide continuous
and high-quality data for seismological research.

« Accelerometers are specifically designed to measure strong ground motions, such as those
generated by nearby, high-magnitude seismogenic sources. They directly measure ground ac-
celeration, making them well-suited for detecting rapid and intense movements (Geng et al.,
2013; Zou et al.,, 2014). This makes accelerometers a preferred choice for monitoring seismo-
genic hazards in urban environments (D’Alessandro et al., 2014; Patane et al., 2022), where they
are often installed to assess the seismic response of critical infrastructure like buildings (Mita
& Yokoi, 2001; Santana et al., 2012; Mahjoubi et al., 2020), bridges (Meng et al., 2007; Moschas &
Stiros, 2011; Han et al., 2016; Xiong et al., 2017; Chilamkuri & Kone, 2020), and other structures.
With their focus on low to medium frequencies and sensitivity to high-amplitude signals, ac-
celerometers are essential in civil engineering and risk assessment, providing valuable data to
design earthquake-resistant structures and to improve urban resilience against seismic risks.

« Geophones are portable seismological instruments designed to detect small, localized
events, making them ideal for temporary deployments or rapid response scenarios. They are
lightweight, easy to install, and sensitive to low-amplitude signals such as local microseisms
or human-induced vibrations. Operating in a frequency range from 1 to several hundred of
hertz (Hoover & O’Brien, 1980; Krohn, 1984), geophones are particularly useful for local-
scale studies, such as monitoring microseismicity, detecting low-magnitude earthquakes,
and studying natural hazards like landslides (Bordoni et al., 2007; Tonnellier et al., 2013),
avalanches (Van Herwijnen & Schweizer, 2011; Heck et al., 2019), and rockfalls (Helmstetter
& Garambois, 2010; Zimmer & Sitar, 2015). Due to their sensitivity, geophones can detect
small earthquakes that might not be captured by broadband seismometer networks (Prugger
& Gendzwill, 1988), offering higher resolution of local seismicity and improving the under-
standing of fault zones and seismic risk in tectonically active areas (Lienkaemper et al., 2006;
Hansen & Schmandt, 2015). Dense geophone arrays in active fault regions, for example, can
help illuminate fault behavior and detect foreshocks or aftershocks, aiding in the prediction
of larger seismogenic events (Wurman et al., 2007; Allen & Stogaitis, 2022).

While geophones are versatile and cost-effective for local seismological monitoring, deploying
and maintaining large networks of these instruments in diverse terrains presents logistical chal-
lenges, particularly in terms of power supply and data storage for long-term studies. Recent ad-
vances in Fiber Optic (FO) based technology offer a good solution, enabling continuous, large-scale
monitoring over extensive distances with only a FO cable.
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Fiber-Optic Based Instruments: Principles and Key Notions

Distributed Fiber Optic Sensing (DFOS) refers to instruments that integrate Fiber Optics (FO)
and convert them into continuous, distributed sensors along their entire length. In DFOS instru-
ments, the data acquisition and processing system is called an interrogator. Its function is to send
laser pulses through the FO and to analyze the backscattered light (Figure 1.3). The backscattering
happens due to tiny imperfections naturally present in the glass constituting the FO. When the FO
is subjected to physical stress such as strain, temperature fluctuations, or vibrations, these imper-
fections shift slightly, causing a change in the phase of the backscattered light. By analyzing these
changes, DFOS instruments can detect and pinpoint these physical variations along the full length
of the cable. The three types of backscattering, known as Rayleigh, Raman, and Brillouin scattering,
are based on several light wavelength shifts and carry different information (Hartog, 2017). Among
the DFOS methods, Distributed Acoustic Sensing (DAS), relying on Rayleigh backscattering, ex-
cels at monitoring ground vibrations and seismic waves in real time across extensive areas and is
one of the most widely used in seismology.

Backscattered . .
DFOS Interrogator pulse Resting fiber optic

N

@

e

The fiber optic when strain /

Backscatterin . . ¢
g *} temperature / vibration varies

Laser

pulse
FIGURE 1.3: Distributed Fiber Optic Sensing (DFOS) general sketch. During acquisition, a laser pulse is sent
through the fiber optic cable. The backscattered light is then analyzed to measure seismic vibrations (adapted
from the Instituto Geografico Nacional website).

A measurement cycle runs as follows:

First, a laser sends a light pulse into the FO.

The light is continuously scattered by imperfections in the FO, and reflected back to the in-
terrogator.

« A photo-receiver captures the scattered light, the phase shift is analyzed, and the correspond-
ing ground deformation is calculated.

« The process is repeated to capture seismic waves at different times.

This measurement cycle has significant implications for both the spatial and temporal resolution
of the resulting data. A key constraint in DFOS instruments is ensuring that the emitted laser pulse
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has sufficient time to travel the entire length of the FO and return to the interrogator before the next
measurement cycle begins. This is especially critical for the point farthest from the interrogator.
Considering the speed of light ¢ = 3.0 x 10® m.s™!, the refractive index of the medium n, and the
fiber length L, the maximum frequency of laser pulse emission fr max can be expressed by the
Equation 1.2:

(&
= 1.2
fR_max QnL ( )

For example, a commonly used rule to set fr max is that for a 10-km fiber optic length, a fg max
of 10 kHz is applied.

The choice of the frequency of the laser pulse emission fr < fr max also called Pulse Rate
Frequency (PRF), allows the calculation of the maximum delay 7., = ﬁ below which it can be
confirmed that the light received by the photodetector originates from the most recent laser pulse.
This light is captured by a photo-receiver and digitized at a sampling frequency f;. Two critical
temporal dependencies arise from this process. First, the laser pulse emission frequency directly
impacts the temporal resolution ¢4, as described in Equation 1.3:

1

= (1.3)

tA = Tmax =

Second, the sampling frequency of the digitizer determines the spatial sampling x A, given by
Equation 1.4:

. ¢
N and

(1.4)

A

Figure 1.4a,b illustrates these concepts with optical signals emitted by the laser and received by
the photo-receiver. In Figure 1.4c, the measured optical signal is cut at intervals of 7.y to extract
the positions along the fiber optic. This results in a "fast time" axis, whose duration is limited by
Tmax> and a "slow time" axis, with a temporal sampling of 7p,x.

The consequence is the relationship between the reception delay of the laser pulse after emission
T < Tmax and the measured fiber position z is given in Equation 1.5. From this equation, it follows
that the "fast time" axis corresponds to the distance axis of the DAS aquisition, while the "slow time"
axis represents the temporal axis.

(1) = — (1.5)

Strain Rate (SR), processed by the DAS interrogator and expressed in nstrain/s, is estimated by
analyzing phase variations in the optical signal to assess ground displacements and deformations.
Phase variation analysis is performed within both spatial and temporal signal windows represented
in Figure 1.5. The Gauge Length (GL) is the spatial parameter defining spatial resolution. A shorter
GL allows for the detection of smaller deformations over shorter distances but may increase noise
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FIGURE 1.5: Definition of Gauge Length and Derivation Time. The yellow dotted line represents the raw optical
signal acquired by the FO-DAS instrument (taken from FEBUS Optics documentation).

levels, while a longer GL offers better signal stability but reduced resolution. GL is, when allowed by
the used DAS interrogator, set to exceed half the shortest anticipated seismic wavelength, ensuring
accurate wavelet reconstruction and enhances the signal-to-noise ratio (Dean et al., 2017). For the
temporal window, the Derivation Time (DT) is set to enable the measurement of the frequencies
of interest, with the cutoff frequency being the inverse of DT. However, the corner frequency,
where amplitude attenuation starts to distort the signal, occurs before the cutoff frequency. This
corner frequency should be considered when selecting the appropriate DT to ensure accurate
measurements. A shorter DT therefore enables the capture of higher-frequency seismic waves,
which is useful for detecting rapid, high-frequency events such as local earthquakes or tremors. But
it also increases noise levels, reducing the clarity of the signal. In contrast, a longer DT enhances
the signal-to-noise ratio and is more suited for detecting lower-frequency seismic waves, such as
those from larger, distant earthquakes. The choices are influenced by the seismogenic sources to
be observed, but are also limited by the optical temporal sampling (¢») determined by the PRF, and
the optical spatial sampling (za).

Fiber-Optic Based Instruments: Documented Advantages and Drawbacks

FO-DAS instruments offer significant advantages over traditional seismological instruments in terms
of data quantity, deployment and maintenance. In terms of data, FO sensor offers much higher
spatial resolution, as FO-DAS instrument enables aquisitions with a resolution of a few tens of
centimeters for small-scale configuration to a few tens of meters for a hundred kilometers of cable.
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Each sample point along the fiber is referred to as a channel, with each channel representing a local-
ized measurement of strain or deformation at that specific point in the fiber. FO-DAS instrument is
sensitive to strain rate from mHz (Parker et al., 2014; Becker et al., 2017) to several hundreds of
kHz, allowing for the detection of high-frequency seismic waves. In terms of deployment, FO-DAS
systems can be more cost-effective over large distances, as a single cable combined with a sin-
gle interrogator can cover extensive areas without the need for numerous individual instruments.
Additionally, existing deployed FO cable can often be repurposed for DAS acquisition, re-
ducing installation costs and environmental impact. FO-DAS instruments require significantly less
maintenance, as data processing is managed by a single digitilizer, and data collection is carried
out by a resilient FO cable. The FO cable itself is highly durable and resistant to environmental
and electromagnetic interference, providing a robust and long-lasting solution for seismological
monitoring. These advantages make FO-DAS instruments an attractive choice for large-scale and
long-term seismic applications. FO-DAS instruments also present well-documented challenges. One
key consideration is the directional sensitivity of the instruments, which requires careful plan-
ning of the fiber layout to ensure accurate data collection. Additionally, the large volume of data
generated during long-term monitoring can place significant demands on storage and processing
capabilities. A third challenge lies in the higher noise levels of FO-DAS instruments compared to
traditional geophones, which can complicate the detection of weak seismic signals.

Fiber-Optic Based Instruments: Overview of the DAS Interrogator Industry
and Key Players

The DAS interrogator industry is composed of companies specialized in several aspects of DAS
technology. Some companies, such as OFs (US) and NKT Photonics (Denmark), focus exclusively
on manufacturing interrogators. Other firms, like Halliburton (US), Baker Hughes (US), Senstar
(Canada), Aragon Photonics (Spain), Cementys (France), and Bandweaver (China), produce
complete solutions but rely on third-party interrogators. Other companies like Schlumberger
(US), Omnisens (Switzerland), OptaSense (UK), Fotech Solutions (UK), Silixa (UK), AP Sensing
(Germany), ASN (France), FEBUS Optics (France) offer both interrogators and integrated solutions.
These firms specialize in monitoring pipelines, detecting leaks, securing perimeters, monitoring
seismicity, and overseeing critical infrastructure, combining their own interrogators with tailored
solutions for diverse industries. For the purpose of this thesis, we use the DAS FEBUS A1-R
interrogator manufactured by FEBUS Optics.

Main Challenges and Research Objectives

The unique characteristics of DAS acquisition make it a powerful tool for seismological monitoring,
but they also introduce significant challenges in data processing. The high spatial and temporal
resolution of DAS data generates vast amounts of information, which demands efficient storage
solutions, robust computational methods, and advanced techniques for post-acquisition analysis
like data exploration. This introductory section already highlights the challenges associated with
processing DAS data, which will be further elaborated at the end of Chapter 2. These challenges can
be summarized by the following questions:

+ One of the primary challenges lies in constructing an effective processing chain for DAS data,
given their unique characteristics compared to conventional seismic data. How can we adapt
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existing processing methods to accommodate the distributed spatial nature of DAS
data?

« Another challenge is the identification of events of interest among the background noise, given
the rich content of DAS data. How can relevant seismogenic events be effectively se-
lected?

« For long-term monitoring systems, there is a need for extended recording durations to ac-
count for factors such as seasonal effects and environmental variations over time. In these
cases, manually labeling the data becomes a significant challenge, as it can be time-consuming
and labor-intensive. How can training datasets for machine learning models be con-
structed more efficiently, especially when dealing with large volumes of continuous
data that span across seasons or years?

As a consequence of the challenges, this PhD thesis is dedicated to the development, enhance-
ment and application on field data of advanced signal processing methods for the detection and
classification of seismogenical events recorded by DAS data. Considering this goal, the research
objectives are structured into three main topics:

« Develop a complete DAS data processing chain for real-time event detection and classifi-
cation, using Artificial Intelligence (Al) techniques adapted from conventional seismological
methods. This pipeline will incorporate spatial data coherency processing, specifically em-
ploying Markov Random Fields to account for spatial dependencies.

« Integrate the spatial features of DAS data and the relationships among virtual point sen-
sors as features within the Machine Learning model, and apply the method to a DAS in-situ
acquisitions.

» Design a method to streamline the creation of training datasets for DAS acquisition
by clustering similar DAS signals, thereby eliminating the need of manual event-by-event
annotation.

Outline of the thesis

The manuscript is divided into six chapters, each focusing on a specific aspect of the research. The
chapters are structured around two published peer-reviewed papers and one article currently under
review. Figure 1.6 provides an overview of the thesis structure.

Chapter 2 introduces the various types of measurable signals detected using FO-DAS instru-
ment, including airborne acoustic, hydroacoustic, and seismic signals. It then explores the different
seismogenic sources that can be identified in the field. Each source type is characterized by its wave-
form, frequency content, amplitude, and duration, which are important to understand for achieving
accurate seismological monitoring. We then explore classical tools for seismogenic event detection
and classification and the challenges they face when applied to DAS data. The limitations of tradi-
tional methods have led to the development of advanced signal processing techniques, particularly
those based on Artificial Intelligence (AI). Recent advances in Al for seismology are presented in this
chapter. Finally, the chapter places the thesis research within this context, outlining the main con-
tributions of the thesis and the novel approaches proposed to address the challenges of seismogenic
event detection and classification using DAS data.
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Chapter 3 presents the development of a DAS data processing pipeline designed for real-time
event detection and classification. Drawing from successful methodologies that use handcrafted fea-
ture sets for data measured by conventional seismometers, this approach proposes a similar feature
set tailored for DAS data, implemented with a Random Forest (RF) Machine Learning ML algorithm.
The choice of RF was based on several key considerations, including its robustness, interpretability,
and computational efficiency. To align with real-time processing requirements, a streaming ap-
proach is adopted, in which data is segmented into predefined windows for analysis. Additionally,
to incorporate spatial dependencies between DAS data points, a Markov Random Field (MRF) model
is applied after the initial classification stage, enhancing the accuracy of seismogenic event detec-
tion. The viability of this processing chain was tested on data acquired in a controlled test bench
(CESG, FEBUS Optics). The events were accurately segmented in this controlled nature of the test
environment. This approach has shown an accuracy of 87%. This first promising study gave us some
keys of algorithm enhancement such as taking into acount one of the advantage provided by DAS
systems: the continuous spatial sampling of the acquisition.

Chapter 4 focuses on integrating the spatial features of DAS data and the relationships be-
tween virtual point sensors, also called channels, as features within the ML model. The proposed
method involves feature engineering to translate these DAS-specific spatial dependencies into fea-
tures. The processing pipeline developed in Chapter 3 is maintained as the core structure in this
chapter. For testing these new features, real-world DAS data are acquired from a 91-km fiber-optic
cable deployed in the French Hautes-Pyrénées. We focus on 19 10-minutes-records, which include
quarry blasts and earthquakes cataloged by the "Bureau Central Sismologique Francais" and "RE-
seau NAtional de Surveillance Sismique" (BCSF-RENASS). This method provided very good results
in low-magnitude event detection, achieving notable accuracy despite the presence of frequent an-
thropogenic disturbances along the fiber, such as moving vehicles, and meteorological activities that
could locally degrade signal quality.

Chapter 5 addresses the need for semi-automated data annotation for continuous DAS data,
as the previous methods require either manual annotation or pre-labeled datasets. When dealing
with continuous data, manual annotation is highly time-consuming and impractical, unless a fully
annotated dataset is available from an external source, an option that is rarely feasible. For the
previously presented Hautes-Pyrénées dataset, only a partial annotation was possible. To streamline
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the construction of training datasets, this chapter proposes a clustering-based approach for DAS
data, helping for an efficient identification of the different seismogenic event types without requiring
event-by-event examination. To pre-process DAS data, we leverage the handcrafted features used
in previous chapters, and we introduce a comparison with features automatically generated using
a self-supervised learning algorithm called BYOL. The method is validated on the Hautes-Pyrénées
dataset and additional data acquired from a deployment at the Viella landslide (Hautes-Pyrenees,
France), recorded from December 11, 2023, to January 24, 2024. The clustering approach has shown
good results on a smaller scale, successfully identifying all seismogenic events with magnitudes
greater than 1.5 in the Viella dataset, along with multiple previously uncatalogued events not listed
in the BCSF-RENASS. Additionally, the method successfully identified anomalies caused by fiber
breaks and revealed agricultural activity cycles near the deployment site.

Chapter 6 concludes the thesis work, by summarizing the main contributions and findings of the
research. It also discusses the limitations of the proposed methods and suggests potential avenues
for future work. The chapter concludes with a reflection on the broader implications of this research
work and its potential impact on the field of DAS research and more generally the use of FO-DAS
instrument in seismology .
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Chapter 2

Fiber Optics as Seismological Sensors: A
State-of-the-Art Review

2.1 Measurable Signals with Distributed Acoustic Sensing In-

struments

The Distributed Acoustic Sensing (DAS) instrument uses Fiber Optic (FO) cables as sensors to detect
vibrations in the surrounding environment. When vibrations occur, the FO cable deforms slightly,
and the signal is detected and measured by the DAS interrogator and converted into a strain rate.
The nature of the vibrations depends on the medium in which the fiber is deployed. Vibrations are
classified into two main types: acoustic waves (which travel through liquids or gases) and seismic
waves (which propagate through solid media like the ground).

2.1.1 Acoustic Waves

Acoustic waves are pressure waves that travel through liquids or gases due to particle oscillations.
These waves are longitudinal, meaning the particles move in the same direction as the wave. Un-
derwater acoustic waves typically have frequencies between 1 Hz and 1 MHz, as higher frequencies
cannot propagate in water. Airborne acoustic waves does not have frequency limit. Human hearing
ranges from 20 Hz to 20 kHz, but some animals communicate using frequencies outside this range,
either infrasonic (below 20 Hz) or ultrasonic (above 20 kHz).

Hydroacoustic waves are generated by a diverse range of natural and human-induced sources.
Marine life, including mammals, fish, and birds, produce these signals (Krieger & Wing, 1986;
Wanzenbock et al., 2003), as do environmental phenomena such as surface waves, underwater
currents, and tsunamis (Bolshakova et al., 2011; Davy et al., 2014). Seismogenic events, like ice
detachment and underwater volcanic activity, also generate hydroacoustic waves (Fox & Dziak,
1998; Talandier et al., 2006; MacAyeal et al., 2008). Additionally, human activities, such as sonar
used for marine life monitoring and various shipping or offshore operations, contribute to the
generation of these waves (Stanton & Clay, 1986; Brehmer et al., 2003; Hildebrand, 2009). In
contrast, airborne acoustic waves are produced by both natural and anthropogenic sources.
These include sounds from animals, thunderstorms (Bedard, 2005), wind, and waterfalls, as well as
human activities like speech, traffic, construction, and industrial noise (Grollmisch et al., 2019).
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FO-DAS technology, though not yet widely adopted for acoustic applications, has demonstrated
capabilities in detecting hydroacoustic signals. For instance, FO-DAS instrument has been suc-
cessfully used to monitor air-gun shots, with studies comparing its performance to traditional hy-
drophones (Matsumoto et al., 2021). In addition to this, FO-DAS instrument has been employed to
detect various marine phenomena, including whales, storms, ships, and earthquakes, using fiber
optic cables in Arctic regions (Landre et al., 2022). While its use for airborne acoustics remains
relatively uncommon, FO-DAS instrument is increasingly being explored for air traffic monitoring,
particularly in the detection of unmanned aerial vehicles (UAVs), as highlighted by recent studies
(Fang et al.,, 2022; Chen et al., 2024).

2.1.2 Seismic Waves

Seismic signals cover a wide range of frequencies, with typical seismological frequencies ranging
from 10 mHz, associated with Earth tides, to 100 Hz, which are typical for earthquakes (Hou et al.,
2021). These seismic signals are the result of elastic waves that propagate through the Earth or along
its surface, caused by the deformation of the medium through which they travel. Seismic waves can
be broadly grouped into two main families: body waves and surface waves. Figure 2.1 illustrates the
different types of seismic waves.

Body waves travel through the Earth interior and are further divided into two types: Primary
(P) waves and Secondary (S) waves. P waves are compressional waves that move faster than S waves,
and are often the first to be detected by seismographs. Due to their lower energy, P waves tend to
cause less ground shaking and are generally less destructive. On the other hand, S waves move
perpendicular to the direction of propagation, which makes them slower but more powerful. These
waves tend to cause stronger ground shaking, making them more destructive during seismic events.
Body waves, which travel through the Earth interior, are mainly caused by deep natural seismogenic
events such as earthquakes and volcanic activity. Landslides and anthropogenic explosions, though
significant, produce weaker body seismic waves.

Surface waves, such as Rayleigh and Love waves, travel along the Earth surface and can result in
significant ground motion. These waves are generally more destructive in the immediate vicinity of
the seismogenic source, however, their energy diminishes with distance from the epicenter, reducing
their impact at greater distances. Landslides, rockfalls, and tectonic activity are the main natural
sources of surface waves. Human activities, including walking, traffic, and explosions, also generate
surface waves, and can be noticeable in urban or industrial areas.

The FO-DAS instrument is sensitive to vibrations in the longitudinal direction of the fiber op-
tic cable. Typically, the fiber is deployed on the surface or lightly buried, running parallel to the
ground. As a result, FO-DAS instrument is highly sensitive to surface waves (Zhu et al., 2023). For
body waves, the sensitivity is generally lower, as it depends on the angle between the wave propaga-
tion direction and the cable orientation. However, specific configurations, such as downhole setups,
can increase the sensitivity to body waves (Lellouch & et al., 2019; Yuan et al., 2020). Helical config-
urations can also improve FO-DAS sensitivity to the body waves (Ning & Sava, 2018; Al Hasani &
Drijkoningen, 2023).
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FIGURE 2.1: A seismic wave is an elastic wave generated by an impulse such as an earthquake or an explosion.
Seismic waves may travel either along or near the earth surface (Rayleigh and Love waves) or through the earth
interior (P and S waves) (from Wikimedia Commons, work by Luke Triton, distributed under CC by 4.0).

2.2 Seismogenic Sources

Seismic signals are generated by a wide range of natural and anthropogenic sources. These sources
can be classified into four main categories: tectonic earthquakes, volcanic seismogenic sources, envi-
ronmental seismogenic sources, and anthropogenic sources. Each of these sources produces distinct
seismic signals, which can be detected and analyzed using seismological instruments like FO-DAS.
Their frequency response is summarized in Figure 2.2. In this section, we provide an overview of
these seismogenic sources and their associated seismic signals.
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FIGURE 2.2: Comparison of frequency responses for several families of seismological instruments. Broadband
seismometers, accelerometers, geophones and distributed acoustic sensing are present in the comparison.

2.2.1 Tectonic Earthquakes

Tectonic earthquakes occur due to the movement of tectonic plates that generates mechanical stress
along fault lines where the plates meet. As the Earth crust moves, stress builds up in these faults over
time. When the accumulated stress exceeds the fault ability to resist, the fault suddenly ruptures,
releasing energy as seismic waves. This process, driven by the continuous movement of tectonic
plates, is the main cause of natural earthquakes and has been studied for decades (Rice, 1979; Olson
& Allen, 2005; Wesnousky, 2008; Wang et al., 2013; Romano et al., 2014). The occurrence frequency
and intensity of tectonic earthquakes are influenced by several factors. Proximity to tectonic plate
boundaries is a key factor, with subduction zones often experiencing high stress as one plate slides
beneath another (Schellart & Rawlinson, 2013; Nishikawa & Ide, 2014). Other factors include the
speed of plate movement (Conrad et al., 2004), the type and geometry of faults (e.g., normal, reverse,
strike-slip) (Kagan, 1992; Schmedes et al., 2010; England, 2018), and the physical properties of the
surrounding rock formations (Leary, 1997; Lockner & Beeler, 2002; Scholz, 2002).

Earthquakes are the most frequently observed seismic events. The frequency of seismic waves
produced by earthquakes depends on the size and depth of the event. Smaller earthquakes generally
produce higher-frequency waves (up to several tens of Hz), while larger, deeper earthquakes gen-
erate lower-frequency signals (below 1 Hz). Some of the most significant earthquakes, particularly
those that occur at great depths, can be detected globally, with seismometers located thousands of
kilometers away recording the seismic waves. These global recordings are known as teleseismogenic
events (Engdahl et al., 1998).

Figure 2.3 shows DAS data from an earthquake with a magnitude of M,, = 1.6, which occurred
1.4 km from the fiber setup on September 16, 2022, at 11:20:10 UTC in the Hautes-Pyrénées. In
Figure 2.3a, the Strain Rate (SR), measured in nstrain/s, clearly shows the arrival of the P-wave at
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1 s, followed by the S-wave at 2.2 s. Figure 2.3b presents the trace from a single point on the fiber,
while Figure 2.3c displays the corresponding spectrogram, with dominant frequencies below 40 Hz.
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FIGURE 2.3: Earthquake recorded using FO-DAS instrument. The strain rate (a) shows the P-wave arrival (at 1 s)
followed by the S-wave (at 2.2 s). We represent a trace taken at one point on the fiber (b), and its spectrogram (c).
The recorded event is an earthquake of magnitude Mw=1.6, that happened on on September 16, 2022 at 11:20:10
UTC in the Hautes-Pyrénées.

Several studies have demonstrated the effectiveness of FO-DAS instrument in detecting various
seismic events. FO-DAS instrument has been successfully used to detect earthquakes (Nayak et
al., 2021; Li et al., 2021) , microseisms (Williams et al., 2019) and teleseisms (Yu et al., 2019). FO-
DAS instrument has also proven useful in estimating earthquake magnitudes and predicting ground
motion, as highlighted by Lior et al. (2023).

2.2.2 Volcanic Seismogenic Sources

The heterogeneity of volcanic systems results in a wide range of seismic signals. These signals
include Volcano-Tectonic (VT) events, explosive volcanic events, hydroacoustic signals, and tremors,
which have been extensively described in the literature (Minakami, 1974; Lahr et al., 1994; McNutt,
2005). Other events, such as landslides and rockfalls, which are not specific to volcanic activity, are
also observed but will not be discussed here.

Volcano-Tectonic (VT) events are primarily caused by magma movement or tectonic shifts in
the Earth crust. These events are often associated with magma intrusion or rock fracturing (Aki
et al., 1977; Ferrick et al., 1982; Koyanagi et al., 1987). Also referred to as shear fractures, rock
fracturing generates high-frequency signals typically ranging from 5 to 40 Hz. VT events are crucial
for eruption forecasting, as they represent one of the earliest precursors to eruptions (White &
McCausland, 2016). Explosive volcanic events are driven by the release of gas, steam, and magma,
producing powerful shock waves. These events involve seismic signals with frequencies ranging
from 1 to 10 Hz. Several factors influence the seismological features of these events, including the
depth of the eruption, the coupling of energy between the ground and air (Dautermann et al., 2009;
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De Angelis et al., 2012), and the seismic or acoustic efficiency (Johnson et al., 2003; Johnson &
Aster, 2005). Hydroacoustic signals are generated when volcanic activity interacts with water, such
as in volcanic lakes or underwater eruptions. These events produce sound waves that propagate
through the water medium, making them detectable by specialized hydrophones. Hydroacoustic
signals are crucial for monitoring volcanoes located beneath water, where traditional seismological
methods may be less effective (Fox & Dziak, 1998). Tremors are low-frequency seismic signals linked
to the continuous movement of magma close to the surface, which causes conduit vibrations in the
surrounding rock. These signals generally have energy predominantly below 1 Hz. Certain tremors,
like eruptive tremors, are often precursors to volcanic eruptions and are critical for volcanic hazard
assessment (Scarpa et al., 1996; Sparks, 2003; Segall, 2013).

Several studies have demonstrated the effectiveness of FO-DAS instrument in monitoring vol-
canic activity. FO-DAS has been used to detect volcano-tectonic sources at shallow depths, such as
at Azuma volcano in Japan (Nishimura et al., 2021), and to record microseisms and tremors, with
nearly 400 daily events observed at Mt. Meager in British Columbia (Klaasen et al., 2021). FO-DAS
instrument can also detect subtle volcanic events, such as fluid migration and degassing, both on
inland volcanoes (Jousset et al., 2022) and underwater volcanoes (Caudron et al., 2024). Figure 2.4
shows the strain rate records and spectrum computation of a volcanic explosion (Figure 2.4a,b) and
a tremor of a degassing event performed in Jousset et al. (2022). Métaxian et al. (2024) combined
FO-DAS instrument with geophones and infrasound to track pyroclastic flows at Stromboli volcano.
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FIGURE 2.4: Volcanic events recorded using FO-DAS instrument. (a) and (b) show the strain rate and the spectrum
for each channel during an explosion at the New South-East Crater of Mount Etna on September 5, 2018, at
10:54:11 UTC. (c) and (d) display the strain rate and spectrum for each channel during a tremor associated with
a degassing event. The setup consisted of a 1.3 km fiber optic cable with 710 FO-DAS channels (taken from
Jousset et al. (2022)).

2.2.3 Environmental Seismogenic Sources

Environmental seismogenic sources are signals generated by geological environmental phenomena,
excluding tectonic earthquakes, and events associated with volcanoes. These sources include events
such as landslides, glacier movements, and vibrations caused by environmental factors like weather
or climate change. For studying large events, existing permanent or semi-permanent programmable
seismic networks can be used (Aster & Winberry, 2017; Whiteley et al., 2019). For specific sites, such
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as specific landslide, glacier, river or catchment, in-situ monitoring can be performed using portable
geophone networks (Teja et al., 2014; Martinez et al., 2017; Provost et al., 2018). FO-DAS instrument
is good for both approaches, as it offers continuous, real-time data with high spatial resolution.

2.2.3.1 Landslides

Landslides are mass movements driven by gravity that generate distinctive seismic signals. These
events involve large-scale displacement of soil, rock, or debris down a slope, often covering vast
areas. Landslides are complex, with materials sliding, flowing, and collapsing at different speeds
(Iverson et al., 1997; Hungr et al,, 2005). As a result, the seismic signals produced span a wide
frequency range, typically dominated by low frequencies between 1 and 30 Hz (Surifiach et al.,
2005; Yan et al., 2020), which can be lower than 0.1 Hz in the case of very large landslides (Hibert,
Ekstrom, & Stark, 2017). The duration of landslide signals can vary, lasting from several seconds
to minutes (Yan et al.,, 2020). Provost et al. (2018) identified three primary types of seismic signals
associated with landslides: rockfalls, granular flows, and slopequakes (Figure 2.5). Rockfalls are
characterized by high-frequency signals (10 to 100 Hz) with distinct, successive impacts visible on
both the waveform and spectrogram, typically lasting around 20 seconds (Figure 2.5a). These signals
reflect the rapid movement of rocks down a slope. Granular flows generate low and high frequency
signals (1 to 100 Hz) with durations ranging from tens to thousands of seconds, indicating the slower
movement of debris and soil (Figure 2.5b). Slopequakes produce low-frequency signals (1 to 30 Hz)
with short durations (less than 10 seconds), originating from subsurface or deeper sources such as
fractures or fluid migration (Figure 2.5c). These events are often triggered by external factors, such
as seismogenic activity (Keefer, 1984, 2002; Valagussa et al., 2014), extreme weather conditions like
heavy rainfall or freeze-thaw cycles (Take et al., 2004; Helmstetter & Garambois, 2010; Gariano &
Guzzetti, 2016; Ran et al., 2018), and human activities like triggered explosions (Vilajosana et al.,
2008; Hibert, Ekstrom, & Stark, 2014). As extreme weather conditions are one of the most frequent
causes of landslides, it is interesting to combine seismological measurements with other physical
parameters such as electrical resistivity (Hibert et al., 2012).

Although relatively few studies have focused on landslide monitoring using FO-DAS instrument,
several applications have emerged. Michlmayr et al. (2017) investigated the use of FO-DAS instru-
ment to detect seismic emissions as precursors to landslides, using a 3-meter setup with adjustable
inclination and sprinklers to simulate precipitation on sandy soil. In real-world applications, FO-
DAS instrument has been employed to monitor landslide dynamics with nanostrain-rate sensitivity
(Ouellet et al., 2024) and track rockfall events (Xie et al., 2023).
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FIGURE 2.5: Landslides-linked events recorded using conventional seismometers. (a) shows a rockfall occuring at
Super-Sauze, France (Provost et al., 2017), (b) a granular flow occuring at Rebaixader torrent, Espana (Abanco et
al.,, 2012; Arattano et al., 2014; Hiirlimann et al., 2014), (c) a slopequake occuring at Pont Bourquin (taken from
Provost et al. (2018)).

2.2.3.2 Glaciers

Seismic signals generated in glaciers come from various sources, including icequakes (Métaxian et
al., 2003; West et al., 2010; Ro06sli et al., 2014), glacier calving (Amundson et al., 2008; Bartholomaus
et al., 2012; Canassy et al., 2012), and basal sliding (Lipovsky et al., 2019). Each of these events has
distinct characteristics in terms of seismic signal frequency, duration, and amplitude. Icequakes are
short-duration, impulsive events caused by the fracturing of ice within a glacier, typically triggered
by stress changes due to movement or melting. These events have high-frequency content (2 to
50 Hz) (Figure 2.6a), reflecting the rapid release of energy during ice fracture (Roux et al., 2008;
Richardson et al., 2010; Kohler et al., 2019). Glacier calving, when large chunks of ice break off from
the glacier terminus and enter the water, generates seismic signals with both low and high-frequency
components. The frequency content depends on the size and speed of the calving, with larger events
producing more prominent low-frequency signals (Figure 2.6¢) (Qamar, 1988; Amundson et al., 2008;
Bartholomaus et al., 2012). Basal sliding, where a glacier slides over its bed due to water or sediment,
produces low-frequency, continuous seismic signals (Figure 2.6b) that reflect the steady movement
of the glacier (Lipovsky et al., 2019).

Conventional seismometers have been used to study glacier seismicity for decades, but FO-DAS
instrument offers distinct advantages for glacier monitoring. Traditional seismic coverage in glaciers
is often inadequate, especially in regions like Alpine glaciers (Walter et al., 2020), the Greenland ice
sheet (Booth et al., 2020), and Antarctica (Hudson et al., 2021). FO-DAS instrument has been em-
ployed to detect microseismicity and analyze wave propagation in glaciated areas (Walter et al.,
2020). Booth et al. (2020) also demonstrated how FO-DAS instrument can be used for subsurface
imaging, mapping the structure of the Greenland ice sheet and identifying sedimentary layers be-
neath the glacier.
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FIGURE 2.6: Glacier-linked events recorded using conventional seismometers. (a) shows an icequake occuring
at Gornergletscher, Swiss Alps, (b) a basal sliding occuring at Linzhi, Eastern Himalaya, (c) a glacier calving
occuring at the terminus of Yahtse Glacier, Alaska (composition of figures from several articles: (a) Sergeant et
al. (2020), (b) Li et al. (2024), and (c) Bartholomaus et al. (2012)).

2.2.3.3 Rivers

Rivers are underground geological formations that store water, and monitoring them requires under-
standing their properties to assess how they respond to factors like rainfall, drought, water extrac-
tion, and contamination. These properties vary depending on the type of rock forming the aquifer,
such as porous, or fractured rock (karstic aquifer) (Lee et al., 2006). They also affect how water enters
the aquifer during rainfall or ice melt, how it moves through the aquifer, and how much water the
aquifer releases (Molson & Frind, 2012). Seismic signals can help monitor these processes. Interest
in using seismological methods for aquifer monitoring has grown since the 1990s (Govi et al., 1993),
with early research focusing on exploring seismic data. These studies aimed to identify the physical
processes linked to seismic signals, examining factors like frequency, amplitude, duration, and wave
polarization, as well as interpreting the spatial and temporal patterns of these events (Burtin et al.,
2008; Schmandt et al., 2013; Burtin et al., 2016). Some of the processes identified include bedload
movement (Govi et al., 1993) and water discharge (Mejias et al., 2012).

We used a DAS interrogator to an installed fiber optic in a karstic cave at Fontenotte, Jura,
France, for a period of 14 days, from January 28 to February 12, 2022. Figure 2.7 shows a seismic
trace recorded by an underwater section of the fiber optic and the corresponding spectrogram. The
envelope of the seismic trace closely follows the volume of water in the aquifer, with a clear increase
in amplitude several hours after heavy rainfall on February 2 (day 5), 7 (day 10), and 10 (day 13).
The spectrogram reveals a dominant frequency below 10 Hz, which is typical of the low-frequency
seismic signals generated by water movement in the aquifer.
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FIGURE 2.7: Farstic river monitoring using FO-DAS instrument was conducted with a fiber optic cable deployed
at Fontenotte cave, Jura, France. The analysis includes a trace recorded at an underwater point on the fiber optic

cable over a 14-day period (a) and its corresponding spectrogram (b).

Several studies have explored the use of FO-DAS instrument for aquifer monitoring. Tribaldos
and Ajo-Franklin (2021) demonstrated its ability to monitor aquifer dynamics in California using
ambient seismic noise. Ajo-Franklin et al. (2019) applied FO-DAS instrument and ambient noise
interferometry to map shallow structural profiles and groundwater depth by analyzing surface wave
velocity, while Sobolevskaia et al. (2024) used it to predict water table changes in a shallow aquifer
in Fairbanks, AK.

2.2.3.4 Meteorological Sources

Seismometers, traditionally used for earthquake detection, are also valuable for monitoring meteo-
rological and climatic conditions such as ocean waves, tsunamis, and storms. Ocean waves, caused
by wind interacting with the surface, produce low-amplitude seismic signals that help study the
ocean interaction with the lithosphere and monitor atmospheric and oceanic phenomena (0.1 to 5
Hz) (Webb, 1998; Nishida et al., 2013). Tsunamis, generated by seismic events or underwater land-
slides, produce long-period seismic waves that can be detected to monitor and predict tsunami risks
along coastlines (Ward, 1980; Tanioka & Sataka, 1996; Choi et al., 2003; Ward, 2001). Seismome-
ters also capture seismic signals from thunderstorms, where airborne acoustic waves are converted
into high-frequency seismic wave (10 Hz to 200 Hz) by interaction with the ground (Kappus & Ver-
non, 1991). These signals provide information about atmospheric conditions such as temperature,
humidity, and wind during storms (Diaz et al., 2023).

Several studies have explored unique applications of FO-DAS instrument in meteorological and
climatic condition monitoring. For example, Lin et al. (2024) used FO-DAS instrument to monitor
ocean currents during Typhoon Muifa, recording significant changes in current direction and speed,
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which enhanced the understanding of atmospheric-ocean interactions. FO-DAS instrument has also
been applied to observe thunder-induced ground motions, with Zhu and Stensrud (2019) demon-
strating a positive correlation between thunder-seismic power recorded by FO-DAS instrument and
lightning current power. Figure 2.8 shows several thunder-induced seismic events recorded during
the study.
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FIGURE 2.8: DAS array observations of several thunder-induced seismic events on 15 April 2019 in State College,
PA. Two traces (Channels 400 and 2000) are overlaid. Lower panels show DAS spectrograms (dB) computed for

Channel 400 and Channel 2000, respectively (taken from Zhu and Stensrud (2019)).

2.2.4 Anthropogenic Sources

2.2.4.1 Quarry Blasts

Quarry blasting involves controlled explosions used in mining to break rock for material extraction.
These blasts generate shock waves that propagate through the ground and can be detected by seis-
mological sensors. The seismic signals are typically short-duration, high-intensity pulses caused by
the rapid release of energy from the explosives. The signals are characterized by energy concen-
trated in low to mid-range frequencies, typically between 0.5 and 50 Hz, with some high-frequency
components that distinguish them from natural earthquakes (Allmann et al., 2008; Horasan et al.,
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2009). Quarry blasts primarily produce surface waves. As a result, these events are generally only
detectable near the epicenter.

Figure 2.9 shows a quarry blast recorded using a FO-DAS instrument. The recorded event is a
quarry blast of magnitude Mw=1.1, which occurred on September 8, 2022, at 10:03:36 UTC in the
Hautes-Pyrénées. The spectrogram shows a peak in frequency content around 10 Hz. The trace also
exhibits a sharp peak at the time of the blast, followed by rapid attenuation, which is consistent with
the impulsive nature of quarry blasts.
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FIGURE 2.9: Quarry blast recorded using FO-DAS instrument. We represent the strain rate (a), a trace taken at
one point on the fiber (b), and its spectrogram (c). The recorded event is a quarry blast of magnitude Mw=1.1,
that happened on September 8, 2022 at 10:03:36 UTC in the Hautes-Pyrénées.

Several studies have demonstrated the potential of FO-DAS instrument for quarry blasts record-
ing in the context of subsurface imaging. Fang et al. (2020) successfully recorded seismic signals
from quarry blasts at a distance of 13.3 km using the Fiber Optic Seismic Observatory in an urban
setting. Shaheen et al. (2023) utilized a 10 km dark fiber link to record signals from a 25 kg explosive
test.

2.2.4.2 Fracking

Hydraulic fracturing (fracking) is a technique used to extract oil and natural gas by injecting high-
pressure fluid into rock formations, creating fractures that allow hydrocarbons to flow more easily.
This process generates seismic signals due to the sudden release of stress from the rock fractures
and the propagation of fluid pressure within the fractured rock. These signals are typically low-
magnitude, high-frequency events (10-100 Hz, sometimes up to 200 Hz) that last only a few mil-
liseconds to seconds. Their brief duration, high-frequency nature, and sharp waveform character-
istics distinguish them from natural seismogenic events. In some cases, fracking can induce small
earthquakes, especially near existing faults, raising concerns about environmental and safety risks.
Monitoring these seismic signals is crucial for regulating fracking and minimizing its impact.

Several studies have explored the use of FO-DAS instrument for monitoring microseismicity and
subsurface conditions during hydraulic fracturing. Karrenbach et al. (2019) demonstrated the use
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of FO-DAS instrument for microseismic monitoring, alongside temperature and strain monitoring
using another fiber optic-based sensor called Distributed Temperature and Strain Sensing (DTSS).
Kavousi et al. (2017) also utilized FO-DAS instrument for subsurface imaging during hydraulic frac-
turing in the Marcellus Shale.

2.2.4.3 Ambient Anthropogenic Noise

Ambient anthropogenic noise refers to seismic signals generated by human activities, which can
be divided into two main categories: non-mechanical and mechanical sources. Non-mechanical
sources, such as walking, manual excavation, and livestock farming, typically produce lower-
frequency signals. For example, walking generates frequencies between 1-40 Hz (Houston &
McGaffigan, 2003), while manual excavation ranges from 1-10 Hz. Mechanical sources, on the
other hand, generate higher-frequency, more energetic signals, often containing both fundamental
frequency components due to motor rotation and their harmonics. Trains, for instance, generate
frequencies between 1-100 Hz, depending on speed and Doppler effects (Mosleh et al., 2021).
Similarly, vehicles passing by produce frequencies in the range of 30-100 Hz, with frequency shifts
depending on speed. Helicopters and airplanes produce distinct frequency bands, with helicopters
generating a fundamental around 20-30 Hz and airplanes around 60-100 Hz, both influenced
by their movement. Wind turbines, depending on their speed, generate frequencies between
20-30 Hz, also affected by movement (Diaz et al., 2022). Mechanical sources like excavation
machines and hydraulic hammers produce frequencies between 10-500 Hz (Cao et al., 2016), with
electric hammers generating broadband, repetitive signals. These frequency ranges are key to
distinguishing anthropogenic signals from natural seismogenic events (Diaz et al., 2022).

As an example, the Figure 2.10 shows a moving vehicle recorded using FO-DAS instrument.
The event is recorded on September 8, 2022 in the Hautes-Pyrénées. The strain rate, trace, and
spectrogram of the event are shown in the figure.
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FIGURE 2.10: Vehicles recorded using FO-DAS instrument. We represent the strain rate (a), a trace taken at one
point on the fiber (b), and its spectrogram (c). The recorded event contains several moving vehicles, measured
on September 8, 2022 in the Hautes-Pyrénées.

- 26 —



Fiber Optics as Seismological Sensors: A State-of-the-Art Review

Several studies have explored the use of FO-DAS instrument for monitoring transportation and
security-related activities. Liu et al. (2020) demonstrated its application in detecting and classifying
vehicles, estimating speed, and managing traffic in real-time. FO-DAS instrument has also been used
for tracking train position and speed (Peng et al., 2014; Kowarik et al., 2020), detecting perimeter
intrusions for security purposes (Yu et al., 2015), and tracking pedestrian movements for crowd
space identification (Cai et al., 2021). Additionally, FO-DAS instrument has been applied for passive
imaging using common anthropogenic sources such as traffic noise (Dou et al., 2017) and other
seismogenic activities (Lellouch et al., 2019; Nziengui-Ba et al., 2023).

2.3 Detectability of Seismogenic Sources with DAS Instru-

ment

The previous section outlined the various potential applications of FO-DAS instrument, including
earthquake and volcano monitoring, as well as the tracking of environmental and anthropogenic
events. However, using FO-DAS instrument for these purposes comes with its own set of challenges.
Several studies have highlighted both the advantages (pros) and limitations (cons) of employing FO-
DAS instruments for seismic event detection:

Pros

- High Spatial Resolution and Sensitivity

FO-DAS instruments provides a high spatial resolution and a good seismic signal sensitiv-
ity, making them very good for detecting microseismic events. In earthquake monitoring,
FO-DAS instrument has been used for detecting microseisms and teleseism signals (Williams
et al., 2019). FO-DAS instrument is also effective in volcano monitoring for detecting mi-
croseisms and tremors (Klaasen et al., 2021; Jousset et al.,, 2022), in landslide early warning
systems (Michlmayr et al.,, 2017; Ouellet et al., 2024), and in glacier monitoring to detect mi-
croseismicity (Walter et al., 2020). FO-DAS instrument has also been employed for aquifer
monitoring in rivers (Ajo-Franklin et al., 2019).

» Reuse of Telecom Fiber Optics in a Different Application Context
In modern civil construction, fiber optic cables are commonly installed along or within struc-
tures such as dams, bridges, and pipelines to facilitate rapid telecommunication over long dis-
tances. These cables often contain multiple fibers for redundancy, ensuring that if one fiber
encounters an issue, others remain functional. One of these fibers can therefore be used for
seismic monitoring. For earthquake monitoring, FO-DAS instruments have been employed to
quickly detect aftershocks (Li et al., 2021). In volcanic regions, these instruments are also effec-
tive for monitoring pyroclastic flows (Métaxian et al., 2024). Additionally, fibers not originally
intended for seismic purposes can be used for short-term measurements, such as monitoring
thunder impacts within a brief half-hour period (Zhu & Stensrud, 2019).

+ Deployment or Reuse of Fiber Optics in Hard-to-Reach Areas
FO-DAS instrument is particularly valuable for monitoring in hard-to-reach or remote areas
where traditional seismic sensors may be difficult to deploy. For example, submarine dark fiber
has been used for earthquake monitoring (Williams et al., 2019), and for monitoring submarine
volcanoes (Caudron et al., 2024). In glacier monitoring, FO-DAS instrument can cover long
distances with a single device, reducing costs and simplifying maintenance (Walter et al., 2020).
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Additionally, FO-DAS instruments have been successfully deployed for low-cost monitoring
in hard-to-reach locations, such as aquifer studies in rivers (Tribaldos & Ajo-Franklin, 2021;
Ajo-Franklin et al., 2019), fracking wells (Kavousi et al., 2017; Karrenbach et al., 2019), and
ocean monitoring for meteorological conditions (Lin et al., 2024).

 Resistance of Fiber Optic to Hard Conditions
FO-DAS instruments are resistant to harsh environmental conditions, making them well-
suited for monitoring in extreme environments. For instance, FO-DAS instrument is used
to track pyroclastic flows in volcanic regions (Métaxian et al., 2024) and to monitor the pas-
sage of typhoons and thunderstorms, where the conditions can be particularly challenging
(Lin et al., 2024; Zhu & Stensrud, 2019).

Cons

« Directional Sensitivity

FO-DAS instruments are sensitive to vibrations in only one direction, which means careful
planning of the fiber trajectory is crucial to optimize data collection. For example, in glaciers,
the fiber trajectory must be carefully planned to account for directional sensitivity (Hudson
et al., 2021). Additionally, the fiber installation can be more complex in other applications,
such as fracking, where the fiber must be arranged in a straight line or with multiple loops to
maximize data capture (Lindsey et al., 2017; Martin et al., 2018; Huot et al., 2018), and in helical
configurations, especially for Vertical Seismic Profiling (VSP) (Kuvshinov, 2016; Wuestefeld &
Wilks, 2019).

» Data Volume

The large amount of data generated by FO-DAS instruments, particularly during long-term
monitoring, can be a significant challenge in terms of storage and processing. In glaciers, for
example, the volume of data can overwhelm processing systems in case of long-term monitor-
ing (Hudson et al., 2021). For aquifer monitoring, FO-DAS instrument has been used to record
passive seismic data over extended periods, such as 7 months of data from a 27 km fiber sec-
tion (Ajo-Franklin et al., 2019) and 5 months of data from a 23 km fiber stretch (Tribaldos &
Ajo-Franklin, 2021).

« Fiber Optic Coupling with Ground
The coupling of the fiber optic cable with the ground is crucial for accurate data collection.
Poor coupling can lead to signal loss and reduced sensitivity, particularly in applications like
microseismicity detection. For example, for glacier monitoring, the fiber must be in direct
contact with the ice (Hudson et al., 2021).

« Low Signal-to-Noise Ratio (SNR)
FO-DAS instruments can struggle with low SNR compared to the use of geophones , partic-
ularly in environments with weak seismic signals or when multiple sources produce similar
signals. Early FO-DAS instruments faced significant SNR challenges when compared to tra-
ditional geophones, with differences in the range of 40-50 dB (Daley et al., 2013). In glaciers,
distinguishing between seismic events like icequakes and basal sliding is difficult due to the
low SNR in these environments (Hudson et al., 2021).

FO-DAS instruments have demonstrated significant potential for monitoring a wide variety of
seismogenic sources, ranging from earthquakes and volcanic activity to environmental and anthro-
pogenic events. However, challenges such as directional sensitivity, data volume, and low SNR still
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persist. Overcoming these obstacles is essential to fully leverage the capabilities of FO-DAS in-
struments in seismic applications. In the following sections, we will delve into how advanced data
processing techniques can address the noise issues in DAS data and explore how these instruments
can be used to analyze and characterize seismic events effectively.

2.4 Data Processing Technique for DAS

Data processing techniques are essential for extracting information from raw data in seismology.
These techniques serve two main purposes: identifying seismogenic sources and characterizing
subsurface properties. The first focuses on detecting and monitoring areas where seismic events
originate, aiming to understand seismic activity, its causes, and earthquake dynamics. The second
involves creating detailed images of underground structures, such as rock layers, faults, and fluid
reservoirs, for applications like resource exploration and geological studies. Despite their different
focuses, both rely on similar data processing techniques, such as instrumental noise filtering, signal
stacking, STA/LTA (Short-Term Average Over Long-Term Average), template matching, and Fourier
transform-based tools.

2.4.1 Data Pre-Processing: Instrumental Noise Filtering

Instrumental noise in DAS data arises from external environmental factors that disrupt the normal
functioning of the instrument, including electrical fluctuations and equipment vibrations (Hartog,
2017). Since FO-DAS instruments are opto-electronic and require an electrical outlet, power fluctu-
ations like voltage spikes, surges, or dips can lead to instrument malfunctions and data loss. Using
power conditioning equipment, like voltage stabilizers, helps stabilize the power supply. Equipment
vibrations from nearby machinery or vehicles can also interfere with the aquisitions. A proper
installation of the DAS interrogator using vibration isolation techniques and stable mounting struc-
tures help to minimize this effect. Instrumental noise is problematic in seismological applications
where weak signals must be detected (Dou et al., 2017; Ajo-Franklin et al., 2019). The most common
instrumental noise that affects DAS aquisition is common-mode noise, which occurs when sound
and vibrations in the vicinity of the DAS interrogator simultaneously influence all data channels.

Several techniques exist for filtering instrumental noise, including digital filtering, instrumental
noise deconvolution, and common-mode noise suppression. In the case of DAS aquisition, the most
commonly used method is common-mode noise suppression. Since the instrumental noise often
affects the entire fiber simultaneously at certain time during aquisition, this technique involves
subtracting the common noise from all data channels. The suppression of common-mode frequency
components is computed by averaging over all channels and at each time the SR, then subtracting
it to the measured SR (Hartog, 2017). This method is particularly effective in reducing background
noise caused by mechanical or thermal vibrations and is quick to implement, making it a popular
choice for DAS data processing. An example of common-mode noise removal is shown in Figure 2.11,
where we compare the strain rate measured from FO-DAS instrument before and after common-
mode removal.
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FIGURE 2.11: Example of Common Mode Removal, on a seismic signal recorded using FO-DAS instrument. The
figure shows the strain rate directly mesured from FO-DAS instrument (left) and the strain rate after common
mode removal (right). The recorded event is a small earthquake of magnitude Mw=1.3, that happened on Septem-
ber 20, 2022 at 04:39:26 UTC in the Hautes-Pyrénées.

2.4.2 Data Exploration Methods

The second type of undesirable noise, referred to as background noise, arises from unwanted sig-
nals caused by environmental factors (e.g. rain, storms) or unrelated sources (e.g. moving vehicles
in the case of earthquake monitoring). It poses particular challenges for detecting low-amplitude
seismogenic events, such as small earthquakes, tremors, or other subtle ground motions. To ad-
dress this, several tools exist for conventional seismological monitoring and DAS applications. We
present in this section temporal analysis methods such as Short-Term Average to Long-Term Aver-
age (STA/LTA), stacking technique, filtering methods, and template-matching method.

« STA/LTA technique is widely used in conventional seismology for detecting seismogenic
events in noisy data (Allen, 1982; Roberts et al., 1989; Withers et al., 1998; Trnkoczy, 2009). This
method involves comparing the average signal over a short temporal window to the average
signal over a much longer temporal window. The key idea behind STA/LTA is that when
a seismogenic event occurs, it generates a transient signal that causes a sudden increase in
the short-term average, making it stand out from the long-term average, which represents the
background noise. The result is a STA /LTA ratio above 1. Similarly, when the earthquake coda
finishes propagating through the sensor, the ratio temporally decrease below 1. As STA/LTA
emphasizes the relative change in signal strength over time, the technique is particularly useful
for detecting low-amplitude events that may be masked by ambient noise. An example of
STA/LTA applied to a seismic signal recorded using FO-DAS instrument is shown in Figure
2.12.

« Signal stacking technique involves collecting multiple seismic traces of the same event from
different seismological stations in case of use of geophones or from different channels in case of
DAS aquisition and averaging them together to create a stacked signal (Schimmel & Paulssen,
1997; Flanagan & Shearer, 1998). Random noise, which is neither spatially nor temporally
coherent, tends to cancel out when averaged, while the true seismic signal, being consistent
across multiple traces, adds constructively. By stacking signals, the reliability of event detec-
tion is improved, and the seismogenic source can be characterized more accurately, even in
noisy conditions. This technique is particularly useful for detecting weak or low-amplitude
events, such as small earthquakes or environmental signals, which might otherwise be masked
by background noise.
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FIGURE 2.12: Example of STA/LTA Computation, on a seismic signal recorded using FO-DAS instrument. The
figure shows the strain rate processed using common mode removal (left) and its STA/LTA (right). The recorded
event is a small earthquake of magnitude Mw=1.3, that happened on September 20, 2022 at 04:39:26 UTC in the
Hautes-Pyrénées.

« Filtering techniques aim to improve the quality of seismic data by isolating specific frequency
ranges to eliminate unwanted noise (Dziewonski et al., 1969). A low-pass filter allows frequen-
cies below a certain cutoff value to pass through, effectively removing high-frequency noise
that is typically associated with high-frequency environmental disturbances, such as wind or
anthropogenic activities. Conversely, a high-pass filter removes low-frequency signals, which
are often caused by long-period instrumental noise or slow temperature variations in the fiber.
This technique can also be used prior STA/LTA or stacking, as it helps to enhance the signal-
to-noise ratio of each individual seismic traces (Withers et al., 1998). Figure 2.13 shows an
example of a band-pass filter [5,30] Hz applied to a seismic signal recorded using FO-DAS

instrument.
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FIGURE 2.13: Example of strain rate filtering computation, on a seismic signal recorded using FO-DAS instrument.
The strain rate is filtered using a band-pass filter [5,30] Hz. The figure shows the strain rate processed using
common mode removal (left) and its STA/LTA (right). The recorded event is a small earthquake of magnitude

Mw=1.3, that happened on September 20, 2022 at 04:39:26 UTC in the Hautes-Pyrénées.

« Template matching techniques involve comparing a seismic signal with a reference seismic
trace template in order to identify similar patterns. The reference template can be the signal
itself, in which case the technique is called auto-correlation, or it can be another signal, in
which case it is referred to as cross-correlation. Auto-correlation involves computing the
correlation of a seismic trace with itself over various time lags. Auto-correlation is useful
for identifying repeating patterns in the data, such as tremors, or for assessing the asymmetry
of the signal. In the case of an earthquake, a coda wave persist after the main shock caused by
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body waves and surface waves arrivals, often characterized by lower frequencies and longer
durations (Aki & Chouet, 1975; Su et al., 1996).

Frequency-based event detection methods leverage the spectral properties of the signals to dis-
tinguish seismogenic events from background noise and other sources of interference. Among the
most commonly used methods are the spectrum and representations computed from the spectrum
like spectrogram or energy band.

» The spectrum is a representation of the seismic signal that shows how its power is spread
across different frequencies. The spectrum helps to identify key frequency components, har-
monic components and patterns that characterize specific seismogenic sources, and can be
used to distinguish between various events like earthquakes, quarry blasts, or noise. The
spectrum can be computed directly using the Fourier transform, and it can be normalized by
the frequency bin size to yield the Power Spectral Density (PSD). Figure 2.14 shows an example
of the PSD applied to a seismic signal recorded using FO-DAS instrument, with the spectrum
computed for each position along the fiber.
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FIGURE 2.14: Example of spectrum computation, on a seismic signal recorded using FO-DAS instrument. The
figure shows the strain rate processed using common mode removal (left) and the module of the spectrum (right).
The recorded event is a small earthquake of magnitude Mw=1.3, that happened on September 20, 2022 at 04:39:26
UTC in the Hautes-Pyrénées.

« The spectrogram is a time-frequency representation that shows how the frequency content
of a signal changes over time, making it useful for detecting transient signals, such as earth-
quakes or impulsive events, and tracking their evolution. It helps identify the onset, duration,
and frequency content of seismogenic events, providing valuable information about the na-
ture of the source. Examples of spectrogram associated with seismic signals recorded using
FO-DAS instrument were shown in previous section for an earthquake (Figure 2.3c), a quarry
blast (Figure 2.9c), moving vehicles (Figure 2.10c) and charge-discharge of an aquifer (Figure
2.7c),

+ The Energy Band (EB) of a seismic signal refers to the integration of the spectrum computed
for a fixed window size over a specific frequency range. The EB analysis helps in characterizing
the signal behavior, detecting specific sources of energy, and distinguishing between various
seismic phenomena based on their frequency content. Figure 2.15 shows an example of EB
computation applied to a seismic signal recorded using FO-DAS instrument.
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FIGURE 2.15: Example of energy band computation, on a seismic signal recorded using FO-DAS instrument. The
chosen frequency band is [5,100] Hz. The figure shows the strain rate processed using common mode removal
(left) and its STA/LTA (right). The recorded event is a small earthquake of magnitude Mw=1.3, that happened
on September 20, 2022 at 04:39:26 UTC in the Hautes-Pyrénées.

Data pre-processing techniques, like common-mode noise removal, remove unwanted
instrument-induced noise. These computationally efficient methods improve seismic data quality
without the need for user-defined parameters, providing a straightforward solution for noise
reduction. Conventional data exploration tools, such as STA/LTA, stacking, filtering, template
matching, spectrum analysis, spectrograms, and energy bands, help detect and characterize
seismogenic events. However, these tools are often insufficient on their own and typically require
combination with other techniques to achieve reliable and accurate results. Additionally, they often
demand fine-tuning of parameters, such as selecting the optimal frequency bands for energy band
representation. Artificial Intelligence (AI) can address these challenges by integrating multiple
conventional data exploration tools and allowing the use of various user-defined parameters, a
concept known as "features" in Al This enables a more flexible, automated, and efficient approach
to seismic data analysis, improving accuracy and minimizing the need for manual intervention.

2.5 Artificial Intelligence for Seismic Data Processing

This section is divided into two parts: the first provides an overview of key machine learning con-
cepts, terminology, and techniques that are particularly relevant for seismic data analysis. These
foundational principles form the basis for understanding how AI models can be trained and used
for different purposes such as detection, classification or dataset exploration. The second section
focuses on the specific applications of Al in processing seismic data measured with conventional
seismometers and FO-DAS instrument.

2.5.1 Background Information on Artificial Intelligence
2.5.1.1 Introduction to Artificial Intelligence: Concepts of Features and Latent Space

Artificial Intelligence (AI) focuses on creating statistical models that enable computers to learn
from datasets. Al algorithms identify patterns within the data, learn from them, and make pre-
dictions or decisions based on that learning. This process relies on an intermediate representation
called the latent space, which is constructed from tens to thousands features depending to the com-
plexity of the problem. These features can either be human-engineered, in which case the technique
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is called Machine Learning (ML), or automatically learned from the data, in which case we refer to
the technique as Deep Learning (DL). For example, ML techniques are often used to predict house
prices, with typical features such as the number of bedrooms, square footage, and location. DL, a
revolutionary method in Al (LeCun et al,, 2015), provides an automatic solution to the challenge of
constructing latent spaces. The core idea behind DL is the use of deep neural networks—models with
multiple layers of neurons. These networks typically consist of an input layer (which presents the
raw data), several hidden layers (which transform the data), and an output layer (which generates
the final result depending on the learning task). The hidden layers perform transformations on the
data, progressively calculating increasingly relevant features for both the data representation and
the task, effectively constructing a meaningful latent space. However, DL faces challenges, such as
the large amount of data required for training and the difficulty in interpreting the resulting latent
space.

2.5.1.2 Types of Artificial Intelligence Algorithms

AT tackles several learning tasks, which generally fall into four categories: prediction, exploration,
interaction, and self-improvement (Figure 2.16).
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FIGURE 2.16: Type of Artificial Intelligence algorithms. The four main families aims (a) prediction, (b) explo-
ration, (c) self-supervised learning, and (d) interaction-based task.

+ In predictive tasks, algorithms learn from labeled data to make decisions about new, unseen
data. Supervised learning is commonly used for prediction task, like regression (predict a
value) or classification (predict a label) (Figure 2.17a). Several common algorithms include
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linear regression (Seber & Lee, 2012) for regression task, and Support Vector Machines (SVM)
(Burges, 1998; Hearst et al., 1998) and Random Forest (RF) (Ho, 1995; Breiman, 2001) for classi-
fication task. SVM and RF can also perform regression tasks using variation of these algorithm
(Drucker et al., 1996; Ho, 1998; Meinshausen & Ridgeway, 2006). Semi-supervised learning
combines labeled and unlabeled data for learning (Zhu, 2005; Zhu & Goldberg, 2022) (Figure
2.17b), while transfer learning leverages pre-trained models to adapt knowledge from one
domain to another, reducing the need for labeled data (Pan & Yang, 2009) (Figure 2.17c).
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FIGURE 2.17: Artificial Intelligence algorithms for prediction. Prediction can be performed using (a) supervised
learning, (b) semi-supervised learning, and (c) transfer learning.

« For exploration, unsupervised learning methods identify hidden patterns in data without
explicit labels (Figure 2.18a). Clustering techniques are widely used for grouping data based on
similarities or differences, with methods like exclusive clustering (e.g., K-means) (Forgy, 1965;
Hartigan & Wong, 1979), fuzzy clustering (Gath & Geva, 1989), hierarchical clustering (e.g.,
agglomerative clustering) (Johnson, 1967; Murtagh & Legendre, 2014), and probabilistic clus-
tering (e.g., Expectation-Maximization) (Dempster et al., 1977; Kriegel et al., 2011). Density-
based clustering, such as DBSCAN, forms clusters based on data point density, separating
outliers as noise (Ester et al., 1996). Dimensionality reduction methods, such as Principal
Component Analysis (PCA) (Wold et al., 1987; Jolliffe & Cadima, 2016), t-SNE (Van der Maaten
& Hinton, 2008), and autoencoders (Hinton & Salakhutdinov, 2006), simplify the data latent
space representation by reducing the number of dimensions of latent space while preserving
essential features, aiding in data exploration and visualization (Figure 2.18b).
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« Self-supervised learning is an emerging approach where models create pseudo-labels (Fig-
ure 2.19). This technique is mainly used for natural language processing, with examples like
wav2vec, a self-supervised algorithm for speech recognition (Schneider et al., 2019), and BERT
(Bidirectional Encoder Representations from Transformers) which enhances the understand-
ing of search query context (Devlin, 2018). It is also applied in feature learning, as seen in
algorithms like BYOL (Bootstrap Your Own Latent) (Grill et al., 2020).
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FIGURE 2.19: Artificial Intelligence algorithm for self-supervised learning.

« Interaction-based tasks are addressed using reinforcement learning, where models learn by
interacting with their environment and receiving feedback in the form of rewards or penalties
(Kaelbling et al., 1996) (Figure 2.16d). Reinforcement learning has broad applications, including
in game playing (Mnih, 2013), robotics (Kober et al., 2013), and autonomous systems (Kiran et
al., 2021), where the model continuously refines its actions based on trial and error.
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performed using reinforcement learning.

2.5.1.3 Dataset Splitting and Class Imbalancing Management

Splitting the dataset into training and test sets is a crucial step in the development of Al model and
evaluation process. The training set is used to teach the model by allowing it to learn patterns, rela-
tionships, and features within the data. The test set is reserved for evaluating the model performance
on unseen data. This separation is essential to ensure that the model generalizes well beyond the
data it was trained on, rather than simply memorizing the training data (a phenomenon known as
overfitting) (Cawley & Talbot, 2010). Several strategies exist for dataset splitting: for huge datasets,
random splitting is common, where the dataset is randomly divided into training and test sets,
typically in a 50/50, 70/30 or 80/20 ratio. Stratified random splitting is a variation that ensures the
distribution of target classes is proportional in both training and test sets, making it suitable for im-
balanced datasets (Sdrndal et al., 2003). For reduced dataset, k-fold cross-validation is a common
technique that involves splitting the dataset into k equally sized data subsets, training the model on
k-1 data subsets, and evaluating its performance on the remaining data subset (Stone, 1974). This
process is repeated over the number of fold k, with each subset serving as the test set once. Strati-
fied cross-validation is variation of k-fold cross-validation that ensures each fold has a proportional
distribution of target classes compared to the initial dataset (Zeng & Martinez, 2000; Krstajic et al.,
2014). Leave-one-out cross-validation is a special case of k-fold cross-validation where the number
of folds equals the number of samples, making it good for small datasets by maximizing data usage
(Wong, 2015; Vehtari et al., 2017).

In the case of highly imbalanced dataset, where one class is significantly more prevalent than
others, class rebalancing techniques can be used to rebalance the training set. These techniques
include oversampling, where the minority class is augmented to balance the class distribution, us-
ing random sample duplication, selective sample duplication (e.g. ROSE) (Menardi & Torelli, 2014)
or synthetic data generation (e.g. SMOTE, ADASYN) (Chawla et al., 2002; He et al., 2008); under-
sampling, where the majority class is reduced to match the minority class, using random sample re-
moval or selective sample removal (e.g. NearMiss (Mani & Zhang, 2003), Tomek’s link (Tomek, 1976),
Edited Nearest Neighbour (Wilson, 1972)); and algorithm using a mix of both oversampling and
undersampling (Batista et al., 2003, 2004). Other methods include cost-sensitive learning, where
misclassification costs are adjusted to account for class imbalance (Sun et al., 2007), and ensemble
methods, which combine multiple models to improve performance (Chen & He, 2011). Each class
rebalancing technique has its advantages and drawbacks. Oversampling can lead to overfitting, as
it may duplicate instances or generate synthetic data that does not fully capture the minority class
diversity. Undersampling reduces the majority class, but it can result in the loss of important in-
formation, especially when the imbalance is large. Cost-sensitive learning adjusts misclassification
costs, focusing more on the minority class, but requires careful tuning of cost values. Ensemble
methods combine multiple models for better performance but can be computationally expensive
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and still suffer from bias if the individual models are not balanced.

2.5.1.4 Evaluation Metrics

To evaluate the performance of Al models in prediction tasks, various metrics are used depending
on the specific task. For classification tasks, metrics are derived from the confusion matrix, which
summarizes the model performance by comparing predicted and actual class labels.

TABLE 2.1: Example of confusion matrix for classification
‘ Predicted class: Positive Predicted class: Negative
Actual class: Positive True positive (TP) False negative (FN)
Actual class: Negative False positive (FP) True negative (TN)

Table 2.1 shows the confusion matrix for a binary classification problem. Common evaluation
metrics include accuracy, precision, recall, and the F1 score (Powers, 2020). Their formulas are
given respectively in Equation 2.1, 2.2, 2.3 and 2.4.

R - TP+ TN i
MY = TP+ TN + FP+ FN '
TP
PreCiSiOl’l = W (22)
TP
l=——— 2.
Reca TPLFN (2.3)

Precision x Recall
F1 =9 x 2.4
AR Precision + Recall 2

Accuracy measures the proportion of correctly classified instances, while precision quantifies
the ratio of true positive predictions to the total number of positive predictions made by the model.
Recall, also known as sensitivity, calculates the proportion of true positive predictions relative to
the total number of actual positive instances. The F1 score is the harmonic mean of precision and
recall, offering a balanced evaluation of model performance. Lastly, AUC-ROC assesses the model
ability to distinguish between classes, with higher values indicating better performance. For regres-
sion tasks, metrics such as Mean Squared Error (MSE), Mean Absolute Error (MAE), and R-squared
are used to quantify the model predictive accuracy. MSE measures the average squared difference be-
tween predicted and actual values, while MAE calculates the average absolute difference (Willmott &
Matsuura, 2005). R-squared, also known as the coefficient of determination, assesses the proportion
of variance in the dependent variable explained by the model.

This section introduced key Al concepts that are essential for understanding the rest of the thesis.
The concepts of features and latent spaces explain how data is represented and how Al models learn
from it. These ideas are particularly relevant to ML algorithms, where we define our own features.
In the next section, we will explore existing literature, focusing on application involving seismic data
measured with conventional seismometers and FO-DAS instruments. Additionally, understanding
the different AI algorithms helps us identify tasks and choose the appropriate algorithms for clas-
sification, regression, or data exploration. These concepts will be applied in the following chapters,
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especially for classification (Chapters 3 and 4) and exploration (Chapter 5). Finally, topics such as
dataset splitting, class imbalance management, and evaluation metrics are vital for training and as-
sessing Al models, especially when dealing with imbalanced datasets. These methods will be used
to evaluate the built models in the subsequent chapters.

2.5.2 Artificial Intelligence for Conventional Seismometer and DAS Data

2.5.2.1 Machine Learning Features for Conventional Seismometer and DAS Data

Temporal, Frequency, and Time-Frequency Based Features

The application of signal-based methods, such as FFT, energy analysis, and bin division, is widely
used in seismic signal processing for feature extraction. These methods can be categorized into
temporal, frequency, and time-frequency domain approaches, each suited to specific types of sig-
nals. Temporal domain methods are suitable for non-stationary signals and include features built
on the raw trace or its envelope such as statistical metrics (e.g. mean, median, standard deviation,
kurtosis, skewness, autoregressive coefficients), signal energy, zero crossing rate, or correlation.
Frequency domain methods are used for stationary or quasi-stationary signals. These methods
examine the shape of the signal spectrum, its envelope (e.g. harmonics, spectral skewness), and
various statistical metrics, such as the maximum, mean, and quartiles. Time-frequency domain
methods analyze signals by combining time and frequency information, with the spectrogram being
a common example. Mel-Frequency Cepstral Coefficients (MFCC) is another representation derived
from the spectrogram, primarly used to imitate the human auditory perception using the Mel
frequency scale. Temporal, frequency, and time-frequency features are crucial for machine learning
applications in analyzing natural seismogenic sources measured using conventional seismometers,
as demonstrated in studies by Hibert, Mangeney, et al. (2014); Hibert, Provost, et al. (2017); Hibert
et al. (2019); Maggi et al. (2017); Provost et al. (2017); Chmiel et al. (2021); Domel et al. (2023).
For DAS data, temporal, frequency, and time-frequency features have also been used together
for various tasks such as intrusion detection, train tracking, and microseismicity detection. For
example, Cao et al. (2015) used FO-DAS instrument for intrusion detection, applying FFT to extract
spectral features like energy, low-frequency energy, peak value, and mean value for each channel.
Similarly, Papp et al. (2016) created a real-time algorithm for tracking train positions using FFT to
separate train signals from background noise, dividing the frequency range below 1000 Hz into 10
bins for classification with PCA and SVM. Fukushima et al. (2022) applied 2D-FFT (f-k filtering) to
extract surface wave from DAS records. In another application, Stajanca et al. (2018) used FFT on a
helicoidal fiber optic to detect small leaks in pipelines, as small as 0.1% of the flow rate.

Wavelet Transform, Empirical Mode Decomposition and Morphological Feature

Following the signal-based methods, more advanced feature extraction techniques based on signal
decomposition have gained attention for their ability to capture multi-scale and non-linear features
from seismic data. These methods are known as Wavelet Transform (WT) (Meyer, 1992; Daubechies,
1992; Akansu & Haddad, 2001), Empirical Mode Decomposition (EMD) (Huang et al., 1998; Rilling
et al., 2003), or Morphological Feature Extraction (MFE) (Thiran & Macq, 1996).

« For seismic signal processing, WT provides a time-frequency representation that allows the
analysis of both high- and low-frequency components across different time scales. Unlike
spectrograms, which rely on a fixed Fourier transform (decomposing the signal into sinusoidal
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TABLE 2.2: Comparison of Spectrogram, Wavelet Transform (WT), and Empirical Mode Decomposition (EMD)
for seismic event recognition.

Transformation Basis Functions Resolution
Spectrogram Sinusoidal Fixed
WT Scaled and shifted wavelets Variable
EMD Data-driven functions Variable

components), WT offers the flexibility to choose the transformation function based on the
specific needs of the analysis (Chakraborty & Okaya, 1995; Gaci, 2013; Liu et al., 2015).

Using conventional seismometer, Lapins et al. (2020) evaluate the WT for analyzing volcano-
seismic signals. They show that WT provides better time-frequency resolution than Fourier
transforms, especially for detecting very-long-period (VLP) signals and distinguishing vol-
canic activity from ambient noise. Figure 2.21 compare the representation of volcano-tectonic
event using a linear-scaled spectrogram, log-scaled spectrogram and WT scalogram represen-
tation for volcano-tectonic event. (Atterholt et al., 2022) uses WT as a tool for improving DAS
data processing, isolating earthquake signals from noise and improving aftershock detection
by over 30%. (Wu et al., 2015) also show that WT can improve signal quality in DAS, achiev-
ing a 35 dB improvement by separating useful signals from noise. (Liu et al., 2020) extracts
ML features using WT for vehicles detection purpose, achieving a detection accuracy of more
than 80% and a classification accuracy of more than 70%.

FT spectrograms FT spectrograms CWT scalograms
(linear) (log) (log)
A 50 I 50 I 50 l
VT 20t & 20}
=~ Of 10 B 101
L 5} - 5} i
> 30+ n 1 5 )
2 \
qé 20 F 1 1+
o £ 05F 05F
W qof 3 02F 0.2}
0 — Fly 0.05 ————— ———
0 10 20 30 40 50 60 0 10 20 30 40 50 60 0 10 20 30 40 50 60
Time (s) Time (s) Time (s)

FIGURE 2.21: Linear-scaled spectrograms (left), log-scaled spectrograms (middle) and Wavelet Transform scalo-
grams (right) for typical volcano-seismic events, and whose events were published in McNutt and Roman (2015)
(taken from Lapins et al. (2020)).

« EMD uses a data-driven transformation function that adapt the differnet time scale (Battista et
al., 2007; Han & van der Baan, 2013; Gaci, 2016), unlike WT which uses a fixed Fourier-based
transformation.

Han and van der Baan (2013) applied EMD for seismic signal denoising in sedimentary basin
monitoring. In his study, he first demonstrated the method on a synthetic example, showing
how a complex signal can be effectively decomposed into its intrinsic mode functions (IMFs)
(Figure 2.22). Wang et al. (2020) extracted features from the EMD representation to identify five
types of disturbance events: watering, knocking, climbing, pressing, and false disturbances.
They selected 11 features from the data and applied XGBoost for classification, achieving over
90% accuracy for each event class.
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FIGURE 2.22: Example of Empirical Mode Decomposition (EMD) for a synthetic example. (a) Synthetic example:
background 20 Hz cosine wave, superposed 100 Hz Morlet atom at 0.3 s, two 30 Hz Ricker wavelets at 1.07 and
1.1s, and there are three different frequency components between 1.3 and 1.7 s. (b) EMD output displaying mode
mixing. IMF1 extracts the high-frequency Morlet atom and some low-frequency components. IMF2 and IMF3
also mix different signal components (taken from Han and van der Baan (2013)).

« MEE relies on morphological operators to extract features related to the shape and structure
of the signal. These operators are based on the principles of mathematical morphology, which
focuses on the manipulation of the geometrical structure of data to alter the initial data.

Pérez et al. (2021) propose a novel method for classifying long-period (LP) and Volcano-
Tectonic (VT) seismic events at Cotopaxi volcano by combining mathematical morphology
and similarity criteria techniques. Their approach, using edge maps from spectrograms,
achieved high accuracy (93.34% and 96.88%) and faster execution times compared to state-
of-the-art methods (Figure 2.23). Sun et al. (2015) classified three types of events using MFE:
walking, digging, and vehicles passing. They applied segmentation to separate the event
region from the background. Features such as region interval, roundness, pixel count, and
amplitude were then selected. SVM was used for classification, achieving 95% accuracy.

15 LP VT
10 h 4 —
g H Ii
S s+ ‘ Il H I ‘ ‘ |
2 | ‘. ! \ M”u Il fl1y .
= bl M i, *’f*ﬂ W 0 s N | .J AL i ey
10 - -
15|
20 | | |
0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170
25
20
N
X
15
>
0
S0
=
o
Y .
e
% 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170
Time (s)

FIGURE 2.23: Example of Morphological Feature Extraction (MFE) for Volcano-Tectonic (VT) and long-period (LP)
seismic event recognition. The figure shows the trace recording and the binarized spectrogram of a VT and LP
recorded at the Cotopaxi volcano in Ecuador (taken from Pérez et al. (2021)).
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2.5.2.2 Application of Artificial Intelligence For Seismic Data Pre-Processing

Data Denoising

AI can help to reduce the noise level for seismic data analysis. Recent advancements include the
use of Convolutional Neural Networks (CNN), as seen in the work by Yang et al. (2023), where
a DL model with dense and residual connections was developed to attenuate noise and improve
the signal-to-noise ratio in DAS data. This method demonstrated a remarkable ability to recover
weak signals hidden within strong noise, outperforming traditional approaches. Furthermore,
self-supervised learning techniques, such as those explored by Van den Ende et al. (2021), enable
denoising without the need for labeled data, leveraging the inherent structure of seismic signals.
In addition, innovative methods like the one proposed by Lapins et al. (2024), which utilizes
two fiber-optic cables to denoise data without requiring clean reference signals, are pushing the
boundaries of what DAS technology can achieve in seismological monitoring.

Event Picking

Al is used in seismic data pre-processing to automate the picking of seismic phases, as P-waves, S-
waves, and surface waves (see Section 2.1.2). Accurately identifying these arriving times is essential
for calculating key event parameters, including the epicenter, magnitude, and depth of the seismic
event. Traditional methods rely on manual picking by experts, which can be time-consuming and
subjective. Ross and Ben-Zion (2014) presents a method for automatic seismic phase picking that
sequentially applies different data processing algorithms. Since the detectors are applied in a fixed
order, this approach is not refered as ML. The approach combines STA /LTA, kurtosis, and skewness
detectors to accurately detect both P and S-wave, and detect S-wave arrivals using polarization anal-
ysis and filters to eliminate P-wave energy. Zhu and Beroza (2019) developed PhaseNet, a supervised
DL model designed to automatically pick seismic phases from conventional seismometer data. By
using three-component seismic waveforms as input, PhaseNet outputs probability distributions for
P and S wave arrivals. Trained on over 700 000 waveform samples, it outperforms existing methods,
achieving precision of up to 0.85 and recall of up to 0.75 for both P and S waves. An adapted version
for DAS data is also discussed in Zhu et al. (2023). Chen (2020) proposes an unsupervised ML method
for microseismic event picking, using fuzzy clustering to effectively separate waveform points from
noise. This approach outperforms traditional STA /LTA methods, showing improved robustness in
detecting events even with moderate-to-strong background noise.

2.5.2.3 Application of Artificial Intelligence For Seismic Data Classification and Explo-
ration

In Figure 2.16, we present the main types of Al algorithms, which are designed to address prediction,
exploration, interaction-based tasks, or self-supervised learning tasks such as feature creation. In
seismology, Al are primarily applied to prediction and exploration tasks.

Prediction

Al is being used in seismology with DAS data in prediction field to improve the detection and anal-
ysis of seismogenic events. For example, DL methods have been used to better detect earthquakes
with DAS data (Hernandez et al., 2021). In microseismicity, techniques like 2D FFT and CNN are
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being used to classify seismogenic events, outperforming traditional methods (Stork et al., 2020;
Binder & Tura, 2020). Al is also used to filter out traffic noise from seismic data for interferometry
(Huot et al., 2018) and to detect intrusions on railways using LSTM networks (Li et al., 2020). In
smart city issues, Al is applied to detect and count footsteps (Jakkampudi et al., 2020) and classify
vehicles (Liu et al., 2020).

Exploration

Al can be used to categorize seismic signals, discover new patterns in seismogenic events, and
identify rare occurrences that traditional signal processing methods may miss. The use of DAS
data in exploration is still limited but growing rapidly, while conventional seismometers have been
more widely used. For volcanoes, unsupervised learning techniques are used to identify clusters of
volcanic activity phases (Hammer et al., 2012). These methods help with challenges such as the lack
of labeled data during eruptions. Clustering algorithms are also used to study tremor patterns and
their link to volcanic features like magma viscosity and storage depth (Unglert & Jellinek, 2017). DL
methods track volcanic eruptions by analyzing seismic data (Zali et al., 2024). Clustering algorithms
classified bubble events based on their temporal and spectral features, providing information
about volcanic processes and gas infiltration patterns (Caudron et al, 2024). Self-supervised
approaches identify different types of volcanic tremors by using features from seismic records
and spectrograms (Rimpot, Hibert, Retailleau, et al., 2024). In earthquake monitoring, methods
like Fingerprint And Similarity Thresholding (FAST) technique detects similar seismogenic events,
helping to monitor earthquakes (Yoon et al., 2015). Clustering methods group earthquake events
by similar characteristics, which aids in understanding seismicity and faulting processes (Cesca,
2020). For landslides, clustering techniques identify different seismic behaviors in landslide areas
(Seydoux et al., 2020). Slowly evolving clusters, often linked to ambient seismic noise, dominate the
data. Localized clusters are associated with ocean-radiated microseismic energy, revealing specific
sources and frequencies. Sparse clusters, tied to rare seismogenic events, may help detect potential
landslide precursors. In DAS applications for exploration, there are fewer studies, but volcano
monitoring has seen progress. For instance, an experiment at Laacher See volcano used FO-DAS
instrument to detect and analyze acoustic signals from bubble emissions.

2.6 Research Questions and Hypotheses

In exploring the state of the art, FO-DAS instrument has emerged as a transformative tool for seismic
monitoring, offering advantages such as high spatial resolution, cost efficiency, ease of deployment,
and resilience in harsh environmental conditions. These benefits make FO-DAS instrument highly
promising for applications ranging from earthquake detection and landslide monitoring to intrusion
detection and railway surveillance. However, DAS data also introduces significant challenges. These
challenges include the massive data volumes it generates, the elevated background noise levels, and
its sensitivity to diverse noise sources, which can complicate its use in specific monitoring contexts.
Addressing these challenges requires innovative solutions to denoise, classify, and efficiently process
DAS data while maintaining the interpretability and reliability of results.

Several solutions can be considered after reviewing existing research to address the challenges.
For background noise, signal processing tools can reduce instrumental noise, improving data quality.
To select sources, methods like waveform and frequency analysis can help identify specific events.
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These techniques can be automatically combined together using Al algorithms. To manage data
volume, we can choose which sources to record using a trained Al algorithm, allowing for a real-
time monitoring system to efficiently handle the data.

As seen in this Chapter, there are two main trends for Al applications in seismic monitoring:
Machine Learning (ML) and Deep Learning (DL). While DL models have shown impressive perfor-
mance in various applications, we choose to use ML techniques (hypothesis HO) in our work for
several reasons:

« ML models are easier to interpret because they use features derived from seismology, making
it clearer how the data relates to the predictions.

« ML is more robust, even when there is little data available, whereas DL typically requires large
datasets to perform well.

« ML has lower computational costs, which makes it more efficient in terms of both time and
resources.

« ML models are less sensitive to changes in model parameters, allowing us to focus more on
the quality of the data and the features for model performance analysis.

2.6.1 Research Questions

In the light of these challenges, the possible solutions and the use of ML rather than DL, we have
identified several research questions to guide our work:

1. Real-time monitoring: The most effective ML algorithms typically classify complete seis-
mic signals of events, from the beginning to the end of the detection. However, in real-time
monitoring, waiting for an event to finish (e.g., several minutes for detecting a vehicle moving
along an fiber optic path) is not feasible. Given our initial hypothesis, we want to prioritize
features derived from conventional seismology. How can existing processing methods be
adapted to handle real-time data while considering the distributed spatial nature of
DAS data in the processing chain?

2. Signal classification: ML algorithms based on seismic features tend to be more interpretable
but do not account for the distributed spatial nature of DAS data. How can we integrate the
unique characteristics of DAS data into ML algorithms, such as analyzing the spatial
waveform of seismic data?

3. Data labeling: For long-term monitoring systems, extended recordings are needed to ac-
count for factors like seasonal effects and environmental variations over time. In these cases,
manually labeling the data is highly time-consuming and labor-intensive. How can train-
ing datasets for ML models be created more efficiently, especially when dealing with
large volumes of continuous data that span across seasons or even years?

2.6.2 Hypotheses

To address these research questions, we have formulated several hypotheses:
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« HO: We prefer to use ML techniques over DL for the interpretability of features.

« H1: We have chosen to adopt a data stream approach, building our processing chains around
this concept.

« H2: While we are focusing on real-time applications, we prioritize questions about the benefits
of using new features in the classification process rather than minimizing the computation
time of these features. We also allow for data processing on High-Performance Computing
(HPC) systems.

« H3: For long-term labeling, we aim to avoid manual event-by-event labeling. However, we
allow for intervention on a few event or cluster of events in the labeling process to ensure the
quality of the training data.

2.6.3 Solutions

To address these research questions and consider the hypotheses, we develop multiple solutions. A
summary of the datasets used to validate these solutions is provided in Table 2.3.

+ Solution 1: Real-time Event Detection and Classification Pipeline
We develop a complete DAS data processing pipeline for real-time event detection and classifi-
cation. This uses ML techniques adapted from conventional seismology. The pipeline includes
spatial data coherency processing, using Markov Random Fields to account for spatial depen-
dencies. We test the processing chain on a dataset from the FEBUS Optics test center, and
containing anthropogenic events (see Table 2.3). This is covered in Chapter 3.

+ Solution 2: Integration of Spatial Features in ML process
In this step, we incorporate the spatial features of DAS data and the relationships between
virtual point sensors into the ML model. We apply this method to a DAS dataset acquired
in the field. The dataset consists of data from a 91-km fiber optic in the Hautes-Pyrénées,
containing both natural seismogenic events and anthropogenic events (see Table 2.3). This is
discussed in Chapter 4.

+ Solution 3: Streamlining Dataset Labelizing
We design a method to streamline the creation of training datasets for DAS acquisition. This
involves clustering similar DAS data, reducing the need for manual event-by-event labelliza-
tion. We test this method on a dataset acquired in the Hautes-Pyrénées and at Viella landslide,
which includes natural seismogenic events, daily farm anthropogenic events, and other an-
thropogenic events (see Table 2.3). This is presented in Chapter 5.
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TABLE 2.3: Summary table of the acquisition parameters for the test center, Hautes-Pyrénées, and Viella landslide
datasets. The upper section of the table presents the acquisition configuration, while the lower section lists the

observed seismogenic sources and their usage in the chapters.

FEBUS Test Center Hautes-Pyrénées Viella Landslide
Chapter 3 4,5 5
Cable Type Loose, Tight, Telecom Telecom Tight
Fiber Length (m) 24x 22 91 000 800 (begin)
214 (end)
Duration 120.6 min 21 days 44 days
Used Duration 120.6 min 19 times 10-min 44 days
Time Sampling (Hz) 200 200 400
Space Sampling (m) 0.8 4.8 24
Gauge Length (m) 5 10 10
Data Volume (GB) 5 206 3000
Event types Construct. noise Earthquake Earthquake
Leakages Quarry Blast Farming
Oth. Anthropogenic ~ Oth. Anthropogenic
Usage Classification Classification Clustering
Clustering
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Chapter 3

Classifying Fiber Optic Data Using
Human-Engineered Features from
Conventional Seismometers

3.1 Introduction

The processing and analysis of data from Distributed Acoustic Sensing (DAS) systems present sev-
eral challenges. Compared to traditional seismometer data, DAS data has a higher noise level and
includes a spatial dimension due to its distributed nature along an fiber optic. DAS also generates
large amounts of data, making data storage bulky. These unique characteristics require a specific
processing chain for DAS data. A key element of this chain is the use of a suitable latent space for
machine learning (ML) models.

In this chapter, we present our approach, which uses features that have been successful in clas-
sifying seismic signals from conventional seismometers (Hibert, Mangeney, et al., 2014; Hibert,
Provost, et al., 2017; Hibert et al., 2019; Maggi et al., 2017; Provost et al., 2017; Chmiel et al., 2021;
Domel et al., 2023). These features are applied in this chapter directly to DAS data flow. We also
introduce a post-processing step using a Markov random field algorithm to enhance classification.
This step leverages the spatial nature of the signals to maintain classification coherency and re-
duce the impact of noise. We demonstrate how this processing chain works on data collected at the
FEBUS Optics test center from a controlled environment, specifically a 20-meter length trench. This
chapter establishes the foundation for a processing chain to classify DAS data using latent spaces
derived from conventional seismology features.

This chapter consists in one published paper (section 3.2):

Huynh, C., C. Hibert, C. Jestin, J.-P. Malet, P. Clément, and V. Lanticq (2022). Real-Time Classifica-
tion of Anthropogenic Seismic Sources from Distributed Acoustic Sensing Data: Application for Pipeline
Monitoring, Seismol. Res. Lett. 93, 2570—2583, doi: 10.1785/0220220078.
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3.2 Paper: Real-Time Classification of Anthropogenic Seis-
mic Sources from Distributed Acoustic Sensing Data: Ap-

plication for Pipeline Monitoring (Seismorocicar Researce LETTER,
2022)

3.2.1 Abstract

Distributed Acoustic Sensing (DAS) is an innovative method to record seismic waves using an fiber
optic as a network of sensors. Current DAS devices can monitor up to 50 km of fiber optic and the
use of optical repeaters can raise even more this length, while allowing a spatial discretization of the
order of a meter. Handling such amounts of data is a challenge in terms of data management and data
analysis (such as event source identification), more specifically for monitoring applications such as
infrastructures or natural hazards. In this work, we propose a processing chain for real time classi-
fication of anthropogenic sources using a combination of Random Forest (RF) and Markov Random
Field (MRF). To develop the method, we choose to focus on the application of pipeline monitoring.
The algorithm is therefore trained to recognize six classes of seismic sources: pedestrian, impact,
backhoe, compactor, leak and noise. All the sources were triggered and recorded on our own test
bench under controlled conditions. The average sensitivity of our processing chain reaches 83% with
the use of only RF and achieves 87% in combination with MRF. Classification maps show that the
MREF approach can increase the average sensitivity by removing isolated signals. In addition to this
improvement in sensitivity, this new approach also permits to identify synchronous events taking
place at nearby positions, which is difficult with classical methods.

3.2.2 Introduction

Distributed Acoustic Sensing (DAS) is a new technology that turns a telecommunication fiber optic
into a large array of equally spaced seismic sensors. Such a high density of sensors is ideal for
monitoring of large infrastructures, such as oil/gas pipeline (Tejedor et al., 2021a), train tracks and
roads (Li & et al., 2020; Wiesmeyr et al., 2020; Yuan et al., 2021) or even submarine power cables
(Hicke et al., 2017b). It is also a powerful solution for geophysical applications, e.g., seismological
monitoring (Lindsey et al., 2017; Lellouch et al.,, 2020; Nayak et al., 2021; Zeng et al., 2022), Ocean-
Solid Earth interactions (Sladen et al., 2019) or natural hazards (e.g. volcanoes (Nishimura et al.,
2021); water reservoir and rivers (Zhu et al,, 2021)). Using a single opto-electronic device called
interrogator, the system can monitor up to 50 km of fiber length. Once a LASER pulse is sent by the
interrogator into the fiber optic, a small part of the light is continuously backscattered due to natural
asperities present in the fiber optic. Knowing the speed of the light in the fiber optic, the position
where the light has been backscattered can be calculated. The phase difference of the backscattered
light between two points spaced by a distance named gauge length (GL) is proportional to the strain
along the fiber. Then, a passing seismic wave with enough energy to excite the fiber will be detected
by the DAS system. DAS data are dense, with a spatial resolution under the meter and an acquisition
frequency which can reach 100 kHz for the interrogation of 1 km-fiber-length. The complexity of
seismic signals and the high amount of data make the use of automation mandatory. For continuous
monitoring, real-time processing is critical.

In the field of DAS signal classification and pattern recognition, two main approaches can be dis-
tinguished: temporal seismic signal classification and image-based classification. The first approach
aims to use an already existing classification method for seismic and seismological signals measured
with microphones or geophones. This approach is based on the analysis of relevant features like the

— 48 —



Classifying Fiber Optic Data Using Human-Engineered Features from Conventional Seismometers

energy in several frequency bands (Wiesmeyr et al., 2020; Tejedor et al., 2021a), correlation-based
features, or cepstral coefficients (Bublin, 2021). However, it only focuses on a single position on the
fiber and rarely considers the classification of neighboring positions. The second approach considers
the strain rate recorded by the DAS as an image and uses artificial neural networks (e.g. convolu-
tional neural network (Huot et al., 2018; Jakkampudi et al., 2020; Li & et al., 2020; Peng et al., 2020);
or residual neural network (Dumont et al., 2020)). However, these methods work mostly for already
acquired signals and their use in real-time is quite complex. Further, the choice of window sizes
depends on the sources to be detected and most of the developments were adapted for events of
close temporal duration (Huot et al., 2018; Bai et al., 2019).

In this work, we propose a source classification method based on the first approach, as our goal
is to propose a processing chain able to process data in real-time. To solve the issue of position
independence, a post-processing step using Markov Random Field theory is added after the classifi-
cation. The method has been tested on on-site recorded DAS signals and the implementation is also
compatible for data acquired in real-time. The system is trained to identify several types of sim-
ulated seismic sources corresponding to threats and non-threats to pipeline integrity (pedestrians,
falling objects, impacts, compactor, excavator, water or air leaks). We propose to use a combination
of the Random Forest classifier along with 53 curated seismic signals features as it has proven its effi-
ciency in many fields of seismological data analysis (Hibert, Mangeney, et al., 2014; Hibert, Provost,
et al., 2017; Hibert et al., 2019; Maggi et al., 2017; Provost et al., 2017; Chmiel et al., 2021; Wenner
et al., 2021). This article has three main objectives. The first one is to test the proposed feature set
combined with Random Forest algorithm for data classification for the studied event types. The sec-
ond is to study the contribution of spatial clustering using Markov Random Field for classification
improvement. The last aim is to test the whole processing chain for a real-time classification.

3.2.3 Dataset

The data were acquired on a controlled test bench developed and installed by FEBUS Optics (Pau,
South-West of France). The facility was built in February 2020 in order to develop, improve and
benchmark the distributed sensing solutions developed by the company and to provide ideal experi-
mental conditions to simulate various events, such as third-party intrusions, landslides or water/air
leakages. The test site is composed of a buried pipeline of 22 m with several configurations of fiber
optic cables (Figure 3.1): single/multi-mode fibers, loose/tight fibers in the cable, with/without cable
sleeves, and cable located at various distances from the pipe. The goal is to be able to study the in-
fluence of the nature of the fiber, of the type of fiber cable, of the coupling between the cable and the
ground and of the position of the fiber optic cable. The trench is also equipped with different-size
nozzles along the pipe for leakage simulation.

The device used to interrogate the fiber optic cables is the DAS system FEBUS A1-R. The ac-
quired data is called strain rate (SR, in nanostrain/s) and corresponds to seismic aquisition along the
fiber. For each position on the fiber corresponds a temporal seismic aquisition called trace. For our
simulation, strain rate is measured and filtered by a low-pass filter with a cut-off frequency of 100
Hz and downsampled. The gauge length is chosen equal to 5 m with a spatial sampling of 80cm. For
real-time applications, one interesting property is that the FEBUS A1-R measures the strain rate in
flow: during launched aquisitions, 4 s of strain rate is continuously acquired and stacked into the
same file. The size of the blocks is editable, which makes it convenient for real-time processing. The
dataset consists in a series of six controlled seismic sources (Figure 3.2): “pedestrian walk”, “impacts”,
“backhoe”, “compactor”, “water/air leakages” and “noise”. The different seismic sources constituting
our dataset were acquired using all available fiber configurations (Figure 3.1), which allows us to
have for each event multiple measurements called sub-event. Figure 3.3 gives a qualitative view of
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the signals acquired along the different fibers in terms of energy over a frequency band 0-100 Hz
and emitted by pedestrian and backhoe. Each sub-event can be considered as an ensemble of traces
measured at several positions on the same portion of the fiber optic cable, and each trace is further
divided using a 4 s window with an overlapping of 50%. These new entities are called signal units
and are used by the machine learning algorithm presented in this paper. Table 3.1 gives an overview
of the number of events, sub-event and signal units per class. The protocols for creating the sources

for all classes are detailed in Appendix Al.

TABLE 3.1: Event occurrences for each considered class in the database.

Event Type Name Number of Events  Number of Number of Signal
Subevents" Unit*

Pedestrian walk 15 244 254,129

Impacts or falling 48 1017 344,609

object

Backhoe 10 195 220,313

Compactor 5 114 57,516

Leakages 1 239 548,185

" One event gathers all signals emitted by the same seismic source.
T One subevent gathers all signals measured along the same fiber configuration.
¥ One signal unit consists of a 4 s windowing of a signal taken at a point of the fiber.

Proto

Pipeline
V13

V9

Electropneumatic power supply of
the solenoid valve

|
i
|
|

Telecom

Foam around the solenoid
valve 3mm top

Surface

)

1.5m

@ Cable tight-buffered V9 3.2 mm

v/

@ Cable both loose-tube and
tight-buffered protoype 14 mm

.@: Cable loose-tube Standard

sllvie ™" Telecom 9.7 mm in PEHD tube

i

Cable both loose-tube and

1.5m tight-buffered V13 5.9 mm

P
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3.2.4 Methodology for Signal and Source Classification

3.2.4.1 Features to Describe the Seismic Signal

53 features (detailed in Appendix A2) are calculated to describe the studied seismic signals. These
features have been selected from previous works related to seismological signals classification
(Bessason et al., 2007; Provost et al., 2017; Hibert et al., 2019). They can be grouped into three main
categories: features related to the waveform, features related to the signal frequency content and
features related to the pseudo-spectrograms. Figure 3.2 provides a waveform (called trace) and
spectrogram representation for each considered class. Features gathered under the denomination
waveform are related to the signal in the temporal domain or its envelope, on which can be
computed its energy, its kurtosis, or the autocorrelation function. Spectral features focus on the
signal frequency distribution like the most powerful frequency, the number of peaks in the spectral
representation or the energy contained between two frequencies. Pseudo-spectrogram features
add to the spectral representation the time dimension, which allows study of the spectral evolution
of the signal. The designed features for this third category are inspired from the feature built in
the two previous categories of feature, as it is possible to create a new time-domain function by
picking the value of max, mean, or median frequency. Spectral and pseudo-spectrogram features
are computed using the Discrete Fourier Transform (DFT).

3.2.4.2 Source Detection and Classification with a Random Forest Model

The machine learning classification is based on the Random Forest method (RF) applied to the set
of computed features described above. RF is an ensemble learning method based on the use of a
high number of independent decision trees (Breiman, 2001). Referring to the denotation “super-
vised classifier”, Random Forest needs to be trained, and uses for that purpose a well-localized and
well-labeled event dataset. Each decision tree is then trained independently using for each tree a
randomly chosen subsample of the training dataset (tree bagging) and a randomly chosen subsample
of features (feature bagging). Once trained the model can be used to identify new data. The returned
result of the algorithm is the class that gathers the majority of votes, knowing that each tree votes
one time. RF works well, especially when a lot of features should be handled: RF is able to evaluate
the importance of each feature for the classification task and then limit the use of less important
ones. Another ability of the RF is to provide a score of classification for each possible class, based
on the percentage of vote collected from the ensemble of trees (Figure 3.4).

The dataset is splitted in a training and a test sets. The training set is used to train the algorithm
to identify several types of events. The goal of the test set is to quantify the performances of the
classification algorithm, using tools like confusion matrix and metrics like sensitivity. Confusion
matrix compares predicted class with real class and summarizes it inside a matrix, while sensitivity
provides for each real class the proportion of correctly classified data. To avoid that the same event
has traces in the training and test set, the dataset is splitted by event in the proportion of 50% of
events for training and 50% for test. As the recording duration of same class events are close, the
same proportion is automatically kept in terms of signal unit.

For the training of our algorithm, the dataset is balanced using an oversampling algorithm called
SMOTE (Chawla et al., 2002). SMOTE method is useful when the headcount of one class is at least
ten times smaller compared to the dominant one, as this is the case for class compactor (Table 3.1).
The major contribution of dataset balancing is to classify the signal units only according to their
likelihood and not in combination with the probability of occurrence.
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3.2.4.3 Markov Random Field

After getting the classification results from RF, a post-classification algorithm is performed using
Markov Random Field (MRF). MRF is a spatial clustering algorithm developed for image processing
(Lu et al., 2019), based on the use of a segmentation map combined with a probability of belonging
to each possible class for each point (pixel) on the map (Cross and Jain, 1983). MRF relies on the con-
sideration of two quantities for each pixel: the classification of neighbors pixels and the likelihood
of the classification. To gather the two previous quantities, MRF defines an intermediate quantity
called Energy E.

Two energies can therefore be defined for each class: E,.;q, is the energy associated with the
neighborhood, and Ej;x;; for the energy related to the probability of a pixel to belong to the class.
The used convention is:

Bl @ Z 15 (Class(S (3.1)

Sev

where V denotes the neighborhood, S a site belonging to the neighborhood, x the studied class,
1 the indicator function. In the case where the neighborhood is defined by the 8 nearest neighbors,
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Eseigh € [0,8] and is 0 if all neighbors are of class x, is 8 if none of the neighbors are of class x ; and:

BEiei(z) = —In (L(0 | x)) (3.2)

where x denotes the class under study, ¢ the parameter vector describing the corresponding site
observation and L the likelihood function. The combination of these two quantities is weighted by
a parameter named potential:

E(x) = Potential - Eneigh(z) + Eieii(z) {3.3)

The algorithm then iteratively updates the segmentation map by finding, at each iteration, the
class x which minimizes the energy E.

In our method, MRF uses the classification and score maps provided for each signal unit and for
each possible class by the Random Forest algorithm. The algorithm works iteratively: the classifica-
tion map is updated considering the class of the neighborhood and the classification score associated
with each signal unit. For our Markov Random Field model, parameters are set using the training
part of the dataset by computing the evolution of the normalized accuracy (average of the proportion
of well classified data per class) when the value of potential or the number of iterations vary. The
study shows that in our case, a potential value of 0.61 is effective and 4 iterations of the algorithm
is enough to achieve convergence (Figure 3.5). Using these parameters, the mean gain of sensitivity
is evaluated to 4% on the training set. A third parameter, dependent on the size of the considered
buffer, can be introduced for flow classification. This parameter enables one to choose the size of
the considered map on which to apply MRF. Figure 3.5 shows that the processing with the buffer is
fully efficient starting from four consecutive classification in time direction.
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FIGURE 3.5: Influence of Markov Random Field parameters on the mean of the sensitivity of all classes (called
normalized accuracy in the graphs). Evolution of the normalized accuracy in function of (a) nb_of_iter pa-
rameter, (b) potential parameter, and (c) number of time steps in the buffer. The optimal parameter which
maximizes the accuracy is: nb_of _iter = 4, potential = 0.61, and bu f fer_size = 4.

3.2.4.4 Implementation of the Processing Chain for a Real-Time Processing

The previous sections are introducing the different bricks used in our process and fixing the different
parameters for best results. In real-time application, the DAS signal is continuously acquired and
is composed of a 4 s strain rate refreshed every 2 s. In our application, features are computed on
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the currently acquired strain rate and directly injected into the Random Forest algorithm. Once the
classification estimation and the associated scores are achieved, the results are stored into a buffer
where the three last obtained results are also stored. Markov Random Field then post-processes
the buffer content and reviews the small classification map saved in the buffer and updates the final
segmentation map. We propose in Figure 3.6 a more graphical view of the processing chain described
above.
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FIGURE 3.6: Overview of the implementation of the processing chain.

3.2.5 Results

The results can be examined using the scores calculated for each signal unit and for each class
(Figure 3.7). Considering all signal units that actually belong to the same class, we average the
scores obtained by the Random Forest. For example, for the “pedestrian walk” signals, the average
score is 0.6, meaning that 60% of the trees in the RF model have voted for this class. At the same
time, 16% of them vote for “Impact”. The issue with this representation is that vote distribution
cannot be considered, as only the mean appears. Figure 3.7 also contains a histogram representation
of the scores of the true class for all signals which belong to each class (scores on the diagonal of
the score matrix, 1 histogram per class). For classes entitled “backhoe”, “compactor” and “leakages”,
the distribution is centered around 1, unlike for classes “pedestrian walk” and “impact” for which
the score is more widespread.

The sensitivity of all classes with the single run of the Random Forest algorithms reaches on
average 83.0%. The confusion matrix in Figure 3.8a compares for each signal unit the reference
interpretation and the interpretation from the classification system. The percentages inside the
matrices exhibit the distribution of signal unit classification for each available class. For example,
if we consider only data of the class pedestrian, 77.0% of data are correctly classified, whereas 9.4%
are classified as object falling, 6.0% as noise and 3.7% as leaks. In the case of background noise, only
0.4% of them are classified as a signal.

The use of Markov Random Field (MRF) improves the sensitivity of all classes on average to
87.1%, corresponding to an increase of 4.1% as estimated using the test set. The confusion matrix
Figure 3.8b, achieved with MRF, shows progress for all classes. In our study, the highest gain of
sensitivity by using MREF is for the “pedestrian walk” class (+8.3%), the “backhoe” class (+7.2%), the
“compactor” class (+4.7%), the “Impact” class (+3.1%), the “water/air leakage” class (+1.2%) and finally
the “noise” class (-0.1%).
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Figure 3.9 presents the feature importance evaluated by the Random Forest algorithm. In our
case, the most important feature concerns the skewness of the signal waveform (n°6), followed by
the mean distance between the 1st quartile and the median of all Discrete Fourier Transforms (DFTs)
as a function of time (n°51), the energy of the signal filtered in 50-75 Hz (n°15), the number of peaks in
the DFT (n°29), and the number of peaks in the curve of the temporal evolution of the DFT's maximum
frequency (n°47). The less important feature is the Ratio between ascending and descending time
(n°3).
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FIGURE 3.7: (a) Score matrix showing for each true class the mean score after classification using Random Forest.
(b) The histogram plots the distribution of score values for all true classes. Correspondence number class: (1)
noise, (2) pedestrian walk, (3) impact, (4) backhoe, (5) compactor, and (6) water/air leakage.
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a) Confusion matrix without MRF b) Confusion matrix with MRF
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FIGURE 3.8: Comparison of confusion matrices (a) with and (b) without the use of Markov Random Field algo-
rithm. Correspondence number-class: (1) noise, (2) pedestrian walk, (3) impact, (4) backhoe, (5) compactor, and
(6) water and air leakage.

3.2.6 Discussion and Conclusion

We proposed a processing chain to efficiently classify DAS strain rate signals. Its improvements
were achieved using a spatial clustering algorithm. The efficiency of the RF algorithm combined
with our set of features are demonstrated, as the accuracy at the output of machine learning reaches
83% with a mean score higher than 0.7 for most of the classes. RF also highlights that waveform
and spectrogram features also have their own importance even in the flux processing approach,
as 3 features belonging to waveform or spectrogram families are more significant than the most
significant spectral feature family and overall the waveform and pseudo-spectrogram have better
scores. The addition of MRF raises the accuracy to 87%. Its main contribution is more visible on
the segmentation map, as the aim is to avoid isolated misclassified points on the classification map.
Two videos (Video S1, Video S2) have therefore been done and show the progressive segmentation
of a strain rate in the process of being acquired (Electronic Supplement). In these videos, we can
point out that the algorithm reacts quickly when an event occurs and is able to deal with spatially
or temporally close events. This is thanks to the classification per trace process and the choice of a
small enough window. Intuitively, a small window should not be suitable for long events, but we find
experimentally that the classification results with a 20 s window is comparable. One explanation
is that the algorithm considers the spectral and spectrogram feature and most long events have a
regular frequency behavior over time.

Several classes have worse performance. In the case of pedestrian and impact classes, we can
notice mutual confusion on the score and confusion matrix (Figure 3.7, Figure 3.8). The waveform of
footsteps sound may look like a series of close impacts, and a solution could be to add more features
to help the algorithm discriminating among these two classes. The compactor class is also confused
with a backhoe signal. One possible explanation is that these classes are related to events produced
by mechanical engines, and the confusion may therefore come from the motor noise itself.

These results are quite encouraging and open the way to many perspectives. In the short term,

— 58 -



Classifying Fiber Optic Data Using Human-Engineered Features from Conventional Seismometers

one of the objectives will be to build and implement new features related to the spatial character-
istics of the events and the displacement of the events, as this can help to improve the accuracy of
classification results by integrating new information into the machine learning model. One way to
do this would be to build on the features already used to temporally characterize the signal, and
transfer them to the spatial domain, i.e. consider a signal along the space dimension. Although pre-
vious work involving the use of seismometers has shown that the crafted features are more affected
by source physics than by signal propagation effects (Hibert, Provost, et al., 2017; Hibert et al., 2019;
Maggi et al., 2017; Provost et al., 2017; Wenner et al., 2021), in-situ data should be integrated to
enhance our model, as the behavior of the seismic signal may differ according to the environmental
parameters: propagation medium (dirt, sand, stone, etc), humidity, temperature, etc. Other sources
can also be implemented in our model and the resulting model can be evaluated using similar tools
as introduced in this paper. A field test during a short duration time of the developed processing
chain may also be considered.

In the medium term, a study of the influence of time-frequency features on the classification
could be performed, in order to understand the seismic behavior of the different sources and to be
able to extend the method towards semi-supervised or even unsupervised classification methods.
For this task, the feature importance measurement provided by RF is a good starting point.

In the long term, the use of machine learning based processing chain can also help to auto-
matically increase the catalog of events recorded along the fiber. This would overcome one of the
major difficulties associated with deploying DAS for continuous monitoring over long periods of
time, which is the amount of data to be processed and stored. A processing chain that allows to
process in-situ the data and to store only the interesting events would make this long-term moni-
toring possible, which would allow to exploit the full capacity of the fiber optic for the monitoring
of infrastructures, but also of geological objects such as landslides, volcanoes or tectonic faults.
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3.3 Chapter Summary

In this chapter, we propose a processing chain that combines human-engineered features, primarily
used to classify natural seismogenic events measured with conventional seismometers (Provost et
al., 2017), with a Markov random field algorithm to account for spatial redundancy by considering
neighboring data points (Cross & Jain, 1983). The processing chain is designed to operate in a contin-
uous data stream, eliminating the need for a separate detection algorithm. All tests were conducted
at the FEBUS Optics test center. The approach applied to the FEBUS Optics test center database
yielded promising results, achieving a classification accuracy of 87% for distinguishing between six
event classes: pedestrian, impact, backhoe, compactor, and water or air leakages. Building on the
successful results and the publication of this article, we implemented the system for embedded pro-
cessing within the FEBUS A1-R DAS instrument at the FEBUS Optics test center, in collaboration
with FEBUS Optics engineers. Additionally, we used a portable workstation for data processing.
One of the challenges in embedded applications is the time and computational power required to
compute the features. To address this challenge, we used the feature importance measure provided
by Random Forest. This allowed us to reduce the feature list to a more manageable set of about
a dozen features. During client demonstrations, we were able to showcase that the system could
autonomously detect events with both accuracy and relevance, without the need for human inter-
vention.

However, the study suffers from several limitations. The tests were conducted in a controlled
environment with minimal external disturbances and a limited trench length of only 22 m. These
factors raise questions about how well the test-bench simulation reflect field conditions, where var-
ious noise sources would be present. From a computational perspective, while spatial information
was incorporated into the processing chain and decision-making process, it was not fully integrated
within the machine learning algorithm. The current machine learning approach does not account
for spatial patterns, which presents a limitation in more complex, field environments. Although the
dataset allowed for testing the consideration of spatial redundancy in the signals, it was not ideal
for exploring spatial patterns due to the limited scope of the experiment.

The next chapter will address these limitations. We will introduce a new dataset, acquired using
91 km fiber-optic cable in a real-world field conditions. The processing chain will also be applied to a
different purpose: detecting earthquakes and quarry blasts, despite noise primarily of anthropogenic
origin. Additional features will be added to complement the current feature set, allowing for more
effective use of spatial information.
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Integrating the Specificities of DAS Data
into the Classification Process

4.1 Introduction

In conventional seismology, event labeling relies on analyzing both the waveform and spectrogram
to identify key features of seismogenic activity. When working with Distributed Acoustic Sensing
(DAS) data, spatial information adds another layer that helps distinguish between different types
of events. For example, when visualizing the DAS strain rate (SR) time-distance representation,
moving seismogenic sources appear as oblique lines. By measuring the slope of these lines, we can
deduce the apparent velocity of the signal source (Figure 4.1). This method is useful in applications
like monitoring earthquake apparent velocity (Lellouch et al., 2019; Lior et al., 2021), volcanic events
(Jousset et al., 2022), monitoring fluid velocity (Paleja et al., 2015) or monitoring road and rail traffic
(Liu et al., 2020; Wiesmeyr et al., 2020; van den Ende et al., 2021; Wiesmeyr et al., 2021; Zhang et al.,
2022). Additionally, the spatial footprint of seismic waves provides information about the source.
Surface events, such as most anthropogenic seismogenic activities, typically have a small spatial
footprint, from several tens meters for vehicles (van den Ende et al.,, 2021) to several thousands of
meters for quarry blasts (Fang et al., 2020). In contrast, events occurring deeper beneath the surface,
like earthquakes, can extend over several tens of kilometers.

In the previous chapter, we used spatial redundancy to improve the temporal classification pro-
cess through Markov Random Field in the post-processing step. However, we did not account for
the spatial seismic shape or trace-by-trace comparison. The dataset was acquired under controlled
conditions with a limited fiber length, which differs significantly from real-world field conditions. In
this chapter, we address two challenges by integrating spatial information-based features and trace-
by-trace comparison, applying these methods to process a real-world field conditions, full-scale DAS
dataset. These new features are added to the machine learning process to improve event classifi-
cation. As in the previous chapter, the processing chain is split into two steps: classification using
XGBoost and post-processing with a Markov Random Field (MRF). To assess the performance of
this approach, we use data collected from a 91-km fiber-optic cable deployed in the French Hautes-
Pyrénées. The dataset includes various seismogenic events, such as natural earthquakes, quarry
blasts, and anthropogenic activities, allowing us to test and validate our method.

This chapter consists in one published paper (section 4.2):

Huynh, C., Hibert, C., Jestin, C., Malet, J. P., and Lanticq, V. (2025). A real scale application of a novel
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FIGURE 4.1: Plot of moving vehicles with their measured speed.

set of spatial and similarity features for detection and classification of natural seismic sources from
distributed acoustic sensing data. Geophysical Journal International, 240(1), 462-482.
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4.2 Paper: A Real Scale Application of a Novel Set of Spa-
tial and Similarity Features for Detection and Classifica-

tion of Natural Seismic Sources from Distributed Acoustic
Sensing Data (GeoruysicaL JOURNAL INTERNATIONAL, 2025)

4.2.1 Abstract

Distributed Acoustic Sensing (DAS) turns a fiber optic into a very dense network of equally-
distributed seismic sensors. We focused on the high-density sampling of the seismic wavefield,
expressed in strain rates, measured by DAS. Classical approaches used to identify seismic signals
rely on the recorded features at one station, but it is difficult to include spatial information in case of
dense seismic station networks. This work aims at introducing new spatial and similarity features
for seismic event classification suitable to analyze DAS observations. We propose a processing chain
based on the XGBoost algorithm and the use of specifically designed spatio-temporal and similarity
features for the event classification, and Markov Random Field for the spatial clustering. The
methodology is designated to be applied on a continuous stream of DAS observations. We tested
our processing chain to detect earthquakes and quarry blasts recorded in the region by permanent
seismic networks and included in the RENASS catalog. These events are part of a strain-rate
seismic survey carried out during a 3 weeks campaign of DAS measurements along a 91 km fiber
optic cable deployed in the central Pyrenees mountains (France). Despite the high anthropogenic
activities along the fiber optic path, the proposed method succeeded in detecting earthquakes of
magnitude >0.4 and quarry blasts of magnitude >1.0 while limiting the number of false alarms. This
performance is particularly noteworthy for low-magnitude events, where detection is accomplished
despite a lower signal-to-noise ratio compared to traditional seismometers. The methodology opens
the door to real time detection and classification of seismic events measured with long-distance
fiber optic systems.

4.2.2 Introduction

The Pyrenees mountains, located in Western Europe between France and Spain, are the result of the
collision of the Iberian microplate with the Eurasian plate at a rate of 0.85 mm/year (Fernandes et al.,
2007). Considered as the second most active seismic zone in France after the Alps, the area has been
monitored for the past 25 years by a geographically well-distributed seismological network, which
has led to a better understanding of the tectonic processes in the region (Souriau & Pauchet, 1998;
Rigo et al., 2005; Lacan & Ortufio, 2012; Sylvander et al., 2022). Nowadays, monitoring is carried out
by a permanent network of about thirty seismic stations managed by the "Réseau de Surveillance
Sismique des Pyrénées" of the French Observatoire Midi-Pyrénées. Seismic events are continuously
detected and cataloged by the French facilities “Bureau Central et Sismologique Frangais" and "RE-
seau NAtional de Surveillance Sismique" (BCSF-RENASS). Within a 50 km radius around Lourdes,
located in the Central Pyrenees, six permanent stations are available, making the use of new families
of sensors like Distributed Fiber Optic Sensing (DFOS) an opportunity to create a more exhaustive
catalog of seismic events for the territory.

Using a laser pulse propagating along a fiber optic cable, Distributed Fiber Optics Sensors (DFOS)
are able to measure various changes in the neighborhood of the fiber. The intrinsic presence of
asperities on the fiber core results in light back-scattering effects that hold information about dif-
ferent physical properties. Among the DFOS family, Distributed Acoustic Sensing (DAS), based on
Rayleigh back-scattering and phase shift, is sensitive to seismic acoustic waves crossing the inter-
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rogated fiber optic cable. Spatial sampling, corresponding to the spacing between each point of
measurement along the fiber, can be set down to a few tens of centimeters and acquisition rates can
be set up to hundreds of kHz. Previous studies have demonstrated the contribution of spatial analysis
for the analysis of DAS records in order to take into account the spatial character of the measure-
ment. Spatial filtering, such as F-K filtering (Hudson et al., 2021; Fukushima et al., 2022), or curvelet
decomposition (Atterholt et al., 2022) can be applied for data denoising. Further, spatial redundancy
makes the DAS system suitable to capture low-magnitude events in delimited geographical areas,
and a high diversity of low magnitude environmental sources (landslides, avalanches, floodings, ...)
difficult to detect with permanent seismic stations but crucial to reach a better understanding of the
regional seismicity of a territory. Further, DAS have proven to yield interesting new results in dif-
ferent contexts and for many different applications, for marine geophysics(Sladen et al., 2019; Spica
et al., 2022), seismic imaging (Lindsey et al., 2017; Zeng et al., 2022; Young et al., 2022), volcanology
(Jousset et al., 2022) and water reservoir monitoring (Zhu et al., 2021).

The dense measurement network and the high sensitivity of the DAS allow recording a large
number and variety of seismic sources, making manual identification difficult and time-consuming.
Classical automated detection and identification, based on short-time-average over long-time-
average method (STA/LTA) or energy threshold, are complex to implement: the high diversity of
events occurring along a fiber, as well as the increase of noise level with increasing distance, can
generate high energy seismic signals making difficult the choice of suitable detection parameters.
For natural event detection, instrumental noise and anthropogenic events should be filtered (Nayak
et al., 2021; Chen et al., 2023).

Artificial Intelligence (AI) techniques are the most promising solution for DAS data automated
classification. Two main families of AI algorithms for classification purposes exist: feature-based
algorithms, also named machine learning algorithms, and deep-learning-based algorithms. Deep
learning algorithms rely on the structure of deep neural networks to build their own discriminat-
ing features for the classification and detection of certain types of events such as micro-earthquakes
(Binder & Tura, 2020) or footsteps (Jakkampudi et al., 2020). It is also possible to tackle topics difficult
to solve with features, such as signal denoising (Ende et al., 2021; Zhao et al., 2021). Deep learning
approaches require a large dataset for proper model training, and do not allow an access to a deep
understanding of the algorithm decision criteria. They also require appropriate data representation,
both in terms of the choice of input data and the scale at which they are represented. In contrast,
feature-based methods rely on the use of human engineered seismic signal features which have
been defined in previous studies during different studies of seismic event discrimination. Temporal-
related features had been widely used in seismic data analysis (Hibert, Mangeney, et al., 2014; Hibert,
Provost, et al., 2017; Hibert et al., 2019; Maggi et al., 2017; Provost et al., 2017; Chmiel et al., 2021;
Domel et al., 2023). In addition to waveform analysis, features are often derived from signal trans-
formation into the frequency domain using Fast Fourier Transform (Wiesmeyr et al., 2020; Tejedor
et al.,, 2021a), wavelet decomposition (Wang et al., 2019), or the use of the mel-frequency cepstral co-
efficient (Bublin, 2021). Because of their ability to quantify individual contributions of each feature
used for the classification, various feature-based Al algorithms are suited to build a must-have fea-
ture list adapted to the events we want to identify. This is the case for Random Forest and XGBoost
machine learning algorithms (Breiman, 2001; Chen & Guestrin, 2016).

Huynbh et al. (2022) proposed a methodology enabling to classify DAS data streams using seismic
signal derived features that present interesting results when implemented for a 22 m-long trench for
classifying anthropogenic event sources. In this article, we aim to apply a similar workflow for de-
tecting and identifying earthquakes and quarry blasts under real-world field conditions. Expanding
our preliminary processing chain to work a the regional scale is challenging due to 1) the variety of
sources in an area spanning dozens of kilometers; 2) the spatial extension of the array, which lead to
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the recording of numerous synchronous seismic sources; and 3) the background noise level which
can be very different at each part of the buried fiber optics (when going through dense habitation
area, along roads, along rivers, etc.). We propose in this study a new processing chain, which use
new seismic signals features designed specifically to benefit from the dense spatial distribution of
DAS data, to overcome those difficulties.

4.2.3 Fiber Optic DAS Data

Data acquisition has been achieved along a 91 km long fiber optic deployed between Lannemezan
and Luz-Saint-Sauveur in the Bigorre area, located in central French Hautes-Pyrénées. The fiber is
deployed close to several urban centers (Bagnéres-de-Bigorre, Lourdes, Argelés-Gazost) and close
to several quarries (for rock extraction) in activity. The cable also follows national and departmen-
tal roads (Figure 4.2). Seismic data measured by the DAS, named Strain Rate (SR) and expressed
in nanostrain per second (nstrain/s) are extracted from the optical raw data by setting the optical-
acoustic processing parameters prior to acquisition, known as gauge length and derivation time
(Hartog, 2017). Setting these parameters is important because they have a direct impact on the mea-
surement quality: the derivation time affects the maximum observable frequency, while the gauge
length affects the spatial resolution and then the minimum detectable wavelengths. To fit with the
observation of natural seismic events, SR has been recorded using a gauge length fixed to 10 m and
a cut-off frequency of 200 Hz. Because of instrumental response biases, common mode frequency
removal has to be carried out prior to data exploitation. Thus, average removal is performed on the
strain rate raw data for each channel of measurement.

With a fixed gauge length of 10 m and assuming a 0.2 dB/km attenuation rate of the optical
laser pulse along the fiber optic cable, the maximum distance range achievable is 50 km. To extend
beyond this range while maintaining a favorable signal-to-noise ratio, additional optical devices can
be used in combination with an interrogator such as repeaters, dual-channel interrogators, or long-
range systems. The FEBUS A1-R DAS has been installed in the town of Lannemezan, supplemented
by a FEBUS range extension module connected at the middle of the fiber, in Lourdes. Recording
has been carried out continuously over 3 weeks between August 30 and September 20, 2022. The
final acoustic DAS data are recorded with a spatial sampling of 4.8 m. This equates to 18,958 point
sensors, called channels, equally spaced along the 91-km fiber optic. The DAS data size consists of
40 TB.

A first observation of the acquired data indicates the presence of a large number of anthropogenic
events in the monitored area along the entire length of the fiber optic cable: we observe the presence
of a day-night cycle with an increase in anthropogenic activity during the day, and clearly identify
the presence of seismic signal corresponding to vehicles circulating on roads (Figure 4.3). However,
in the absence of appropriate detection techniques for DAS systems, the identification of natural
earthquakes and other environmental natural and anthropogenic seismogenic events is difficult.

We use the BCSF-RENASS catalog to build a reference catalog of seismic events. BCSF-RENASS
provides an open-access catalog of natural and anthropogenic events (earthquakes, quarry blasts,
induced seismicity, explosions) recorded by permanent seismic stations deployed in France and in
neighboring countries. By cross-referencing the seismological waveforms between the stations,
events are detected and localized automatically. Human operators then validate the detection, the lo-
cation, and determine the natural (for example earthquakes, landslides, rockfalls) or anthropogenic
(for example quarry blasts, explosion) origin of the event.

32 events (8 quarry blasts and 24 earthquakes of magnitude Mw estimated between 0.3 and 2.4)
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have been detected and listed in the BCSF-RENASS catalog for the study period. Among these
events, we visually confirmed the presence of 13 earthquakes and 6 quarry blasts in the DAS record-
ings (Figure 4.2), with data available online (see "Data Availability" section). It appears that most of
the unobserved events on the processed DAS data occur beyond Bagnéres-De-Bigorre in South-East
direction. The absence of detection can have multiple explanations, based on the instrumental spa-
tial configuration and geometry of the fiber optic cables (fiber optic is insensitive to seismic waves
that arrive perpendicular to the fiber optic) or on the local geological conditions (nature of the ge-
ological media can modify the propagation of the seismic signal in the ground). For our analysis,
we focus on the classification of three classes of events: "earthquakes", "quarry blasts" and "noise".
"Noise" groups all uninvestigated events (daily anthropogenic events as moving vehicles, wildlife
events, aerial sections of fiber optic cable or instrumental noise). For purpose of detection, we will
refer to earthquakes and quarry blasts as "events", and the other sources, such as uninvestigated
anthropogenic noise, as "noise".
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FIGURE 4.3: Samples of SR records on the Hautes-Pyrénées DAS dataset for several time windows, in the coun-
tryside and close to a city (GPS coordinate: 43.01298 °N, -0.08660 °E). (a) represents the data recorded over the
whole acquisition period, at position between 66.9 km and 68.1 km (countryside), (b) shows the data acquired
over a period of 24 h around the same section, and (c) the data recorded over a period of 300 s around the same
section. (d,e,f) represent similar records at position between 71.9 km and 73.1 km (close to Argelés-Gazost).
Moving vehicles are delimited by green circles and earthquakes by yellow rectangles inside the 300 s view. The
0 km-position reference is located at the end of the fiber optic cable point close to Lannemezan.

4.2.4 Methodology
4.2.4.1 Event Picking and Identification for Labeling

The massive seismological dataset recorded during this study requires high-performance analysis
tools to detect events of interest. Identifying them by direct observation of the SR is time-consuming
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especially when we are also interested in detecting low-magnitude events or in identifying certain
types of event. We therefore work with a representation called Energy Band (EB), obtained for each
channel along the fiber by summing the energy contained in the spectra (calculated using a Fast
Fourier Transform - FFT) of a seismic trace window (F'F'T}qc.(f)) between two frequency bounds

Joand fi:

E[f07f1] = Z FFTtrace(f) (41)
felfo.f1]

The spectra are calculated using a sliding window of 2 s, with a shift of 0.5 s. f0 and f1 can
be adapted using frequency response knowledge. In our analysis, values are chosen to cover the
maximal range of the frequency content: f1 corresponds to the Nyquist frequency (100 Hz), whereas
f0 corresponds to 1/window_width (0.5 Hz) . The resulting representation can be displayed into a
new grid whose general representation is given in Figure 4.4: (dstcp , tstep) refers to the spatial and
temporal sampling of the EB representation, whereas (d, , twin) refers to the window on which
is computed each point of the EB representation. In our case, as the energy is computed for each
channel, spatial parameters d., and d,, are taken as the distance between consecutive channels.
tstep and t,,i;, are respectively fixed to 0.5 s and 2 s. EB representation improves the visual detection
of low-magnitude events because of the integration of the spectrum content over a duration of 2 s.
For this reason, we keep both EB and SR representations in the following figures. The reader should
keep in mind that the EB with these window parameters is not involved in the processing chain.

19 of 32 seismic events recorded by BCSF-RENASS are visually detected using the EB represen-
tation. They are listed in Table 4.1 and segmented from the rest of the signal. Segmentation grid
resolution matches the EB resolution (4.8 m, 0.5 s). Segmentation process is achieved by drawing
a rectangle box around the EB where an event is located: the points inside the box are labeled as
events, whereas the points outside are considered as noise.
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FIGURE 4.4: EB representation from SR. The mapping is described inside a small part of the DAS data, delimited
in (a,d) by a rectangle. We define a new grid above the SR representation represented in (b) by circles. Each
circle is separated by tstep and dsiep. Taking one element of the grid (for example the black star in (b)), energy is
computed using the SR contained inside a window centered on the element (represented by yellow rectangle for
the star element in (b)) and which size is given by (tin, dwin)- In the EB representation, each point corresponds
to the computed energy at each grid position (c).
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TABLE 4.1: Table listing all events identified on the DAS dataset. An identifier (id) is assigned, and information
on event type (Class), magnitude (Mw) and measurement time (Time) are provided. The projected position of
the epicenter on the fiber (D) tiper) and the distance from the epicenter to the fiber (D fiver) are used to check
the consistency of what is observed. The reader can refer to Appendix B1 for the SR and EB visualization of all
the listed events.

id Class Mw D]]fiber(k:m) DLfibeT(km) Time (UTC)

OBl QB 07 59 1.8 2022-08-31 at 08:02:39
QB2 QB 08 34 5.8 2022-09-01 at 09:26:00
EQ1 EQ 06 59 1.7 2022-09-03 at 03:50:17
EQ2 EQ 10 30 10 2022-09-03 at 13:13:41
EQ3 EQ 24 62 85 2022-09-03 at 18:27:47
EQ4 EQ 14 61 25 2022-09-05 at 00:51:58
EQ5 EQ 12 30 6.5 2022-09-06 at 07:58:54
OB3 QB 10 35 4 2022-09-06 at 10:10:58
QB4 OB 11 32 1 2022-09-08 at 10:03:36
EQ6 EQ 08 53 3.2 2022-09-08 at 17:10:59
EQ7 EQ 20 61 50 2022-09-09 at 07:07:40
EQ8 EQ 04 61 1.5 2022-09-09 at 17:37:59
OB5 QB 06 57 0.5 2022-09-12 at 10:07:43
OB6 OB 11 35 6.3 2022-09-14 at 09:26:07
EQ9 EQ 11 575 8.5 2022-09-15 at 09:12:16
EQI0 EQ 16 66 1.4 2022-09-16 at 11:16:50
EQI1 EQ 11 61 20 2022-09-16 at 23:12:33
EQI12 EQ 08 68 1.0 2022-09-18 at 04:18:12
EQ13 EQ 13 63 9.5 2022-09-20 at 04:39:26

4.2.4.2 Processing Chain

Figure 4.5 details the processing chain. The input corresponds to the measured SR after baseline
correction (average removal of each channel) (Figure 4.5a) and the output is the associated classifi-
cation map encoded in three colors (Figure 4.5d). Initially, the continuous data stream is processed
with a sliding window approach (Wenner et al., 2021). The sliding window uses two parameters that
define the spatial and temporal sizes (d,, and ?,,,,) and that defines the shift (d., and t.,). The
choice of the window size and the impact on the outcome of the processing chain is discussed in
section 4.2.5.3.

Data contained in a window is labeled and pre-processed to extract a vector of 111 features
described in section 4.2.4.3. Concatenating the vectors obtained at every spatio-temporal window
centroid position outputs a feature matrix that is injected into the machine learning algorithm XG-
Boost for event classification. XGBoost produces a classification score for each window that can
be combined to create a score map (Figure 4.5b). An initial classification map is generated using
a threshold of 0.95 on the score map to reduce the amount of misclassification (Figure 4.5c). Then
a final post-processing step (Markov Random Field) aggregates the classification, the score of each
individual window, and the classification result of neighboring windows, to keep only the most
significant classification results (Figure 4.5d).
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FIGURE 4.5: Overview of the processing chain. The SR data (a) is introduced in a machine learning model
and produces one score map per class (b). Points with a score value higher than 0.95 are kept and produces a
classification map (c). A post-processing algorithm, Markov Random Field (MRF), is applied on the classification
map to reduce the amount of noises (d). N refers to noise class, EQ to earthquake and QB to quarry blast. To
simplify the representation, the score map represented here corresponds to the sum of non-noise classes.
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4.2.4.3 Data Pre-Processing: Signal Description Using Features and Labelizations

Machine Learning algorithms rely on the use of features. Features are specific measurable properties
or characteristics extracted from the data that help the algorithm to make predictions. Our work
focuses on a set of 111 features divided into three major categories: temporal features (63), spatial
features (24) and similarity features (24).

Temporal features are derived from previous works on seismic signal classification using tradi-
tional seismometers recordings (Provost et al., 2017; Maggi et al., 2017; Hibert, Provost, et al., 2017;
Hibert et al., 2019; Malfante et al., 2018; Wenner et al., 2021; Chmiel et al., 2021; Falcin et al., 2021;
Domel et al.,, 2023) and DAS recordings (Huynh et al., 2022). The temporal features are divided in
three families, named waveform, spectral and spectrogram features. Waveform features describe
the evolution of the signal and its envelope in the time domain, using tools such as energy, skew-
ness and auto-correlation measurements. Spectral features provide information on the frequency
content of each of the windowed channels and measure, for example, the value of the median FFT,
energy between different frequency bands or the width of the spectral centroid. Spectrogram fea-
tures measure changes in spectral content over time, such as the variation of the median FFT over
time.

Spatial features are introduced in this work to account for the distributed nature of the DAS
measurements. Unlike the use of a dense array of seismometers, the distance between two consec-
utive virtual sensors is constant. Figure 4.6b illustrates the waveform profile of a trace measured at
one channel, and Figure 4.6c the measured signal at a fixed time along the fiber. Observation of the
SR (Figure 4.6a) shows that, depending on the magnitude of the source, a larger or smaller portion
of the fiber may record the event. Low energy sources, such as cars, low magnitude earthquakes
and quarry blasts, are recorded only by a limited portion of the fiber but larger energetic sources as
earthquakes can be recorded over several tens of kilometers along the fiber.

The proposed spatial features are based on the shape of the seismic signal measured at a given
time along all channels contained in the window. It includes average, standard deviation and auto-
correlation such as the one computed for the temporal waveform feature category. These features
are designed to account for the spatial coherence of seismic signals, the apparent velocity of different
phases, and dispersion effects. All these seismic signals characteristics help distinguishing visually
between an earthquake and a moving vehicle, for example. We will thereafter refer to temporal trace
for seismic signals recorded at one channel along the fiber (red in Figure 4.6b), and to spatial trace
for a seismic signal recorded at a given time on all the channels of the fiber (blue in Figure 4.6¢).

Similarity features are computed from the comparison of traces taken at different positions along
the fiber. We choose two different methods to compute the similarity: cross-correlation and Dynamic
Time Warping (DTW). Cross-correlation estimates the optimal time shift between the signal arrival
time at the compared traces. DTW constructs an optimal mapping (warping path) between corre-
sponding points of two sequences, allowing for non-linear stretching or compression of the time
axes to achieve the best alignment, thereby accommodating temporal distortions (Sakoe & Chiba,
1978; Berndt & Clifford, 1994; Keogh & Ratanamahatana, 2005; Miiller, 2007). Kumar et al. (2022)
have shown the interest of using DTW for geophysical applications, including a higher sensitivity
to minor variation compared to classical cross-correlation. Examples of applications are associated
with full-waveform inversion in reflection seismology (Ma & Hale, 2013), GNSS displacement time
series analysis (Kumar et al., 2023) and classification of volcano-seismic events (Ida et al., 2022). The
reader may refer to Appendix B2 for an item-by-item description of 111 used features introduced in
the Machine Learning model.

Labeling each feature vectors is not trivial due to the resolution difference between the segmen-
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blue line). Similarity features include DTW, built using an estimated distortion function that stretch two traces
to fit together (d,e)

tation grid, as described in Section 4.2.4.1, and the grid used for feature vector computation. The
labeling of each feature vector is determined by considering all the labels within the window used
for feature computation. Given the segmentation grid resolution of 4.8 m by 0.5 s, and a window size
of 998.4 m by 8 s, the feature vector labeling accounts for 3328 labels. If at least one of these labels
corresponds to a “earthquake” or “quarry blast,” the feature vector is labeled as either “earthquake”

or “quarry blast,” depending on which of these two classes has the majority of samples within the
label grid.

4.2.4.4 Data Processing: Machine learning with XGBoost

We choose the machine learning algorithm called XGBoost as the identification tool in our work-
flow (Chen & Guestrin, 2016). XGBoost is a supervised ensemble learning method based on the use
of a large number of weak learners (e.g. decision trees) to predict a class. Based on the boosting
technique, decision trees are sequentially ordered. Misclassified samples made by one decision tree
are kept for training the next one. Compared with other machine learning algorithms, features that
poorly characterize the event do not reduce the performance of the XGBoost model. This algorithm
is also able to deliver quantitative information about the influence of features in the classification.
Several applications in geophysical contexts include rock facies classification (Zhang & Zhan, 2017),
density log estimation for reservoir characterization (Zhong et al., 2020) and seismic source classi-
fication (Wang et al., 2023).

Once the training is completed, the XGBoost model uses a method based on vote analysis to pro-
vide a classification: each weak learner classifies the sample, and the class returned by the majority
of them constitutes the output of the XGBoost model. A score can be deduced for each possible class
by dividing the number of trees voting for one class by the total number of trees in the XGBoost
model: a score close to 1 for a particular class indicates that most of the weak learners voted for
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this class. Conversely, for a two-class problem, a score close to 0.5 indicates that the classification of
an event has a very high uncertainty, as there are no clear majority in the vote casted by the weak
learners. Scores are then a powerful indicator of the uncertainty of the classification and can be used
to reduce the amount of false alarms.

4.2.4.5 Data Post-Processing: Markov Random Field (MRF)

Using a threshold on the score yielded by the XGBoost algorithm is a simple and efficient technique
to improve the machine learning classification results. However, this technique does not consider the
spatial and temporal relationships between feature vectors for data stream processing (Figure 4.4).
As the classification is achieved for each SR windows which spacing is defined by the parameters
tstep and dge, (Figure 4.4), we can assume that, in the case of a resolution at least two time smaller
than the duration and the spatial footprint of an event, several neighboring windows include the
same event. Neighboring classification is therefore a source of information that can be used in the
Markov Random Field (MRF) method to mitigate uncertainties about event identification. MRF,
originally used for image processing, is a spatial clustering algorithm relying on the classification
score and the classification of neighbor points (Cross & Jain, 1983). The combination of these two
parameters is achieved through a loss function C' that gathers class neighborhood loss C,¢;4, and
class likelihood loss C};x.15, defined as follows:

Creigh(z) = Y _ 15(Class(S)) (4.2)
Sev
Clikeri(z) = In L(0|z) (4.3)
Clx) = Potentiol X Chuign() + Cliger () (4.4)

where V' is the neighborhood, x is one class among the output classes of XGBoost (here x takes a
value among “noise”, “quarry blast”, or “earthquake”), 1 is the indicator function, 6 is the parameter
vector describing the corresponding observation (here associated with the features vector used in
the XGBoost model), and L is the likelihood function. Potential weights the contribution of Ci,cigp,
and Cj;pe; in the loss function C'. In the case of a neighborhood defined by the 8 nearest neighbors,
Cheigh € [0, 8] is equal to 0 if all neighbors are of class x, and to 8 if none of the neighbors is of class
%,

The efficiency of the method has been demonstrated in previous studies for the real-time classi-
fication of anthropogenic events recorded by DAS interrogator on a controlled test bench (Huynh
et al., 2022). In particular, it helps reducing the number of false alarms by avoiding isolated misclas-
sified points on the classification map.

4.2.4.6 Performance of the Method

To define the performance of the method, we divided the DAS dataset in two parts: a training set,
used to build the machine learning model and to define the parameters for feature computation ;
and a test set used to measure the performance of the processing chain. During the three weeks of
data acquisition, we recorded 19 events with several magnitudes and with hypocenters located at
different geographical positions. Because of the small size of the dataset, we choose a leave-one-out
cross-validation (LOOCV) evaluation technique, consisting in keeping a single event as a test set for
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each cross-validation. Evaluation is performed for each event using the machine learning algorithm
trained on the remaining events.

The method can be quantitatively validated by comparing the class predictions for each feature
vector yielded by the machine learning algorithm to the manual classification of the corresponding
portion of the DAS data. Quantitative criteria include multi-class precision, multi-class recall, and
F1-score. These values are defined by the equations:

1 TP,
Precision = N . Z m (45)
i€Classes
1 TP,
Recall = — — 4.6
- N iGC%ses TPZ + FNZ ( )

Precision x Recall
F1 = X 4.7
RS Precision 4+ Recall L)

where N denotes the total number of classes, 7'F; the amount of true positive considering class
1, F'P; the amount of false positive, and F'N; the amount of false negative.

Qualitative validation consists of a visual inspection performed after reconstructing the classifi-
cation map. Incorporating MRF as the final step in the processing chain helps to filter out areas with
sparse detection and low classification scores, while preserving those with few detection but high
relevance. As visual validation is prone to subjectivity, we present the results of each classification
in Appendix B2.

4.2.5 Results

4.2.5.1 Impact of DAS Window Size Parameters

The dimensions of the window (¢yin, dwin) used to compute the features have an impact on the
results of the classification. We thus estimate the performance of our machine learning algorithm
for several (t.in, dyin) pairs. For each pair, we use the LOOCV method for dataset splitting and the
three criteria presented in section 4.2.4.6. The goal is to find the best pair that maximizes the F1-score
(Figure 4.7c) derived from precision (Figure 4.7a) and recall (Figure 4.7b). Results given in Figure 4.7
show that the choice of a temporal window t,,;,, smaller than 4 s, or higher than 20 s, degrades the
recall. Similar conclusions can be drawn for the choice of a spatial window d,,;,, smaller than 100
m. We note that the optimization of precision values is obtained for spatial windows d,,;, higher
than 250 m. In the range t,,;, € [8,12]s and d,;,, € [500, 1250]m, F1-score value is the highest with
values between 0.65 and 0.69. Choosing large windows implies a longer computation time. With
our dataset, we measure that doubling the duration or the spatial length of the window doubles the
computation time. Looking for a compromise between model performance and computation time,
we selected for the rest of our work the parameters: (¢.in, dwin) = (8 s, 1000 m), and (Zs¢cp, dstep) = (4
s, 100 m). We note that, for these values, recall is very low compared to precision. This implies that
our model does not detect a part of the points that belong to events but the alarm is reliable when a
point corresponding to an event is detected. Figure B1.1 in Appendix B1 for several events indicates
that some of the points associated with an event are undetected because of their low energy.
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precision (a), recall (b) and F1-score (c).
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4.2.5.2 Impact of Post-Processing Parameters

The post-processing, based on the thresholding of the scores and on the application of the MRF
algorithm, relies on the use of two parameters named Score_threshold and Potential. The
Score_threshold is applied to the XGBoost score (section 4.2.4.4) and is chosen by visual inspection
to reduce the number of false alarms. For our analysis, its value is set equal to 0.95. The Potential
value is chosen to maximize the Fl-score on the training set after applying the MRF method on
the training database. Figure 4.8 shows the calculated value of the normalized accuracy for several
Potential values; it indicates that 0.45 is the optimal value according to F1-score.

Evolution of the F1-score for several values of potential

0.734

o
\I
N

Performance (F1-score)
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0O 025 05 075 1 125 15 1.75 2
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FIGURE 4.8: Performance estimation based on F1-score on the output of the Markov Random Field for several
values of Potential. The optimal parameter which maximize this metric is Potential = 0.45.

4.2.5.3 Impacts of Spatial and Similarity Features

The influence of each feature on the model can be directly determined with the feature importance
yielded by the XGBoost model (Figure 4.9). Because of evaluation with LOOCYV, the final feature
importance is averaged from each computed model. Features presented in section 4.2.4.3 are arbi-
trarily numbered from 1 to 111, and are named with their categories (temporal, spatial or similarity)
followed by their number detailed in table B2.1 in Appendix B2. For example, (Spatial77) refers to
the feature n°77, which belongs to the spatial features category. Figure 4.9 shows that the eight most
important features are sorted in decreasing order of importance as follow: average of the raw spatial
trace (Spatial77), energy filtered between [0, ;] of the Nyquist frequency band (Temporal40), number
of peaks in auto-correlation function of spatial and temporal traces (Spatial84 and Temporal8), ratio
between the energy in [10, 30] Hz and [30, 50] Hz (Temporal20), Kurtosis of the trace filtered in [5, 10]
Hz (Temporal23), indexes of maximum of cross-correlation function computed for two consecutive
stacks of temporal traces (Similarity104) and maximum of cross-correlation function computed for
two consecutive stacks of temporal traces (Similarity89).
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Considering the eight most important features, two are spatial features (Spatial77, 84), two are
similarity features (Similarity104, 89) and four are temporal features (Temporal40, 8, 20, 23). The
contribution of spatial and similarity features can be qualitatively observed in the classification map
(Figure 4.10) after using a score threshold of 0.95 on the output of XGBoost for each event. The choice
is discussed in section 4.2.5.1. Taking the example of an earthquake that occurred on September 15,
2022 at 9:12:16 UTC (Figure 4.10a,b), we observe that relying solely on temporal features is insuf-
ficient for achieving accurate classification results, as anthropogenic events generate a lot of false
alarms in Figure 4.10d. Spatial and similarity features have a lower sensitivity to anthropogenic
events as depicted in Figure 4.10e,f. The combination of all the presented features results in a de-
tection map with less false detections (Figure 4.10c). Each detection map is obtained using a grid
defined as (twin, dwin tsteps dstep) = (8's, 1000 m, 4 s, 100 m), as discussed in Section 4.2.5.1. Appendix
B1 provides the detection maps for the 19 cataloged events recorded during the study period.
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FIGURE 4.9: Feature importance evaluated with XGBoost algorithm. Features 1 to 63 are temporal features, 64 to

87 are spatial features, and 88 to 111 are similarity features.
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FIGURE 4.10: Detection Map representation of an earthquake of magnitude Mw = 1.1 that happens close to
Argelés-Gazost, on Sept. 15, 2022 at 9:12:16 UTC. Detection map is obtained on the score map with a threshold
of 0.95. (a) represents the SR, (b) represents the EB, (c) the detection map obtained with a classifier that use
all features, (d) the detection map obtained with a classifier that is only trained on temporal features, (e) the

detection map obtained with a classifier that is only trained on spatial features, (f) the detection map obtained

with a classifier that only uses similarity features.
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4.2.5.4 Performance of the Processing Chain

Using the different window parameters and features defined in the previous sections, we compute
the features for all the identified events, train various models with several training sets using LOOCV
technique and post-process the results with score thresholding and MRF method.

Figure 4.11 contains an example of the detection of an earthquake of magnitude Mw = 1.1 (Figure
4.11c) using the SR map (Figure 4.11a). We also plot the EB map (Figure 4.11b) to help the reader
identify the event location. The detection and identification maps resulting from our workflow,
along with the SR and the EB maps, are presented for each event recorded during the study period
in Appendix B1.
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FIGURE 4.11: Detection Map representation of an earthquake of magnitude Mw = 1.1 that happens close to
Argelés-Gazost, on Sept. 15, 2022 at 9:12:16 UTC. Detection map is obtained on the score map with application of
MRF model, with a threshold of 0.95 and with use of MRF. (a) represents the SR, (b) the EB, (c) and the detection
map.

The XGBoost algorithm combined with the proposed spatial and similarity features is able to
correctly detect an earthquake of magnitude Mw = 0.4 at a maximum distance of 1.5 km (EQ8 in
Table 4.1) and quarry blasts of magnitude Mw = 1.1 at a maximum distance of 1.0 km (QB4 in Table
4.1). Detection is achieved despite the surrounding anthropogenic noise, and quantified using the
LOOCYV splitting for which each event is processed by a model trained with the other events from
our database. Amongst the 19 events visible on the DAS data, 13 of the 13 earthquakes are detected,
as well as 3 of the 6 quarry blasts. One of the detected earthquakes is close to non-detection and
corresponds to an event of magnitude Mw = 0.8 located at 1.0 km from the closest point along the
fiber (EQ12 in Table 4.1). Undetected quarry blasts are located at distances higher than 4 km from
the closest point sensor of the fiber (QB2, OB3 and QB6 in Table 4.1). Compared to the detected
ones, they present lower energy and are difficult to detect above the noise.

4.2.6 Discussion and Conclusion

This paper introduces novel DAS-oriented features—spatial and similarity features—complementing
the temporal features established in Huynh et al. (2022). These features enhance event detection and
identification within a comprehensive processing chain. Our findings confirm that the integration
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of these new features significantly improves classification outcomes, even under field conditions
with a standard fiber optic telecommunication cable spanning nearly 100 km. The promising results
yielded by our processing chain despite the presence of environmental and anthropogenic noises are
showing the relevance of Al based processing chains for the detection of seismic events of interest
with the DAS acquisition system for the monitoring of natural seismic sources at regional scales. We
achieved effective earthquake detection, highlighting DAS capability to identify such events even in
challenging conditions. Quarry blasts were accurately detected when located within 1.8 km of the
fiber optic network, showcasing the method utility in near-field applications.

However, several limitations must be acknowledged. The relatively small dataset and the scarcity
of natural seismic events constrained our analysis, impacting the interpretability of the results. The
reliance on a supervised machine learning algorithm necessitated accurate data labeling, which was
challenging given the potential mislabeling of low-magnitude events. Consequently, we opted to
train our algorithm using only 10-min segments of DAS data associated with cataloged events, as
opposed to utilizing the full three weeks of continuous data.

To address these limitations, future research could explore semi-supervised or self supervised
machine learning approaches, which would leverage the extensive amount of data collected during
the measurement campaign (Wang et al., 2022; Zhu et al., 2023; Rimpot, Hibert, Malet, et al., 2024).
Additionally, extending the acquisition campaign or employing datasets from other locations could
enhance the dataset size and diversity. Another promising avenue is to utilize the existing seismic
knowledge from the six permanent seismometers in the region to inform DAS monitoring through
transfer learning (Titos et al., 2020; Lapins et al., 2021; Donnadille et al., 2024).

The geometric configuration of the fiber optic network and its varying signal-to-noise ratio (SNR)
based on position also influenced our results. The non-proportional increase in distance between
event sources and fiber points affects the spatial and similarity features measured. Hence, incorpo-
rating the geographic distribution of events through localisation when possible is crucial for mini-
mizing the influence of network geometry on model performance in different study areas.

The ability to detect very low magnitude earthquakes, starting from Mw=0.4 at a distance of 1.5
km from the fiber, and quarry blasts within 4 km, underscores the high sensitivity and efficacy of
DAS for event monitoring. This high sensitivity, coupled with the distributed nature of the sensor
network, establishes DAS as an excellent solution for long-term monitoring of natural processes
over regional scales with unprecedented spatial resolution. Future research should address dataset
limitations, explore semi- or self-supervised and transfer learning methods, and consider the impli-
cations of fiber geometry on detection performance.
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4.3 Chapter Summary

In this chapter, we presented a functional approach for detecting earthquakes and quarry blasts using
a real-scale fiber optic spanning 91 km in the Hautes-Pyrénées, the second most seismically active
region in France after the Alps. This approach integrates human-engineered features that account
for temporal information, spatial patterns, and trace-by-trace comparisons. Despite the continuous
presence of anthropogenic noise along the fiber, the method demonstrated strong potential for seis-
mic monitoring. Of the 13 earthquakes and 6 quarry blasts with magnitudes between Mw=0.4 and
and Mw=2.4, 13 earthquakes and 3 quarry blasts were successfully detected. The results highlight
the system ability to effectively detect seismogenic events, showcasing the capabilities of DAS even
in challenging environments.

However, the study was limited to only 19 ten-minute files and did not process continuous data.
These limitations are due to the short duration of the measurement campaign (three weeks) in a
region with relatively low natural seismic activity. These limitations suggest that results could be
more significant with longer monitoring periods or in more seismically active areas. In addition, the
data labeling process relies only on an external pre-existing event catalog. For other applications,
such as detecting nearby construction work, this approach would not be feasible. This underscores
the need for a revised data labeling approach to avoid a time-consuming event-per-event labelling
process. For example, we worked with FEBUS Optics engineers to test the detection of nearby
construction work as part of a collaborative project (CITEPH). The goal was to monitor a buried
pipeline, about 60 km long, using a fiber optic cable deployed near Pau in southwestern France.
Construction activities, such as machinery driving, hitting, and digging near the pipeline, were
conducted during the project. In addition to the events caused by natural and daily anthropogenic
activity, we generated seismogenic events using various construction machines at known dates and
locations. Due to the large variety of observed events, it was challenging to label the data not
generated by the used machines. A machine learning model was trained only with data generated
by the used machines, but many false alarms were observed.

The next chapter presents a methodology based on unsupervised learning to label data by groups
of events rather than individually. This approach uses the Hautes-Pyrénées dataset from this chapter
and a new continuous 44-day dataset collected with an 800 m fiber optic network. The first dataset
will be used to test the clustering method on labeled data, while the second will assess the method
in a more operational setting with continuous data over a longer period.
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Exploring DAS Data Using
Human-Engineered and Self-Supervised
Learning-Based Features

5.1 Introduction

In the previous chapters, we developed classification methods for DAS data using features derived
from conventional seismology, followed by the creation of new, DAS-specific features. While these
approaches proved effective, they relied on supervised learning, requiring precise data labeling. To
address this challenge temporarily, we either used data generated from controlled events conducted
in our experiments (Chapter 3) or cross-referenced DAS data with cataloged events from external
web services like BCSF-RENASS (Chapter 4). However, these approaches are ultimately dependent
on external annotations, which are not always available. Without them, manual data examination
of each individual event becomes necessary, a process that is both time-consuming and prone to
human bias.

This chapter explores an alternative approach using unsupervised methods to analyze DAS data,
group similar data into clusters, and perform cluster-by-cluster labeling. We build on the latent space
representations developed in Chapters 3 and 4, comparing them to a representation generated using
a self-supervised learning approach called BYOL. The input data for BYOL consists of four common
representations used in DAS data analysis, and introduced in Chapter 2: energy band, STA/LTA
ratio, spectrogram, and power spectrum density. These representations are then transformed into
image format for easier manipulation within BYOL. Clustering algorithms are applied to each latent
space representation to organize the data into clusters, and each cluster is manually labeled. Finally,
we evaluate the two representation methods by comparing the behavior of the classes extracted
by each approach and assessing the feasibility of clustering for efficiently grouping similar data to
facilitate rapid manual labeling.

This chapter consists in one submitted paper (section 5.2):

Huynh, C., Rimpot, J., Hibert, C., Turquet, A., Stangeland, T., Malet, J. P., and Lanticq, V. (2025).
Unsupervised Learning for the Comprehensive Exploration of Continuous-DAS Data. Submitted to
JGR.
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5.2 Paper: Unsupervised Learning for the Comprehensive

Exploration of Continuous-DAS Data (Journat or Gropmysicar
RESEARCH, SUBMITTED)

5.2.1 Abstract

Distributed Acoustic Sensing (DAS) offers new possibilities for seismological monitoring by using
fiber optic cables as sensors, enabling cost-effective and a dense spatial detection of seismogenic
activity. However, the vast amount of data produced by DAS systems presents a significant chal-
lenge in terms of data labeling and analysis. Traditional supervised machine learning approaches
require extensive labeling, which is time-consuming and prone to user bias. To address this chal-
lenge, we propose a two-step processing chain. The first step aims to represent each data point in
the dataset using several hundred features, which will form our data representation space, called
the latent space. We compare two latent space constructions: one based on features constructed
using signal processing metrics commonly used in seismology (human-engineered features), and
the other based on self-supervised algorithms using common bidimensional representations of DAS
data (image-BYOL). After obtaining the latent spaces, the second step focuses on reducing the entire
dataset into a set of clusters using an unsupervised clustering method. We propose using two se-
quential clustering algorithms: the first reduces the dataset to 5000 clusters, and the second applies
hierarchical clustering to group these 5000 clusters into 500 to 700 more interpretable clusters based
on inconsistency criterion. This method is applied to continuous DAS data collected during two
different recording experiments in the Hautes-Pyrénées mountains, and with two different config-
urations: a 6-week continuous measurement along a 800-m cable at Viella, and 19 different 10-min
measurements along a 91-km cable. For Viella dataset, we achieved to detect 100% of the events with
magnitude M,, > 2.0. The image-BYOL latent space generates a higher rate of false positives com-
pared to human-engineered features. The results highlight the potential of clustering techniques
for improving DAS data analysis, while also emphasizing the need for further refinement to reduce
false positives, especially for smaller seismogenic events.

5.2.2 Introduction

Distributed Acoustic Sensing (DAS) is a promising tool for monitoring seismogenic activity. DAS
systems use fiber optic cables as sensors to detect ground vibrations, offering a cost-effective and
efficient alternative to traditional seismometers. Over recent years, DAS has seen widespread adop-
tion across a variety of applications. It has been utilized for detecting natural seismogenic events,
including earthquakes (Li et al., 2019; Lior et al., 2023), monitoring volcanic activity (Nishimura
et al,, 2021; Jousset et al., 2022), and monitoring water reservoirs (Zhu et al., 2021; Tribaldos &
Ajo-Franklin, 2021). Additionally, it has proven valuable in marine geophysics (Sladen et al., 2019;
Lindsey et al., 2019; Williams et al., 2019; Spica et al., 2022; Lin et al., 2024), and seismic imaging
(Dou et al., 2017; Walter et al., 2020). Beyond natural seismogenic events, DAS is also highly effec-
tive for monitoring anthropogenic activities such as oil and gas pipelines (Tejedor et al., 2021b), train
tracks, roads (Li & et al., 2020; Wiesmeyr et al., 2020; Yuan et al., 2021), traffic and avalanche mon-
itoring (Kleine et al., 2024; Turquet et al., 2024a, 2024b), and even submarine power cables (Hicke
et al., 2017a). The ability of DAS to capture seismic signals over long distances makes it especially
advantageous for monitoring vast areas or regions with limited accessibility (Turquet et al., 2024a).

Because of its versatility in term of detectable seismogenic events, it is difficult to extract signals
from specific sources without specific methods. These methods can either be signal processing-
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based, such as slow-time average over long-time average (STA/LTA), temporal spectrum analysis,
spatial spectrum analysis such as f-k filtering (Paitz et al., 2023), or kurtosis techniques (Trnkoczy,
2009; Vaezi & Van der Baan, 2015; Li et al., 2016; Kumar et al., 2018), or employ data-driven Machine
Learning (ML) techniques. Among popular ML techniques, some integrate signal processing meth-
ods as temporal signal analysis (Hibert, Mangeney, et al., 2014; Hibert, Provost, et al., 2017; Hibert
et al., 2019; Maggi et al., 2017; Provost et al., 2017; Chmiel et al., 2021; Domel et al., 2023), or derived
parameters such as Fast Fourier Transform (Wiesmeyr et al., 2020; Tejedor et al., 2021b), wavelet
decomposition (Wang et al., 2019), or Mel-frequency cepstral coefficients (Bublin, 2021). For the
DAS application, Huynh et al. (2024) has implemented a set of 111 features that integrate temporal,
spatial and trace similarity information. The goal of these algorithms is to identify relevant features
and weight them according to the task at hand. Another approach involves deep neural networks,
which can construct discriminative features for classification and detection of specific events, such
as microseismogenic activity (Binder & Tura, 2020), earthquakes (Zhu & Beroza, 2019; Mousavi et
al., 2020), or even footsteps (Jakkampudi et al., 2020). The weighting of the neurons in the network,
like in the previous case, must be adjusted according to the task objective. This requires providing
supervised models with labeled data from the target classes and non-target classes. However, this
labeling process is time-consuming, resource-intensive as it demands a comprehensive review of the
catalog used to train the model, and introduces selection bias in the catalogues (Yoon et al., 2015).

To address these chllenges, transfer learning techniques have been proposed to reduce the need
for labeled data. Transfer learning is a machine learning technique that allows a model trained on
one task to be adapted to another task with minimal additional training. For the DAS, it includes
training dataset from a different location or a different time period, or even a different type of sensor
like conventional seismometers. Donnadille et al. (2024) applies knowledge transfer from a model
trained on conventional seismometers to a DAS dataset in three scenarios: classifying local vs. dis-
tant earthquakes, distinguishing quarry blasts from earthquakes, and jointly identifying all three
event types. The model achieves an F1 score exceeding 76% across these tasks. Unsupervised learn-
ing techniques could also offer a promising alternative for full dataset labelling process. Initially
used for data exploration to identify emerging classes of events, in particular in volcano-monitoring
system (Esposito et al., 2008; Hammer et al., 2012; Unglert & Jellinek, 2017; Rimpot, Hibert, Re-
tailleau, et al., 2024), induced seismicity (Beyreuther et al., 2012), earthquake monitoring (Yoon et
al., 2015; Cesca, 2020), and landslides (Seydoux et al., 2020), unsupervised algorithms can reduce
the time and effort required for manual labeling in a more general seismic context (Johnson et al.,
2020). Rimpot, Hibert, Retailleau, et al. (2024) introduces a workflow that combines a latent space
derived from Self-Supervised Learning (SSL) with clustering, enabling a detailed and comprehen-
sive analysis of seismological data despite the prevalence of background noise. Originally designed
for dense seismic node networks, this workflow can be adapted for DAS data. Additionally, the ap-
proach is flexible, allowing the integration of various latent feature spaces to enhance the detection
of seismogenic events.

Building on the study by Rimpot, Hibert, Retailleau, et al. (2024), we propose a method for ana-
lyzing and labeling DAS data using an unsupervised machine learning algorithm. We compare two
different latent feature spaces: one derived from human-engineered features and another from the
SSL approach. Next, we apply a two-step clustering process. The first step reduces the dataset into
5,000 clusters, minimizing information loss, while the second step utilizes a tree-based hierarchical
clustering algorithm to organize and merge these clusters into a more interpretable set of 500 to 700
clusters. These clusters are then manually labeled into five to six classes, one of which is earthquake.
Its behavior compared to a reference database obtained from the “Bureau Central et Sismologique
Francais” and "REseau NAtional de Surveillance Sismique” (BCSF-RENASS) and Observatoire Midi-
Pyrenees (OMP) catalogs. We selected two datasets from the Hautes-Pyrénées mountains in France,
each collected over distinct time periods and spatial scales, to test our processing chain. By using
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one local dataset and one regional dataset, we aim to evaluate the scalability and efficiency of our
approach across different spatial and temporal contexts. The scalability of this method is limited
by noise variations along the fiber, especially in fibers over several tens of kilometers. The article
is structured to first introduce the datasets, followed by a detailed explanation of the data process-
ing methodology. The results are then presented and discussed for their implications, with a final
section summarizing our findings and suggesting potential directions for future research.

5.2.3 Dataset

In this work, we propose to test our approach on two datasets: the "Pyrenees" dataset, which
recorded during the period of August-September 2022 (Huynh et al., 2024), and the "Viella" dataset,
which recorded during the period of December 2023-January 2024. Both datasets were collected in
the Pyrenees mountains in France, but they differ in the length of the fiber optic cable and the scale
of the study. The Pyrenees dataset focuses on data acquired at a regional scale and uses a 91 km
long fiber optic cable (Huynh et al., 2024), while the Viella dataset focuses on data acquired at a
local scale and uses a 800 m long cable. For both datasets, the strain rate (SR) representation, ex-
pressed in nanostrain per second (nstrain/s), is derived from the optical raw data measured with the
DAS by setting the gauge length and the derivation time. The derivation time affects the maximum
observable frequency, while the gauge length affects the spatial resolution and then the minimum
detectable wavelengths. In this section, we separately describe the characteristics of each dataset.

Legends
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FIGURE 5.1: Fiber path of Pyrenees (a) and Viella (b) field test. For Viella field test, 8 nodes are also installed
along the fiber optic and indicated with light red circles.
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5.2.3.1 Pyrenees Dataset

The Pyrenees site is of particular interest due to the moderate seismicity of the Pyrenees mountains
(Souriau & Pauchet, 1998; Rigo et al., 2005; Lacan & Ortufio, 2012; Sylvander et al., 2022) and various
cataloged anthropogenic activities, such as quarry blasts. The presence of a 91-km pre-existing fiber
optics telecom cable on a regional scale allows for the acquisition of data across a wide variety of
seismic environments originated from departmental roads, urban areas, and natural surroundings.
Data were collected using a FEBUS A1-R DAS system between August 30 and September 20, 2022,
with seismic data extracted using a gauge length of 10 m and a sampling frequency of 200 Hz. The
spatial sampling interval is 4.8 m, resulting in a total of 18 958 virtual sensors. To ensure a sufficiently
high signal-to-noise ratio over long distances, a FEBUS range extension module is connected at the
midpoint of the fiber optic. In order to build a catalog of referenced seismogenic events, we use the
open-access catalog of the French facilities “Bureau Central et Sismologique Frangais” and "REseau
NAtional de Surveillance Sismique” (BCSF-RENASS). The open-access catalog provides a list of nat-
ural earthquakes and quarry blasts that occurred during the study period. By cross-referencing the
BCSF-RENASS catalog and our DAS data, we build a dataset consisting of 19 recordings, each 10
min long, containing a total of 13 natural earthquakes and 6 quarry blasts, with magnitudes ranging
from M,, = 0.4to M,, = 2.4. These 19 recordings represent a total of 206 GB of data, and are deeply
presented in Huynh et al. (2024). Figure 5.1a provides the path of the deployed fiber optic for the
Pyrenees field.

5.2.3.2 Viella Dataset

The small commune of Viella, near Luz-Saint-Sauveur in the Hautes-Pyrenees region of France, is
situated close to the endpoint of the fiber optic cable used in the Pyrenees study for seismological
monitoring. However, this experiment was conducted independently of the Pyrenees study. The
region is vulnerable to a large variety of natural hazards. This includes meteorological events like
storms, snowfalls, and droughts, as well as more destructive phenomena such as floods, landslides,
avalanches, and earthquakes. Viella, classified as a region of moderate seismicity, faces added com-
plexity in its seismological landscape due to its susceptibility to environmental seismogenic events,
including avalanches and landslides. Viella is a village that has been affected by gravity hazards for
centuries, with major landslides occurring in 1994, 1999, 2013, and 2018. These events have caused
considerable damage, particularly to buildings, which have developed large cracks and fissures over
time, while also leading to noticeable changes in the surrounding landscape. The 2018 landslide in
particular highlighted the geological instability of the area and has continued to affect the region
through frequent rockfalls and smaller landslides. These ground movements make Viella a key loca-
tion for studying the interactions between natural seismicity and environmental triggers, providing
valuable data for improving our understanding of regional seismic risks.

The Viella site involved the manual deployment of an 800 m fiber optic cable. To maximize
sensitivity, the fiber was aligned perpendicular to the sliding slope. Continuous coupling with the
ground was essential for accurate data measure. The cable was manually buried at a depth of 2-5 cm,
with the soil compacted by hand on top. Garden staples is also used to ensure coupling in areas with
harder media. Additionally, the fiber should be robust enough to withstand mechanical pressures,
such as shifting earth, debris or even mole, without compromising its sensitivity to seismic waves.
Despite these cautions, the fiber optic cable experienced several cuts at various points during our
study period : on 2023-12-11 (fiber cut at 312.4 m), 2023-12-21 (fiber cut at 266.4 m), 2024-01-07 (fiber
cut at 246 m) and 2024-01-16 (fiber cut at 214 m). The recording is performed using a FEBUS A1-R
DAS system installed into a farm, to ensure enough power supply and protect the optoelectronic
equipment from weather conditions. It has been carried out continuously over six weeks between
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December 11, 2023 and January 24, 2024. Important measurement settings include a gauge length of
10 m and a sampling frequency of 400 Hz, as well as a spatial sampling of 2.4 m. Because of the fiber
cuts, the amount of available virtual sensors is not constant over time: at the beginning of the study,
the dataset contains 312 virtual sensors, while at the end, only 68 virtual sensors are available. The
required data storage volume for Viella dataset is about 3 TB. Figure 5.1b provides the path of the
deployed fiber optic at Viella.

In addition to the fiber optic cable, we also deployed a network of 8 portable nodes at the Viella
site. These nodes are equipped with accelerometers that are able to capture the seismic variation of
environmental events in the three-dimension space. The nodes are installed along the fiber optic to
perform comparative study with the seismic data captured by the fiber optic. Data are measured with
a sampling frequency of 500 Hz. The nodes are installed by hand at a depth of tens of centimeters
in the ground, to ensure a good coupling with the soil. The nodes are powered by a battery and can
record data for a duration of three to four weeks. Since the nodes were installed on the same day
as the DAS setup, nodes measurement finished between January 1 and January 5, 2024. The nodes
generate a total amount of 58 GB of data. Figure 5.1b provides the position of the deployed nodes at
Viella.

The context of the installation site plays a crucial role in the nature of the collected data. As the
fiber has been deployed close to a working farm, a portion of the data captured during the study
is influenced by anthropogenic events. Routine farm activities, such as tractor movements and the
movement of breeding animals, is frequently observed in the dataset. In addition to human activities,
as the fiber optic cable is shallowly buried, the DAS system is also highly sensitive to environmental
variations. For instance, precipitation events are detected in the data. The system also recorded
several seismogenic events.

5.2.4 Methods

Our study employs a four-step methodology to analyze seismic data: 1) pre-processing; 2) latent
space computation; 3) K-Means clustering; and 4) hierarchical clustering. During pre-processing, we
remove the instrumental response from the seismic data (SR) and segment it into discrete windows
for efficient streaming, referred to as SR data blocks. The latent space computation transforms these
blocks into a feature-based representation, enabling clustering. We compare two approaches for
constructing this latent space: one based on 111 hand-engineered features capturing seismogenic
event characteristics across temporal, spatial, and trace-by-trace domains (Huynh et al., 2024), and
another using self-supervised learning with image-based DAS representations (e.g., Energy Band,
STA/LTA, spectrograms, Power Spectral Density). Using the BYOL algorithm (Grill et al., 2020),
the latter learns a latent space tailored for clustering. K-Means clustering condenses data into 5000
diverse clusters, which hierarchical clustering further refines into 500-700 interpretable clusters via
a dendrogram-based proximity metric like inconsistency.

5.2.4.1 Data Pre-Processing

As DAS use fiber optic to measure strain and deformation along the fiber, it is particularly sensitive
to common-mode instrumental noise, which occurs when sound and vibrations in the vicinity of
the DAS interrogator simultaneously affect all measuring position along the fiber, called data chan-
nels. The suppression of common-mode frequency components is computed for each channel by
calculating the spatial mean over the entire length of the fiber optic at each time, and subsequently
subtracted it from the input signal (Hartog, 2017).
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Pyrenees Viella
Fiber Length (km) 91 0.8 (begin) - 0.214 (end)
Duration 19x 10-min 44 days
Sampling Frequency (Hz) 200 400
Spatial Sampling (m) 4.8 2.4
Gauge Length (m) 10 10
Data Volume (GB) 206 3000
Number of windows 17 480 142 727
Time window size (s) 60 60
Distance window size (m) 1000 100
Window containing EQ/QB 243 unknown

TABLE 5.1: Summary table of the two datasets. The upper part of the table provides acquisition configuration,
while the lower part provides the number of windows and the size of the windows.

We then slice the SR data into discrete windows for the processing chain, named SR data blocks.
This slicing is defined by two user-specified parameters: the time window size ¢, and the distance
window size d,i,. Each window represents a SR data block that is defined in both the temporal and
spatial dimensions, without any overlap between consecutive windows. For the Pyrenees dataset,
we use a window size of 1000 m in distance and 1 min in time, whereas for the Viella dataset, a
window size of 100 m and 1 min was applied. Given the different lengths of the fiber, this approach
yields 90 windows per min for Pyrenees and between 1 and 7 windows per min for Viella. A total of
17 480 SR data blocks have been collected in the Pyrenees dataset, including 243 SR data blocks of
earthquakes and 52 SR data blocks of quarry blasts. For Viella dataset, 142 727 SR data block have
been collected. Table 5.1 gives an overview of the two data sets in terms of acquisition configuration
and SR data block size and amount.

5.2.4.2 Image-BYOL Latent Space

Data Representations

Computing a latent space with the image-BYOL approach requires the preparation of images from
the DAS data. Ideally, these images should contain elements that help differentiate between var-
ious types of potentially seismogenic sources. Such elements can include contours, shapes, sizes,
textures, pixel intensity, or symmetries within the image. These images should contain diverse
representations of the seismogenic source data able to capture their temporal and spatial dynam-
ics. Leveraging our observation and knowledge in DAS data visualization, we selected four distinct
representations: Energy Band (EB), Short-Term Average over Long-Term Average (STA /LTA), spec-
trogram, and Power Spectral Density (PSD). Except for the STA /LTA ratio directly computed using
the SR representation, EB and PSD are obtained by summing values calculated from the spectrogram
representation, which ensures a low computational cost.

The first two representations, EB and STA/LTA, are primarily designed to detect events within
the data. EB is a widely used representation for visually inspecting DAS data and is an effective
tool for triggering alarms in industrial applications, such as basic intrusion detection (Johannessen
et al., 2012; Parker et al.,, 2014). It captures the movement of seismogenic sources, including their
direction and speed, through its representation in both space and time. Our EB representation is
calculated by integrating the spectrum of a windowed DAS channel over the 0.2-100 Hz frequency
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range. The window duration is 0.5 s with an overlap of 0.8, resulting in a representation with a
temporal resolution of 0.1 s. STA/LTA is a well-established technique in seismology for detecting
seismic wave arrivals from natural seismogenic events, such as earthquakes. STA /LTA is computed
by taking the ratio of the short-term average to the long-term average of the signal. For both datasets,
we use a window size of 1 s for the short-term average and 10 s for the long-term average. The
STA/LTA is calculated every 4 ms.

The other two representations, spectrogram and PSD, focus more on the spectral analysis
of the data. A spectrogram is a visual representation of the frequency content of a signal over
time, typically displayed with time on the x-axis, frequency on the y-axis, and color intensity
representing the spectrum amplitude, expressed in dB (20log,, function), at each frequency and
time point. We compute the spectrogram between 0.2-30 Hz instead of 0.2-100 Hz, as this frequency
range contains the majority of seismic information, using a sliding window of 5 s with a 0.98
overlap. The resulting spectrogram has a frequency resolution of 0.2 Hz and a temporal resolution
of 0.1 s. The PSD complements the spectrogram by providing a frequency content across different
channels of the fiber optic cable. For the PSD representations, we compute the image representation
between 0.2-30 Hz. The PSD image representation resolution is 0.2 Hz for frequency domain, 4.8
m for the Pyrenees dataset and 2.4 m for the Viella dataset for spatial domain, with the amplitude
expressed in dB using the 20 log,, function.

Image Parametrization

During the image preparation process, it is essential to use a colormap that ensures weaker
events remain visible, as stronger events could otherwise dominate the visualization. The objective
is to preserve crucial seismic details, especially when dealing with events of different magnitudes.
For this purpose, we use the jet colormap with white saturation at the upper limit. This means
that any value exceeding a specified threshold is represented in white. This colormap is designated
for representations of EB, spectrograms, and PSD, where intensity is directly linked to the seismic
power of the source and where peak values may exist. By selecting an appropriate upper limit, high-
value anomalies can be accounted for without distorting the overall representation. In the case of
STA/LTA, however, the interpretation of the signal requires a different approach. A strong incoming
signal produces a high STA/LTA value (greater than 1), while the value decreases between 0 and
1 as the signal fades, with stronger signals having values closer to 0. To better visualize the subtle
transitions in STA/LTA values, and to have high value for strong signal incoming and fades, we
apply a transformation using the absolute logarithm function.

In conjunction with the choice of colormap, selecting appropriate upper and lower bounds for
intensity thresholds ensures that both weak and strong events are accurately represented without
overshadowing important details. For the data, the upper bound is determined based on the 99th
percentile of intensity values, allowing most signal variations to be captured while filtering out
extreme outliers that could distort the visualization. Additionally, the upper bound is constrained
by a minimum threshold, ensuring that background noise stays at the lower end of the color scale,
even when no events are present. This minimum threshold is visually set for each representation.

Figure 5.3 presents four examples of the final image used as an input into the SSL algorithm
after applying these bounds and colormaps, with annotations indicating the correspondence of the
x and y axes and the content of each thumbnail. Figure 5.3a,c shows what the images look like
if the measured signal is weak, 5.3b,d if the signal is strong. Generated images are saved in PNG
format with RGB color encoding and a resolution of 256x256 pixels. This resolution is sufficient to
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FIGURE 5.3: Image representation of the same event, measured at two different points on the fiber optic. (a)
and (b) represents a quarry blast measured at two different points distant of 6 km. (c) and (d) represent an
earthquake measured at two different points distant of 31 km. Taken from Pyrenees dataset.

capture the essential details of the seismogenic events while keeping the file size manageable for
further processing.

BYOL Algorithm

BYOL (Bootstrap Your Own Latent) is a self-supervised learning algorithm designed to learn useful
representations from unlabeled data (Grill et al., 2020). The algorithm is based on a contrastive
learning approach, where the model is trained to produce similar features for augmented versions of
the same input and different features for augmented versions of different inputs. This methodology
encourages the model to learn a meaningful latent space that capture the underlying structure of
the data without requiring explicit labels. Compared to other self-supervised learning algorithms,
BYOL has several advantages. It is simple to implement, as it does not require negative samples or
complex training objectives. The architecture of the algorithm is also highly flexible, as it can be
applied to a wide range of data types like images (Grill et al., 2020), videos (Recasens et al., 2021;
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Wang et al., 2022), and even audio (Niizumi et al., 2021) data. In our work, we use the BYOL model
to learn a latent space based on 512 features extracted from the images.

BYOL is however highly dependent on the quality of the data augmentation process. The al-
gorithm requires a diverse set of augmented versions of the input data to effectively learn a robust
and generalizable latent space. In our study, we consider several classical image transformations,
including flipping, rotation, color jitter, and random cropping. Techniques like flipping, rotation,
and random cropping directly interact with the content of the images, making the model less sen-
sitive to variations in the position and orientation of shapes that caracterize specific types of event.
Meanwhile, color jitter introduces noise into the input data by modifying elements such as hue,
saturation, contrast, and brightness. This technique helps make the features less sensitive to effects
caused by the quality of the instrumentation or the influence of the event location relative to the
fiber optic or the interrogator.

5.2.4.3 Human-Engineered Latent Space

Feature Engineering

The human-engineered latent space is designed to capture key characteristics of the DAS seismic
signal. The latent space is built using 111 features presented in Huynh et al. (2024) and directly com-
puted using the pre-processed SR data. The features that constitute the latent space are subdivided
into three families: 63 temporal features, 24 spatial features, and 24 similarity features.

The temporal features, based on prior research on seismic signal classification using both
traditional seismometer recordings (Provost et al., 2017; Maggi et al., 2017; Hibert, Provost, et al.,
2017; Hibert et al., 2019; Malfante et al., 2018; Wenner et al., 2021; Chmiel et al., 2021; Falcin et al.,
2021; Domel et al., 2023) and DAS recordings (Huynh et al., 2022), are divided into three categories:
waveform, spectral, and spectrogram features. For example, waveform features involve envelope,
autocorrelation or statistical measurement like kurtosis; spectral features include median FFT or
energy; and spectrogram features include measuring the variation of the FFT median over time.
The spatial features are derived from the shape of the seismic signal measured across all channels
at a given time, including metrics like average, standard deviation, and auto-correlation. Similarity
features are calculated by comparing traces from different fiber positions using cross-correlation
and dynamic time warping.

Feature Normalization

Normalization ensures all features in the latent space are on a comparable scale, preventing any
single feature from disproportionately affecting the clustering model. This is particularly impor-
tant for human-engineered latent space, where features with different value ranges, such as energy
values (100-1000) versus energy ratios (0-5), can skew the clustering process if not properly nor-
malized. We choose to apply Z-score normalization. It involves transforming each single feature to
have a mean of zero and a standard deviation of one. The Z-score normalization formula is given in
Equation 5.1.

Value — Mean
Standardized Value = 5.1
aHigaritecs Ve Standard Deviation (5}
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5.2.4.4 K-Means Clustering and Centroid Computation

K-Means clustering is an algorithm used for partitioning a dataset into a specified number of clus-
ters. The algorithm works iteratively, beginning with random initialization of cluster centroids.
Each data point is then assigned to the nearest centroid, based on a distance metric as Euclidean dis-
tance. Once the points are assigned, the centroids are recalculated as the mean position of all points
within the cluster. This process repeats until convergence, either when the centroids stabilize or the
assignments stop changing. K-Means is well-suited for large datasets and is highly scalable, making
it a popular choice for clustering applications across various fields.

K-Means clustering is employed to partition the Pyrenees and Viella datasets, each represented
in two distinct latent spaces. Variations in the latent spaces result in corresponding differences in the
clustering outcomes. The objective is to aggregate data blocks with similar feature vectors, thereby
reducing the dataset size while preserving essential characteristics of the original data. The Pyrenees
dataset consists of 17,480 data blocks, whereas the Viella dataset comprises 142,727 data blocks,
both clustered into 5,000 groups. This high number of clusters is intentionally selected to capture
subtle patterns and relationships that might be overlooked with coarser clustering resolutions. Each
cluster is represented by its centroid, expressed in latent space coordinates. In Section 5.2.4.5, these
centroids are referred to as data points, with the term "cluster" designating the groups formed by
the K-Means algorithm.

5.2.4.5 Hierarchical Clustering: An Agglomerative Approach

Hierarchical clustering provides a detailed view of how data points group together at different levels
of granularity. It can be performed in two ways: divisive, starting with all points in one cluster and
splitting them, or agglomerative, starting with each point as its own cluster and merging them. The
agglomerative approach is faster and was chosen for this study. Initially, each cluster is a singleton
containing a single data point. The algorithm then identifies the pair of clusters that are closest to
each other and merges them into a new cluster. This closeness is quantified using a measure known
as distance. This process continues iteratively, with clusters being merged based on their proximity,
until all data points are grouped into a single cluster. This agglomerative approach results in a tree-
like structure with nodes and leafs known as a dendrogram. The dendrogram, a representation of
which is provided in Figures 5.5 and 5.6, visually illustrates the relationships and distances between
clusters at different levels of the hierarchy. By analyzing the dendrogram, the number of clusters
can be chosen based on various criteria, such as distance thresholds metric or cluster inconsistency.

In our study, we use agglomerative clustering to reduce the number of clusters generated in
the K-Means step, aiming to achieve approximately 500 to 700 clusters. We tune the inconsistency
parameter, as defined in Equation 5.2, until we achieve a number of clusters that is both reasonable
and not too small, allowing rare events to appear in separate clusters. The inconsistency parameter
compares the distance of the cluster parent node dy,,.,: with the distance among its children d piigren.-
A cluster is considered highly inconsistent if the height of its parent node is significantly larger
than the average height of its children. This helps identify rare events and enables the formation
of clusters with a small number of data points when those points are significantly different from
the rest of the dataset. Since the inconsistency threshold and the resulting number of clusters are
related, we perform several tests with different inconsistency values to obtain between 500 and 700
clusters. For Pyrenees and viella dataset, the inconsistency threshold value is set to 1.152. For the
Pyrenees dataset, this approach produced 582 clusters with human-engineered latent space and 570
clusters with image-BYOL. Similarly, for the Viella dataset, we obtained 612 clusters with human-
engineered latent space and 640 clusters with image-BYOL. The content and characteristics of these
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clusters are further analyzed in Section 5.2.5.

dpm’ent - mean(dchildren)
Std(dchildren)

Inconsistency = (5.2)

5.2.5 Results

In this section, we analyze the outcomes of the agglomerative clustering algorithm applied to the
Viella and the Pyrenees dataset, and using either the image-BYOL and the human-engineered fea-
tures sets. First, we assess the influence of temporal and spatial factors on the data distribution
within the 4 computed latent spaces, providing insights into the underlying patterns of the dataset.
We then look at the content of the clusters produced by agglomerative clustering from polar dendro-
grams to visualize inter-cluster relationships and propose a seismogenic source labeling scheme. To
validate this labeling, we cross-reference the identified groups with an existing seismic catalog. For
the Viella dataset, we further examine the temporal occurrence and daily periodicity of the classes
derived from continuous data acquisition, comparing them against expected patterns from known
seismogenic sources.

5.2.5.1 Impact of Time and Distance on the Data Repartition in Latent Spaces

Visualizing the data distribution in latent space requires to reduce the dimension of the latent space
due to the high dimensionality of these spaces—111 dimensions for hand-engineered features and
512 dimensions for image-BYOL features. Several dimensionality reduction techniques can be used,
such as Principal Component Analysis PCA (Wold et al., 1987), t-Distributed Stochastic Neighbor
Embedding t-SNE (Van der Maaten & Hinton, 2008), and Uniform Manifold Approximation and
Projection UMAP (McInnes et al., 2018).

In our study, we use t-SNE to reduce the multidimensional latent spaces (human-engineered and
image-BYOL) to two dimensions for the Pyrenees and Viella datasets. t-SNE is primarily influenced
by the perplexity and early exaggeration parameters, which impact the preservation of local and
global structures, as well as the distances between clusters. To identify the most suitable t-SNE
representation, several visual tests were conducted to determine the optimal parameter values. In
our case, we set the perplexity to 50 and the early exaggeration to 12. Each point of the t-SNE
representation encodes a data block in Figure 5.4. Figure 5.4a,d,g,j show respectively the t-SNE
representation of the Pyrenees dataset computed with human-engineered and image-BYOL latent
spaces, and the Viella dataset computed with human-engineered and image-BYOL latent spaces. The
colors encode the cluster indices after the application of the whole processing chain, and there is no
correspondence between cluster indices in the different t-SNE representations.

We represented the t-SNE points in different colors based on time and position along the fiber
optic. The results are illustrated in Figure 5.4b,e,h,k for time influence and Figure 5.4c.fi,1 for position
influence. We also provide a t-SNE representation with the EB thumbnails for both datasets in
Appendix C2 to visually clarify the relationships between points in the t-SNE space.

For the Pyrenees dataset, the time does not influence the localization of points within the feature
space, while the spatial influence is strong. The spatial influence is particularly evident when using
the human-engineered latent space, which appear to form two distinct clusters (Figure 5.4c). The
cluster at the top of the representation consists of points located within a distance of less than 30 km,
while the other encompasses the remaining data points. In contrast, the image-BYOL latent space
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show a more uniform distribution of points, with no clear separation based on time and less clear
separation based on position along the fiber (Figure 5.4f). Distance-based separation is expected
in the t-SNE representation with the human-engineered latent space. The natural attenuation of
the optical signal along the fiber results in a signal-to-noise ratio degradation that is not entirely
mitigated by the common-mode frequency removal technique. This is evident in the t-SNE repre-
sentation, where the impact of distance is pronounced (Figure 5.4c). In contrast, the quality of image
construction and effective data augmentation strategies in generating the image-BYOL latent space
considerably reduce distance influence, as shown by a more uniform distribution of points across
positions along the fiber in the t-SNE representation (Figure 5.4f). Temporal influence is negligible
for the Pyrenees dataset.

For the Viella dataset, the influence of time and position is more prominently reflected in the
t-SNE representations derived from both the human-engineered latent space (Figure 5.4h,i) and the
image-BYOL latent space (Figure 5.4k,l). In particular, certain areas of the t-SNE representation con-
tain only points measured during specific periods: for example, points measured within the first
11 days or beyond 37 days of the experiment are well-defined in the t-SNE representation space.
Regarding distance, as the fiber lost more than half of its length on the first day of the experiment,
most points are measured within 300 m. A distribution into two distinct clusters is observed, one
corresponding to the first 100 m and the other to the remaining length of the fiber. Temporal influ-
ence is present due to the occurences of fiber cuts, with points measured at specific periods more
distinctly clustered. In particular, data block points measured after day 37 form an isolated cluster in
the image-BYOL representation, and a set of smaller clusters in the human-engineered feature rep-
resentation. Distance-based separation also reflects differing environmental conditions, particularly
for the first 100 m of the fiber, due to the noise from the farm.

5.2.5.2 Clusters Exploration and Labelisation

Dendrogram-based Visualization

Using t-SNE, we previously provided a visual representation of the proximity of data blocks within
each of the latent spaces produced. The processing chain then clusters the data blocks within the la-
tent space using K-Means, followed by agglomerative clustering. To display the connection between
clusters, we have simplified the dendrogram representation produced by agglomerative clustering.
We only show the final clusters, obtained after merging the initial 5000 K-Means clusters down to
approximately 500 to 700 clusters. We have generated dendrograms for both datasets, Pyrenees
(Figure 5.5) and Viella (Figure 5.6), using the human-engineered (Figure 5.5a and Figure 5.6a) and
image-BYOL latent space (Figure 5.5b and Figure 5.6b). Each leaf in the dendrogram represents one
of the merged clusters, while each node represents a cluster formed by merging two smaller clus-
ters. Each cluster is depicted by an image that corresponds to the EB representation of the cluster
centroid.

For the Pyrenees dataset, the dendrogram generated with the human-engineered latent space
highlights certain groups of clusters that appear noisier than others, notably clusters 0 to 30, 75 to
150, and 240 to 338. This noise cluster gathering is less pronounced in the image-BYOL dendrogram.
In both dendrograms, a high number of vehicle movement events are identifiable, grouped according
to the number of vehicles, their proximity to the fiber, and their direction of travel. A few rarer events
are also present, although they are more challenging to distinguish within the clustering structure.

For the Viella dataset, the human-engineered feature dendrogram emphasizes a particularly
noisy group of clusters, from cluster 400 to 435 (Figure 5.6a). Examination of Figure 5.4g,h shows
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FIGURE 5.4: t-SNE representation for Pyrenees (a-f) and Viella dataset (g-1). The t-SNE processed using the

human-engineered latent space is displayed as follows: (a,g) with cluster index encoded by color, (b,h) with

time encoded by color, and (c,i) with the position on the fiber encoded by color. The dataset processed using

image-BYOL is shown as: (d,j) with cluster index encoded by color, (e,k) with time encoded by color, and (f,1)
with the position on the fiber encoded by color.
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that cluster 400 to 435 likely corresponds to measurements taken after 37 days. In the image-BYOL
dendrogram, this noisy group expands in size, covering clusters 540 to 640 and 430 to 475. Distinct
classes of events are visible: continuous anthropogenic activities (filled circular arc in Figure 5.6);
anthropogenic events with intermittent pauses (long dotted circular arc in in Figure 5.6); and
isolated anthropogenic events (short dotted circular arc in in Figure 5.6). As with the Pyrenees
dataset, rarer events are present but remain challenging to identify in the clustering structure.

Cluster Labeling

The dendrograms offer an initial understanding of the events contained within the clusters; however,
a more detailed analysis is required to identify rare seismogenic events. To identify seismogenic
event class candidates, we visually examine EB, traces stacked along channels and spectrogram
stacked along channels of 25 random data blocks from each of the 500-700 clusters. For the Pyrenees
dataset, we identified 5 classes: vehicles, continuous events (those with a constant signal lasting at
least 10 s), impact events (signals lasting less than 10 s), earthquakes or quarry blasts (EQ/QB),
and noise. For the Viella dataset, we identified 6 classes: continuous short events, continuous long
events, multiple impact events, unique impact events, earthquakes, and noise. Appendix C3 provides
several examples of data block cluster centers for each cataloged class. As the purity of the clusters
varies, labeling is based on the population of each cluster. For events with equivalent occurence
frequency, particularly among anthropogenic events, the predominant class within the cluster is
assigned as the label. For rarer events, such as earthquakes, a cluster is labeled as such if at least
25% of the data blocks belong to the rarer class. We manually rank the events as follows:

1. Very frequent events: In the Pyrenees dataset, the most common events identified are vehicles
and noise, while in the Viella dataset, noise is the predominant very frequent event.

2. Frequent events: The frequent events identified in the Pyrenees dataset include continu-
ous events and impact events. In contrast, the Viella dataset shows a broader range of fre-
quent events, encompassing continuous short events, continuous long events, multiple impact
events, and unique impact events.

3. Rare events: The rare events detected in both datasets are earthquakes, and quarry blasts for
Pyrenees dataset.

To obtain an overview of the distribution of the data block forming each of the identified classes,
we used the t-SNE map (Figure 5.7). In Figure 5.7, each point represents a data block expressed in
latent space, and each color indicates the manually assigned class label. Figure 5.7a,b,c,d respectively
shows the Pyrenees dataset with human-engineered and image-BYOL latent space, and the Viella
dataset with human-engineered and image-BYOL latent space. We observe that the more common
classes are well-separated on the t-SNE map. Rarer classes tend to cluster in small isolated groups,
often mixed with more frequent classes, particularly for earthquake or quarry blast (EQ/QB) events.
This tendency does not suggest that the features are ineffective but rather illustrates the limitations
of the t-SNE representation. The objective is to display the entire dataset in a highly reduced space,
which means the major trends among the classes are prioritized. This tendency does not suggest
that the features are ineffective but rather illustrates the limitations of the t-SNE representation.
The objective of the representation is to display the entire dataset in a highly reduced space, which
means the major trends among the classes are prioritized.
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FIGURE 5.5: Dendrogram-based visualization of cluste??ontent for the Pyrenees dataset. (a) shows the dendro-
gram generated using the human-engineered latent space, while (b) displays the dendrogram generated with
the image-BYOL latent space. C xxx marks the cluster index for every 25 clusters. The images correspond to the
EB representation of the centroid for each original cluster (leaf nodes of the dendrogram) and for each cluster

formed through agglomerative clustering (internal nodes of the dendrogram).
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FIGURE 5.6: Dendrogram-based visualization of cluster content for the Viella dataset. (a) shows the dendro-
gram generated using the human-engineered latent space, while (b) displays the dendrogram generated with
the image-BYOL latent space. C xxx marks the cluster index for every 25 clusters. The images correspond to the
EB representation of the centroid for each original cluster (leaf nodes of the dendrogram) and for each cluster

formed through agglomerative clustering (internal nodes of the dendrogram).
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FIGURE 5.7: t-SNE representation for Pyrenees (a,b) and Viella dataset (c,d). The colors are encoding the hand-
attributed class. (a,c) are obtained with the human-engineered latent space, (b,d) are obtained with the image-
BYOL latent space. For vizualization purpose, the earthquake class is represented with points scaled to size 5
compared to the others for the Pyrenees dataset, and with points scaled to size 150 for the Viella dataset.

5.2.5.3 Validation

The validation process involves comparing the observed behavior of the constructed classes
with expected behaviors, using a reference catalog such as BCSF-RENASS for point and known
seismogenic source events, or predefined patterns for periodic events. For the Pyrenees dataset,
"earthquake or quarry blast" (EQ/OQB) class is validated by comparing the class occurence with
a reference catalog for EQ/QB detection. For the Viella dataset, we perform multiple validation:
first, we analyze the daily and weekly periodicity of the classes to identify patterns related to
anthropogenic events, then we compare the cluster labels with a reference catalog for earthquake
detection. Additionally, we validate the earthquake detection by applying the same clustering and a
earthquake versus noise labeling process to seismic node data to assess the robustness and accuracy
of the results.

Pyrenees Dataset: Comparison with a Reference Catalog for Earthquake Detection

The validation of the handmade classes of seismogenic events in the Pyrenees dataset is carried out
by comparing the proportion of data blocks classified as earthquake or quarry blast (EQ/QB) for
each time step (1-min interval) and compare this proportion with the median of the data over 10
min. Detection was considered successful if the proportion exceeded the median value plus two
median absolue deviation (MAD) of the data over 10 min. The median absolute deviation (MAD)
is a more robust measure of variability compared to the standard deviation, as it is less sensitive to
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Id Class Mag(M,,) Dist(km) Time(UTC) Detected by
QB1 OB 0.7 1.8 2022-08-31 at 08:02:39 human-engineered, image-BYOL
QB2 OB 0.8 5.8 2022-09-01 at 09:26:00 .
EQ1 EQ 0.6 1.7 2022-09-03 at 03:50:17 human-engineered, image-BYOL
EQ2 EQ 1.0 10 2022-09-03 at 13:13:41 -
EQ3 EQ 2.4 85 2022-09-03 at 18:27:47 image-BYOL
EQ4 EQ 1.4 25 2022-09-05 at 00:51:58 image-BYOL
EQ5 EQ 1.2 6.5 2022-09-06 at 07:58:54 image-BYOL
QB3 OB 1.0 4 2022-09-06 at 10:10:58 human-engineered, image-BYOL
OB4 OB i | 1 2022-09-08 at 10:03:36 human-engineered
EQ6 EQ 0.8 3.2 2022-09-08 at 17:10:59 human-engineered, image-BYOL
EQ7 EQ 2.0 50 2022-09-09 at 07:07:40 ~
EQ8 EQ 0.4 1.5 2022-09-09 at 17:37:59 ~
OB5 OB 0.6 0.5 2022-09-12 at 10:07:43 human-engineered, image-BYOL
QB6 OB 14 6.3 2022-09-14 at 09:26:07 -
EQ9 EQ 1.1 8.5 2022-09-15 at 09:12:16 human-engineered, image-BYOL
EQ10 EQ 1.6 1.4 2022-09-16 at 11:16:50 human-engineered
EQI1 EQ 1.1 20 2022-09-16 at 23:12:33 .
EQ12 EQ 0.8 1.0 2022-09-18 at 04:18:12 human-engineered, image-BYOL

EQ13 EQ 13 9.5 2022-09-20 at 04:39:26 human-engineered, image-BYOL

TABLE 5.2: Pyrenees dataset: Earthquakes (EQ) and Quarry Blast (QB) detected by BCSF-RENASS and visually
confirmed on DAS data.

outliers and extreme values in the data (Leys et al.,, 2013). The validation process was carried out
using the BCSF-RENASS reference catalog for a direct comparison with known seismogenic events.
Using this validation process, we successfully detect 9 out of 19 true earthquake or quarry blast
events with the human-engineered latent space and 11 of 19 with the image-BYOL latent space. A
detailed list of the detected EQ/QB events is provided in Table 5.2.

Among the undetected events using both methods (QB2, EQ2, EQ7, EQ8, QB6, EQ11), it is note-
worthy that 4 of these undetected events have a magnitude greater than 1.0. Three of these events,
which were earthquakes (EQ), are located at distances greater than 10 km from the fiber. Some
events are detected by BYOL but not by the hand-engineered method (BYOL: EQ3, EQ4, EQ5), and
vice versa (hand-engineered: QB4, EQ10). Specifically, for events detected using image-BYOL ap-
proach only, two events are located at more than 25 km from the fiber optic (EQ3, EQ4) and one
event is located at 6.5 km (EQ5). For events detected using the hand-engineered method only, two
event are located nearby the fiber optic (QB4,EQ10).

The mixed results can be explained by the presence of a cluster containing several classes of
events labeled as EQ, which tend to produce detections even in areas where no real events occur.
These clusters, called impure clusters, may increase the proportion of data blocks required to be
considered as EQ as the criteria involves median and MAD over a 10-min record, thereby ques-
tioning the reliability of the decision criterion. As a result, events in regions with low seismogenic
activity or high noise levels may be incorrectly identified, leading to false positives.

Viella Dataset: Periodicity Analysis for Anthropogenic Events
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The Viella dataset provides continuous data, enabling a detailed temporal analysis of the detection
results. We can examine the temporal distribution of the detected classes over the entire acquisition
period in Figure 5.8a-f. Additionally, to explore any periodic patterns, we present the distribution
on a daily and weekly basis in Figure 5.8g,h.

Observations from these figures reveal notable patterns in the periodicity of different classes.
The noise class exhibits a clear daily periodicity, characterized by peaks of silence at night and
troughs during the day, as shown in Figure 5.8a,g,;h. The anthropogenic classes display varying
degrees of daily and weekly periodicity: the continuous long events class shows a strong periodicity,
with event proportions reaching up to 0.2 during peak activity times, compared to an average of
0.1 in the evenings (Figure 5.8g,h). The continuous short and impact multiple classes exhibit less
pronounced periodicity, with slight increases during the day. In contrast, the impact unique class
does not display any particular periodicity. The results can be interpreted in light of these periodic
patterns. The periodicity observed in the continuous long events class suggests that high-energy
localized signals are likely to originate from anthropogenic activities, particularly agricultural
work in the context of Viella. On the other hand, the lack of periodicity in the impact unique class
indicates that these events are sporadic and may not solely be of anthropogenic origin, suggesting
a need for further investigation into their sources.

Viella Dataset: Comparison with a Reference Catalog for Earthquake Detection

Several potential earthquakes are detected during the measurement period, making cross-
referencing with established seismic picking relevant. For this purpose, we combine the seismic
databases provided by the Observatoire Midi-Pyrenees (OMP) and BCSF-RENASS. Using the OMP
and BCSF-RENASS databases, a total of 20 earthquakes are visually confirmed on the DAS data.
Table 5.3 provides details of these events, including their date, magnitude and epicenter distance
from the fiber network. Detection is effective for moderate-magnitude events for both methods,
with all of events above M,, = 2.0 identified (up to a distance of 63 km), and the farthest event
detected at 143 km for a magnitude of M, = 2.8. However, detection is more inconsistent for
lower-magnitude events across both approaches.

Regarding detection volume, clustering performed using the cataloged latent space identified a
total of 16 events, including 8 cataloged earthquakes (with the smallest at M, = 1.5 and a distance
of 13 km) and 3 visually verified but uncataloged potential earthquakes. In comparison, the image-
BYOL method detects 55 events, including 9 cataloged earthquakes (smallest at M,, = 1.4 and 28
km away) and 5 uncataloged potential earthquakes. Figure 5.9 shows the temporal distribution
of detected earthquakes using the cataloged latent space (Figure 5.9b) and the image-BYOL latent
space (Figure 5.9¢). The cataloged latent space approach is promising, as it raises fewer false alarms
than the image-BYOL method and allows filtering by setting an occurrence threshold to retain only
11 potential earthquakes. In contrast, the image-BYOL method generates more false positives and
does not offer a direct selection criterion based on occurrence proportion.

Viella Dataset: Comparison with Nodes Data for Earthquake Detection

To further assess the results obtained with the DAS, we also analyzed data from the seismic nodes
that were installed alongside the fiber optic cable. Due to a fiber breakage on the first day of mea-
surement, with a loss of 800 m to 312.4 m of fiber optic cable, we chose to use only data from seismic
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FIGURE 5.8: Temporal distribution of the manual labels for Viella dataset (fulltime measurement period). The
x-axis represents the time, and the y-axis represents the proportion of events per class.
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Id Date Magnitude()/,,) Distance(km) Detected by
1 2023-12-12 07:20:00 0.4 17 image-BYOL
- 2023-12-12 22:59:17 1.5 14 -
2 2023-12-14 10:43:51 2 63 human-engineered, image-BYOL
3 2023-12-17 21:52:13 2.5 48 human-engineered, image-BYOL
- 2023-12-19 01:26:08 1.6 48 =
4 2023-12-20 02:21:04 2.7 41 human-engineered, image-BYOL
5 2023-12-20 23:24:43 34 143 human-engineered, image-BYOL
6  2023-12-21 01:20:08 2.8 143 human-engineered, image-BYOL
7 2023-12-21 06:58:05 £ N | 143 human-engineered, image-BYOL
= 2023-12-21 19:56:07 1.0 19 ~
= 2023-12-23 04:12:09 1.0 22 =
- 2023-12-23 04:59:37 0.4 8 -
8  2023-12-24 15:41:09 2.2 41 human-engineered, image-BYOL
- 2023-12-24 19:37:54 1.1 8 =
- 2023-12-28 02:46:17 0.8 18 =
9  2023-12-29 01:03:48 1.4 28 image-BYOL
- 2023-12-31 11:26:18 0.5 17 =
- 2024-01-06 04:57:28 1.4 20 .
10 2024-01-09 01:47:26 1.5 13 human-engineered
= 2024-01-09 03:52:04 1.0 13 =

TABLE 5.3: Viella dataset: Earthquakes detected by BCSF-RENASS or OMP and visually confirmed on DAS data.
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FIGURE 5.9: Comparison of detection raised by the seismic nodes using image-BYOL latent space (a), the cata-
loged latent space (b), and the image-BYOL latent space (c) with the BCSF-RENASS or OMP database. Events
represented by blue bar are raised by the system but did not correspond actually to an earthquake, events marked
by red bars visually align with earthquake characteristics. Events represented by red bars with filled circles are
confirmed as earthquakes and cataloged in the BCSF-RENASS or OMP database. The x-axis represents the time,
and the y-axis represents the proportion of events per class.
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nodes 1 to 6 in Figure 5.1. Additionally, since the nodes had limited operational autonomy due to
power supply constraints, we restricted the analysis to data recorded up until January 1st. For this
analysis, we first remove the geophone instrumental response from the seismic trace through de-
convolution. We then segment the data into blocks of the same temporal size as the DAS data (1
min) and apply the image-BYOL method to images that combine the seismic traces with their corre-
sponding spectrograms. We also use the same data augmentation as for the DAS data. The analysis
successfully detected all 21 events identified by the BCSF-RENASS or OMP (Table 5.3), but it also
resulted in a higher number of false positives compared to the image-BYOL approach applied to DAS
data (Figure 5.9a). This suggests that while the image-BYOL model provides comprehensive event
detection, further refinement is necessary to reduce the occurrence of false positives, particularly
when detecting weaker seismogenic events.

5.2.6 Discussion and Conclusion

The objective of this paper is to propose a solution for labeling continuously measured DAS data in
preparation for supervised classification learning. To achieve this, we propose a clustering-based
approach to perform per-cluster labeling. We rely on two different latent space that we would
like to compare: an human-engineered latent feature space and a latent space learned using a self-
supervised learning model approach called image-BYOL. For both latent space, we applied a clus-
tering approach to group similar data, followed by hierarchical clustering to reduce the number of
clusters. Finally, we labeled these clusters into a few distinct classes.

Our method enables the automatic identification of key factors differentiating data, whether due
to the nature of the measured event (anthropogenic, natural) or instrumental factors (influence of
distance on the data, effect of fiber breakage), and offers direct applications in anomaly detection.
The method can be adapted for data labeling per clusters, where human intervention is necessary.
For frequent events such as anthropogenic activities linked to agriculture in the Viella dataset, the
method detects temporal periodicities and distinguishes them from other classes. In the case of rare
events, such as earthquakes, the approach requires the definition of new rules to address the issue
that clusters are not always pure, such as "consider the cluster as an earthquake if 25% of the data
blocks actually contain earthquakes". This rule detects all earthquakes with a magnitude greater
than 2.0 in the Viella dataset using both latent spaces, but generates a higher false positive rate for
events with smaller magnitudes. For the Pyrenees dataset, the results obtained using both human-
engineered features and those learned through image-BYOL do not show a clear advantage for either
approach. In some cases, detections appeared inconsistent, with events occasionally missed despite
their presence in the data. These observations point to challenges inherent in the clustering method
applied, particularly the cluster labeling rules, which may require refinement to better handle the
complexity of such environments. Complex settings, characterized by overlapping signals or strong
background noise, pose difficulties for the clustering method to accurately differentiate between
events. Furthermore, the long distances covered by the fiber optic cable can lead to signal atten-
uation and delays, introducing additional challenges for the reliable detection and classification of
seismic events. A potential solution to improve the detection of low-magnitude events is to apply
a re-clustering method on inpure clusters. The clustering process will be applied iteratively to the
data blocks that were not correctly classified in the previous iteration, allowing the creation of new
clusters that are potentially purer in next iteration.

Both human-engineered and image-BYOL feature extraction show similar effectiveness over-
all. On the Viella dataset, human-engineered features result in fewer false detections, while the
difference is less pronounced on the Pyrenees dataset. Therefore, both methods should be tested
to identify the most suitable approach for a specific application. From computational considera-
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tion, human-engineered features are faster to compute, as the features are predefined. In contrast,
BYOL SSL approach requires a training phase, which is more time-intensive but eliminates the need
for human feature engineering. For readers looking to replicate this work and who have access
to computational resources such as GPU, we recommend starting with the BYOL approach. This
method is entirely independent of prior feature engineering efforts and allows for a full evaluation
of the processing chain performance. For those without access to such resources, the use of human-
engineered features provides a less computationally intensive alternative. This second approach
requires downloading the feature calculation code provided in (Huynh et al., 2024).

The application of unsupervised learning techniques, particularly clustering of latent spaces
from SSL algorithms or human-engineered features, offers a promising approach for rapidly gen-
erating seismic datasets that can be used to train models for real-time monitoring or large-scale
analysis of pre-existing data. By leveraging clustering methods, such as K-Means and agglomer-
ative clustering, we can efficiently group seismic data and identify patterns without the need for
manual labeling. This capability significantly enhances the potential of DAS as a monitoring tool,
which has been a key challenge in the field. Furthermore, this approach allows for the development
of intelligent event-triggering systems, enabling monitoring beyond traditional event-based detec-
tion and providing a more continuous and adaptive framework for seismogenic event monitoring.
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5.3 Chapter Summary

In this chapter, we presented a method for identifying clusters of seismogenic events from DAS
measurements. The approach focuses on building or selecting a robust latent space representation,
clustering the DAS data within this space, and using the clusters to create a labeled dataset. This
method was tested on two datasets: the Pyrenees dataset, which contains 19 ten-minute recordings
of events and noise over a 91-km fiber optic cable, and the Viella dataset, comprising 44 days of
continuous recordings over an 800-m fiber optic cable. Validation was carried out by comparing
results with reference catalogs, analyzing periodic patterns in the data, and cross-referencing with
seismic node measurements.

The method was evaluated on both frequent events (such as farm activity, occurring almost daily)
and rare events (like earthquakes). The results show that the method is effective for frequent events,
which are tedious and difficult to label manually. For rare events, such as earthquakes, the method
works well for labeling seismogenic events, especially those with magnitudes greater than Mw=2.0.
Looking ahead, the method can be used to explore data and identify classes of events, which can
then be applied in supervised models. However, with larger datasets, optimizing processing time
and storage will be necessary. To improve accuracy and reduce false alarms, re-clustering impure
clusters could help enhance sensitivity to lower-magnitude events. Additionally, the method has
potential for other tasks, such as anomaly detection.
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Conclusions and Outlook

6.1 Conclusions

6.1.1 Result Summary

Through this thesis, we aimed to design and implement complete processing chains for the automatic
classification of Distributed Acoustic Sensing (DAS) data. Each chapter addressed a key aspect,
presenting encouraging results while also highlighting several limitations.

In Chapter 2, we provided a comprehensive overview of DAS applications in seismology, fo-
cusing on the types of seismic signals DAS can capture and the conventional and advanced data
processing techniques used in this field. This overview guided the design of complete processing
chains for the automatic classification of DAS data streams, which are detailed in Chapter 3. The
processing chain presented in Chapter 3 consists of three essential steps: pre-processing, classifi-
cation, and post-processing. Pre-processing ensures that the instrumental response is removed and
that the data is segmented into fixed spatial and temporal windows suitable for streaming analy-
sis. The classification step generates a latent space representation using 57 features derived from
conventional seismology and applies supervised machine learning algorithms like Random Forest
or XGBoost to classify the data. Finally, post-processing incorporates the spatial coherence of DAS
data through a Markov random field model to refine the classification. The method, tested in a
controlled environment at the FEBUS Optics test center, achieved a classification accuracy of 87%
for six event classes, with spatial redundancy improving accuracy by 4%. However, the tests were
conducted in controlled conditions with minimal external noise and a trench length of 22 m, which
limits their applicability to in-situ scenarios. Building on this work, Chapter 4 introduced new fea-
tures that account for the spatial characteristics of DAS data, expanding the feature set to 111. Using
a 91-km telecommunication fiber cable deployed in the Hautes-Pyrénées, we demonstrated the sys-
tem ability to detect seismogenic events, including earthquakes as small as Mw=0.4 within 1.5 km
of the fiber and quarry blasts within 4 km. This approach proved effectiveness even under chal-
lenging conditions with variable SNR and multiple anthropogenic sources along the fiber. However,
supervised learning remained constrained by the need for precise data labeling. The model can be
evaluated using the 19 seismogenic events identified from the BCSF-RENASS catalog and leave-one-
out cross-validation; however, the results cannot be generalized to other situations. Manual labeling
was labor-intensive and limited the model genericity. To address this challenge, Chapter 5 explored
an unsupervised clustering approach to group similar data, enabling cluster-based labeling. For the
Viella dataset, which consisted of 44 days of continuous recording, this method reduced the label-
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ing effort from 142 727 individual data windows to 640 clusters using BYOL-based features and 612
clusters with human-engineered features. The clustering approach identified frequent events, such
as vehicle movements and agricultural activities, along with their daily or weekly periodic patterns.
It also facilitated the detection of rare and natural events, such as local earthquakes of tectonic or
landslide origin, using pre-defined rules. However, cluster impurity and the reliance on arbitrary
pre-defined rules to control false positives and negatives remained significant challenges, sometimes
leading to an overclassification of non-earthquake events as earthquakes.

Across all approaches, efforts were made to minimize the influence of subjective human labeling.
During the measurements conducted at the FEBUS Optics test bench, events were generated under
supervision (Chapter 3), and for the Hautes-Pyrénées dataset, cataloged events from BCSF-RENASS
provided an objective reference (Chapter 4). In Chapter 5, we have chosen not to rely on an external
catalog. The shift to cluster-based labeling reduced labeling subjectivity but introduced challenges
related to cluster purity and the selection of the appropriate number of clusters. Additionally, the
need for pre-defined rules to manage false positives and negatives highlighted ongoing challenges
in detecting rare events.

6.1.2 Thesis Contributions

This PhD thesis bridges the gap between conventional seismology and fiber optic-based seismology.
It presents approaches that combine traditional signal processing tools, focused on temporal
waveform, spectrum, and spectrogram analysis, with new tools that capture additional information,
such as spatial waveform analysis and channel similarity. By extracting features for event
classification, this approach enables the effective use of DAS data for seismic analyses. Another
contribution of this PhD thesis is to provide a solution to the challenges posed by the large volume of
DAS data when applying supervised learning algorithms. A scalable solution is particularly needed
for continuous DAS data collected over long periods and across extensive fiber networks. In this
PhD thesis, we explore grouping detected seismological events by similarity. This approach
proves effective for both frequent and rare events, such as monitoring natural seismicity in active
areas or tracking anthropogenic sources like traffic and construction, regardless of dataset size.

The methods can have a significant impact, particularly in areas where conventional seismol-
ogy is less effective or where new challenges arise. DAS offers promising solutions for monitoring
construction activities, detecting intrusions, identifying pipeline leaks, and enhancing earthquake
detection in noisy environments. However, DAS is sensitive to a variety of sources, making event
classification challenging and requiring the use of AI algorithms. For dataset creation, clustering
techniques provide a key solution by enabling the rapid annotation of datasets based on event
similarity measures. For classification process, the proposed approach is interpretable, with fea-
tures based on physical quantities and their importance quantified using methods like Random For-
est and XGBoost. These advancements could ultimately contribute to the development of early
warning systems, identifying clusters of events that precede major incidents such as earthquakes
or landslides.

Despite the promising results, several limitations were encountered during this research. The
studies were carried out over relatively short periods, which restricted the amount of data available
for training supervised classification models, particularly for rare events. The scalability of the ap-
proach to continuous, long-term monitoring was not fully addressed, and the optimal amount of
data required to maintain a functional system over extended periods remains unclear. Additionally,
the models developed during this thesis were site-specific, and the results could not be easily gener-
alized to other environments. Future work could focus on training models with data from multiple
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sites to create more generalized systems that are less dependent on specific measurement configura-
tions. Additionally, transfer learning approaches could be explored for applications across different
sites or with different seismological instruments. From an applicative and industrial perspectives,
a classification model that is generalizable to different sites and environments would be a signifi-
cant asset for deploying large-scale seismic monitoring systems or temporary monitoring solutions.
The need for new data to monitor a specific site often means that the system cannot be operational
quickly and requires extensive fieldwork. For long-term monitoring, combining data from different
sites could enable pre-training of the model, which could then be fine-tuned with data from new
sites.

6.2 Perspectives and Future Research

6.2.1 Methodological Improvements for DAS Data Processing and Classi-
fication

Improving Clustering with Iterative Re-Clustering on Impure Clusters

Chapter 5 highlighted the subjectivity in unsupervised clustering approaches, especially for
identifying rare events in continuous measurements (e.g., earthquakes), which require predefined
rules to control false positives and negatives. To improve cluster purity and reduce the reliance
on these rules, one possible solution is to introduce an iterative re-clustering method. This
method would refine impure clusters by reapplying the clustering process to misclassified data,
allowing more pure clusters to form in subsequent iterations. This approach, which has been
successfully applied in fields such as image segmentation (Bensaid et al., 1996) and autonomous
driving systems (Kruber et al., 2018), could be adapted for DAS data classification, enabling more
accurate identification of seismogenic events, including those of low and very low magnitudes.

Transfer Learning Across Different Sites and for Several Measurement Instruments

Transfer learning is a powerful strategy that reduces the need for extensive training data while
preserving high system performance. By leveraging knowledge from one domain, it enables models
to adapt to new tasks or datasets with minimal additional training. This approach is particularly
valuable in fields like seismology, where acquiring large amounts of labeled data can be challeng-
ing. To this end, data sharing within the scientific community can be of interest, as developed in
the following Section 6.2.2. As illustrated in the Equation 1.1, the measured seismic signal u(t) is
influenced by several factors, including the source s(t), the signal propagation through the ground
g(t), the sensor placement, and the instrument response i(t).

u(t) = s(t) * g(t) xi(t) where * denotes the convolution operator (1.1)

When transferring knowledge between several FO-DAS datasets, several challenges arise due
to variations in environmental conditions, sensor placements, and site-specific factors. These dif-
ferences can lead to changes in the recorded data, causing feature distributions to vary among sites.
As a result, the model ability to generalize across datasets may be compromised, making it difficult
to apply a model trained on one dataset to a new, unseen environment. Transferring knowledge
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from conventional seismometers to FO-DAS instruments presents additional hurdles. Conventional
seismometers have a fixed frequency response, typically measuring frequencies from a few Hz to
several kHz. In contrast, FO-DAS instruments feature a variable frequency response, influenced by
factors such as system configuration, fiber type, and measurement conditions. DAS data also suffers
from a lower SNR ratio, which can distort the data and lead to biased results in Al models.

6.2.2 Data Sharing and Collaboration in FO-DAS Seismology

Sharing DAS data is challenging due to the large size of datasets and the use of proprietary file for-
mats by different manufacturers. For instance, Silixa uses the TDMS format, while Schlumberger,
Omnisens, OptaSense, and Fotech Solutions employ other proprietary formats. While these manu-
facturers provide tools to convert data into more accessible formats like HDF5 or SEG-Y, companies
such as FEBUS Optics and ASN directly use non-proprietary formats, such as HDFS5, for storing DAS
data. However, a key issue remains the inconsistency and poor documentation of important meta-
data, such as optical configuration, fiber GPS location, measurement timestamps and fiber proper-
ties (telecommunication fiber cable, loose-tube cable, tight cable or cable specially engineered for
measurement purposes) across datasets. To address this, Lai et al. (2024) proposes a comprehensive
metadata standard that includes both instrument configurations (e.g., interrogator type, acquisition
parameters) and sensor locations (e.g., cable installation, fiber properties).

These challenges hinder the sharing of DAS data and make comparisons across studies difficult.
Nevertheless, there is an increasing effort within the scientific community to promote DAS data
sharing, particularly for the development and comparison of signal processing algorithms and Al
models. PubDAS, an open-source repository introduced by Spica et al. (2022), is a prime example,
hosting 90 TB of DAS data from experiments across various geological environments. Our own
contribution to this effort includes sharing the Hautes-Pyrénées dataset, available through our pub-
lication under the DOI: 10.57932/5b1302d6-57cd-44e4-81ac-5d585a7f8951.

In parallel with data sharing, providing standardized processing tools libraries is crucial for
advancing DAS research. Hu and Li (2024) offers a Python library that includes tools for preprocess-
ing, filtering, frequency analysis, signal decomposition, and denoising techniques like curvelet de-
noising. Similarly, Trabattoni et al. (2024) presents a Python library designed for efficient data load-
ing and file combining, which mimics the API of popular Python libraries like NumPy/Scipy/Xarray
to encourage compact and effective code. As Al models such as PhaseNet (Zhu & Beroza, 2019) and
its DAS version (Zhu et al., 2023) gain in attractiveness, the formatting of trained models and
the metadata associated to the classification process required becomes increasingly important.
This highlights the need for standardized data formats across DAS manufacturers. Metadata should
encompass model parameters (accessible through Python libraries like Scikit-learn or PyTorch), pre-
processing/post-processing algorithms, evaluation methods, and the training data used to build the
models. Our own contribution to this effort includes sharing the processing chain for classification
process, available through our publication in the GitLab repository "EOST/seis-learning-spatial”.

6.2.3 Computing Resources and Scalability

When processing DAS data, several solutions are available, each offering different trade-offs between
computational power, latency, and use case requirements. These solutions can be ranked based
on computational capacity, though higher capacity often results in increased latency due to data
transfer to remote servers. Solutions can be ranked as follows:
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1. Edge computing

The simplest approach is to process data directly on the DAS instrument, minimizing latency
since no data is sent elsewhere. However, this option is limited by the computational resources
of DAS instrument, making it suitable for simpler tasks with manageable data volumes that
require real-time results. During the thesis, I worked with several FEBUS software engineers
to implement the processing chain presented in Chapter 3 into FEBUS A1-R DAS for demon-
strations to several company customers. For this implementation, given the time constraints
of real-time processing, we choose the features to implement based on their importance in
classification process.

2. Local computing using a portable workstation
More powerful options are the use of portable workstations, offering greater computing power
for real-time analysis. However, this introduces some latency due to the need to transfer data
from the DAS instrument to the workstation. This latency can be minimized by connecting
the devices via LAN 100 GHz cable.

3. Distant computing using high-performance computing (HPC) systems
HPC systems offer substantial computational power, enabling parallel processing of large
datasets. However, it introduces significant latency due to data transmission to the HPC clus-
ter and requires a reliable internet connection. This approach is ideal for tasks like prototyping
new algorithms, training AI models, or processing large datasets that require extensive com-
putational resources. However, it is less suited for real-time applications.

Depending on the objective of the work, certain solutions are more suitable than others. For field
applications involving classification tasks in a real-time application, we believe the best approach is
to use Solution 2, as it offers the best trade-off between computational power and latency time for
data processing. If the data can be easily uploaded or retrieved before actual application, it is possible
to perform pre-recordings, collect the data, and train a model on an HPC system before uploading
the trained model to the workstation. For data exploration tasks, where we aim to explore one or
more datasets spanning several weeks or even years, the goal is to construct catalogs solely based on
the content of the data. In this case, there are no time latency constraints, making HPC processing
a more advantageous choice.

When considering Solution 3, data is exchanged between the DAS instrument and the processing
system, with latency time proportional to the amount of data being exchanged. As a result, exploring
data compression algorithms can be advantageous. These algorithms reduce data volume for real-
time processing, allowing for lossy compression when processing is not impacted, and for long-term
storage, where lossless compression is crucial. For instance, Dong et al. (2022) proposes a lossless
compression method for DAS data, achieving up to 40% compression without any data loss.
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Appendix A

Paper: Real-Time Classification of
Anthropogenic Seismic Sources from
Distributed Acoustic Sensing Data:
Application for Pipeline Monitoring

A1 Anthropogenic-Seismic Source Definition and Simulation
Protocols

Appendix A1 provides a table detailing the experimental protocols for generating the seismic sources

(Table A1.1). Because some sources have a similar acoustic signature (Falling objects, Manual exca-

vation and Hammer impact),these have been grouped into a single class (Impact) for signal sources
recognition.

TABLE A1.1: Anthropogenic-seismic source definition and simulation protocols.

Class Sub-class Protocol

Pedestrian - Multiple round trips of a person walking/running along the pipeline, each trip is

walk followed by a 10 s break. (Weight of pedestrians: 50 — 80 kg)

Impact Falling  ob- One or two hammers/shovels/rocks/screwdrivers are dropped by an operator on
jects the trench, are collected at least 5 s later, and are dropped back 5 s later. (Weight

of screwdriver: 0.1 kg, hammer: 0.8 kg, shovel: 2 kg, rocks: 1 - 5 kg)

Impact Manual exca- An operator is either continuously (at least during 30 s) digging a hole using a

vation pickaxe/shovel, either continuously (at least during 30 s) filing/compacting a hole

using a shovel. (Weight of pickaxe: 1.5 kg, shovel: 2 kg)

Impact Hammer im- An operator is fastly/slowly hitting a pipeline buried in the trench. (Weight of
pact hammer: 0.8 kg)
Backhoe - A backhoe is either entering/leaving the trench, either digging/filling a hole.

(Weight of backhoe: 2,600 kg)

Continued on next page
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Table A1.1 - continued from previous page

Class Sub-class Protocol

Compactor - An operator is compacting the dirt using a ramming machine. (Weight of com-
pactor: 70 kg)

Water/air - Before the measurement begins, the pipeline is filled with air/hot water under

leakages pressure (50 bars for air, 20 bars for hot water). At the beginning of the measure-

ment, an operator remotely opens the electrovalve. At the end, the electrovalve
is closed back and the measurement is stopped. The diameters of the nozzle are
3 and 5 mm.

A2 Features Used to Describe the Acoustic Signal

Appendix A2 provides an overview of all the features used for the machine learning process. The
features can be grouped into three main groups: waveform attributes, spectral attributes and spec-
trogram attributes. Table A2.1 provides a contextual and mathematical description of each of them.

TABLE A2.1: Features used to describe the acoustic signal.

Number Formula

Description

Temporal features - Waveform

1 Ratio of the mean over the maximum of the en- -
velop signal
2 Ratio of the median over the maximum of the en- -
velop signal
3 Ratio between ascending and descending time f;"j;;jm with ¢4, time of the largest amplitude
4 Kurtosis of the raw signal (peakness of the signal) 73 with my: fourth moment, : standard devia-
tion
5 Kurtosis of the envelop see 4
6 Skewness of the raw signal & with mg: third moment, 0: standard deviation
7 Skewness of the envelop see 6
8 Number of peaks in the auto-correlation function -
9 Energy in the first third part of the auto- fOT/ ‘o (7)dr, with T signal duration, C: auto-
correlation function correlation function
10 Energy in the remaining part of the auto- see9
correlation function
11 Ratio of 10 and 9 -

Continued on next page
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APPENDIX

Table A2.1 - continued from previous page

Number  Description Formula
12-16 Energy of the signal filtered in 5-10 Hz, 10-30 Hz, fOT yr(t)dt, with ys: filtered signal in the fre-
30-50 Hz, 50-75 Hz, 75-100 Hz quency range [f1, f2]
17-21 Kurtosis of the signal filtered in 5-10 Hz, 10-30 see 4
Hz, 30-50 Hz, 50-75 Hz, 75-100 Hz
A
22 RMS between the decreasing part of the signal Y (t) —I(t) , with Y: envelop of the signal

Ymaz
tf—tmax

and I(t) = Yiae —

Temporal features - Spectral

23

24

25

26

27

28

29

30-33

34

35

36

Mean of the DFT

Max of the DFT

Central frequency of the first quartile
Central frequency of the third quartile
Median of the normalized DFT
Variance of the normalized DFT
Number of peaks (> 0.75DF T}, 42)

Energy in [0] NyF, [1 3] NyF, [ 2] NyF, [21] NyF

Spectral centroid
Gyration radius

Spectral centroid width

Temporal features - Spectrogram’

37

38

39

40

41

42

Kurtosis of the maximum of all discrete Fourier
transforms (DFTs)

Kurtosis of the maximum of all DFTs as a function
of time t

Mean ratio between the maximum and the mean
of all DFTs

Mean ratio between the maximum and the me-
dian of all DFTs

Number of peaks in the curve showing the tem-
poral evolution of the DFTs maximum

Number of peaks in the curve showing the tem-
poral evolution of the DFTs mean

spectral featurees

DFT: discrete Fourier transform

DFT,,,,: maximum of the DFT

ff12 DFT(f)df, with fi, fo: considered fre-
quency ranges

= z—f, with my, me: first and second moment

Y2 = %, with ms: third moment

v3=+/v2+ 2

kurtosis[maz,cio, | (SPEC(t, f))], with
SPEC(t, f): spectrogram as a function of time t

see 37

maz(SPEC) )

mean( mean(SPEC)

see 39

Continued on next page
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Table A2.1 - continued from previous page

Number  Description Formula

43 Number of peaks in the curve showing the tem- -
poral evolution of the DFTs median

44 Ratio between 41 and 42 -

45 Ratio between 41 and 43 -

46 Number of peaks in the curve of the temporal -
evolution of the DFTs central frequency

47 Number of peaks in the curve of the temporal -
evolution of the DFTs maximum frequency

483 Ratio between 46 and 47 -

49 Mean distance between the curves of the tem- -

poral evolution of the DFTs maximum frequency
and mean frequency

50 Mean distance between the curves of the tem- -
poral evolution of the DFTs maximum frequency
and median frequency

51 Mean distance between the 1st quartile and the -
median of all DFTs as a function of time

52 Mean distance between the 3rd quartile and the -
median of all DFTs as a function of time

53 Mean distance between the 3rd quartile and the -
1st quartile of all DFTs as a function of time

" The spectrogram is the collection of the DFTs computed for signal windows of 1 s with an overlap of 90%. The
spectrogram is represented as a 2D matrix representing the evolution of the frequency content (rows) through time
(columns). Adapted from Provost et al. (2017).
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Appendix B

Paper: A Real Scale Application of a Novel
Set of Spatial and Similarity Features for
Detection and Classification of Natural
Seismic Sources from Distributed Acoustic
Sensing Data

B1 The Nineteen Identified Events on DAS recording

Appendix B1 gives an overview of all the events recorded by BCSF-RENASS and visually inspected
on the DAS recordings. Figure B1.1 presents the SR, EB, score map of the machine learning algorithm
and detection map obtained using our processing chain for each event.
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Strain Rate Energy Band Score Detection Classification
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FIGURE B1.1: Strain Rate, Energy Band, Score Map and Detection Map of the 19 recorded events along the fiber.

Strain Rate and Energy Band are computed directly from acquired data, whereas Score Map and Detection Map
are obtained using our classification processing chain.
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Strain Rate Energy Band Score Detection Classification
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(continued) Strain Rate, Energy Band, Score Map and Detection Map of the 19 recorded events along the fiber.

Strain Rate and Energy Band are computed directly from acquired data, whereas Score Map and Detection Map
are obtained using our classification processing chain.
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(continued) Strain Rate, Energy Band, Score Map and Detection Map of the 19 recorded events along the fiber.

Strain Rate and Energy Band are computed directly from acquired data, whereas Score Map and Detection Map
are obtained using our classification processing chain.
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Strain Rate Energy Band Score Detection Classification
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(continued) Strain Rate, Energy Band, Score Map and Detection Map of the 19 recorded events along the fiber.

Strain Rate and Energy Band are computed directly from acquired data, whereas Score Map and Detection Map
are obtained using our classification processing chain.
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(continued) Strain Rate, Energy Band, Score Map and Detection Map of the 19 recorded events along the fiber.
Strain Rate and Energy Band are computed directly from acquired data, whereas Score Map and Detection Map

are obtained using our classification processing chain.
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B2 Features Used to Describe the SR Signal

Appendix B2 gives an overview of all the features used for the machine learning process. The Table
B2.1 gathers the temporal features related to waveform, the temporal features related to spectrum,
the temporal features related to spectrogram, the spatial features and the similarity features. Spatial

and similarity features were developed in this study specifically for DAS recordings.

TABLE B2.1: Features Used to Describe the SR Signal.

Number

Description

Formula

Temporal features - Waveform

Averaging in window

1 Ratio of the mean over the maximum of the en- -
velop signal
2 Ratio of the median over the maximum of the en- -
velop signal
3 Ratio between ascending and descending time ff’"jﬁ with ¢4, time of the largest amplitude
4 Kurtosis of the raw signal (peakness of the signal) i+ with my: fourth moment, 0: standard devia-
tion
5 Kurtosis of the envelop see 4
6 Skewness of the raw signal 7% with m3: third moment, 0: standard deviation
7 Skewness of the envelop see 6
8 Number of peaks in the auto-correlation function -
9 Energy in the first third part of the auto- fOT/ v (7)dr, with T signal duration, C: auto-
correlation function correlation function
10 Energy in the remaining part of the auto- see9
correlation function
11 Ratio of 10 and 9 -
12-16 Energy of the signal filtered in 5-10 Hz, 10-30 Hz, fOT y¢(t)dt, with ys: filtered signal in the fre-
30-50 Hz, 50-75 Hz, 75-100 Hz quency range [f1, fo]
17-22 Ratio between (12,13), (12,14), (12,15), (13,14), -
(13,15), (14,15)
23-27 Kurtosis of the signal filtered in 5-10 Hz, 10-30 see 4
Hz, 30-50 Hz, 50-75 Hz, 75-100 Hz
28 RMS between the decreasing part of the signal Y(t)—1 (t)2, with Y: envelop of the signal
and I(t) = Yinew — tf{"tlffm t spectral featurees
29 Maximum of envelope -

Temporal features - Spectral

Averaging in window

30 Mean of the DFT DFT: discrete Fourier transform
31 Max of the DFT -
32 Frequency at the maximum of the DFT -
33 Frequency of spectrum centroid -
34 Central frequency of the first quartile -
35 Central frequency of the third quartile -
36 Median of the normalized DFT -

Continued on next page
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Table B2.1 - continued from previous page

Number  Description Formula

37 Variance of the normalized DFT -

38 Number of peaks (> 0.75DF T}, 4.) DFT,,,,: maximum of the DFT

39 Mean peaks value for peaks > 0.7 -

40-43 Energy in [04] NyF, [1 1] NyF, [1 3] NyF, [21]NyF [ ;. DFT(f)df, with fi, fa: considered fre-
quency ranges

44 Spectral centroid Y1 = 32, with my, mo: first and second moment

45 Gyration radius Yo = \/% , with mg3: third moment

46 Spectral centroid width v =V1+ 7%

Temporal features - Spectrogram

Averaging in window

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

Kurtosis of the maximum of all discrete Fourier
transforms (DFTs)

Kurtosis of the maximum of all DFTs as a function
of time t

Mean ratio between the maximum and the mean
of all DFTs

Mean ratio between the maximum and the me-
dian of all DFTs

Number of peaks in the curve showing the tem-
poral evolution of the DFTs maximum

Number of peaks in the curve showing the tem-
poral evolution of the DFTs mean

Number of peaks in the curve showing the tem-
poral evolution of the DFTs median

Ratio between 51 and 52

Ratio between 51 and 53

Number of peaks in the curve of the temporal
evolution of the DFTs central frequency

Number of peaks in the curve of the temporal
evolution of the DFTs maximum frequency
Ratio between 56 and 57

Mean distance between the curves of the tem-
poral evolution of the DFTs maximum frequency
and mean frequency

Mean distance between the curves of the tem-
poral evolution of the DFTs maximum frequency
and median frequency

Mean distance between the 1st quartile and the
median of all DFTs as a function of time

Mean distance between the 3rd quartile and the
median of all DFTs as a function of time

Mean distance between the 3rd quartile and the
1st quartile of all DFTs as a function of time

kurtosis[mazc(o, 7] (SPEC(t,f))], with SPEC(Z, f):
spectrogram as a function of time t
see 47

maz(SPEC) )

mean( mean(SPEC)

see 49

Spatial features

Averaging in window

Continued on next page
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Table B2.1 - continued from previous page

Number  Description Formula
64 Mean of the envelope of spatial trace -
65 Mean of the raw spatial trace -
66 Standard deviation of the envelope of spatial trace -
67 Standard deviation of the raw spatial trace -
68 Kurtosis of the envelope of spatial trace see 4
69 Kurtosis of the raw spatial trace see 4
70 Skewness of the envelope of spatial trace see 6
71 Skewness of the raw spatial trace see 6
72 Number of peaks of the auto-correlation function -
of spatial trace
73 Energy in the 1/3 around the origin of the auto- see 9
corr function of spatial trace
74 Energy in the last 2/3 of the autocorr function of  see 9
spatial trace
75 Ratio of 74 and 73 -
Standard deviation in window
76 Mean of the envelope of spatial trace -
77 Mean of the raw spatial trace -
78 Standard deviation of the envelope of spatial trace -
79 Standard deviation of the raw spatial trace -
80 Kurtosis of the envelope of spatial trace see 4
81 Kurtosis of the raw spatial trace see 4
82 Skewness of the envelope of spatial trace see 6
83 Skewness of the raw spatial trace see 6
84 Number of peaks of the auto-correlation function -
of spatial trace
85 Energy in the 1/3 around the origin of the auto- see 9
corr function of spatial trace
86 Energy in the last 2/3 of the autocorr function of  see 9
spatial trace
87 Ratio of 86 and 85 -

Similarity features

Averaging in window

88

89

90

91
92

Index of Maximum of cross-correlation function
computed for two consecutive stacks of temporal
trace

Maximum of cross-correlation function com-
puted for two consecutive stacks of temporal
trace

Similarity measurement of two consecutive
stacks of temporal trace provided from DTW
function

Integral of the DTW temporal distortion function’

Energy in the first third part of the auto-
correlation function of the DTW temporal distor-
tion function’

Continued on next page
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Table B2.1 - continued from previous page

Number  Description Formula

93 Energy in the remaining part of the auto- -
correlation function of the DTW temporal distor-
tion function’

94 Ratio of 93 and 92 -

95 Difference of 93 and 92 -

Standard deviation in window

96 Index of Maximum of cross-correlation function -
computed for two consecutive stacks of temporal
trace

97 Maximum of cross-correlation function com- -
puted for two consecutive stacks of temporal
trace

98 Similarity measurement of two consecutive -
stacks of temporal trace provided from DTW
function

99 Integral of the DTW temporal distortion function” -

100 Energy in the first third part of the auto- -

correlation function of the DTW temporal distor-
tion function’

101 Energy in the remaining part of the auto- -
correlation function of the DTW temporal distor-
tion function”

102 Ratio of 101 and 100 -

103 Difference of 101 and 100 -

Median in window

104 Index of Maximum of cross-correlation function -
computed for two consecutive stacks of temporal
trace

105 Maximum of cross-correlation function com- -
puted for two consecutive stacks of temporal
trace

106 Similarity measurement of two consecutive -
stacks of temporal trace provided from DTW
function

107 Integral of the DTW temporal distortion function” -

108 Energy in the first third part of the auto- -

correlation function of the DTW temporal distor-
tion function’

109 Energy in the remaining part of the auto- -
correlation function of the DTW temporal distor-
tion function’

110 Ratio of 109 and 108 =

111 Difference of 109 and 108 -

"DTW temporal distortion function corresponds to the estimated stretch to apply to points of a trace A to obtain a
trace closest to trace B.
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Appendix C

Paper: Unsupervised Learning for the
Comprehensive Exploration of
Continuous-DAS Data

C1 Viella Site Photo and Work Description

Appendix C1 provides a photo of the Viella site (Figure C1.1), and a photo of the fiber optic field
work, consisting in making a furrow with a hoe (Figure C1.2a) and then putting the fiber optic cable
inside the furrow (Figure C1.2b).
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F1GUure C1.2: Viella field work. (a) shows making a furrow with a hoe, (b) shows putting the fiber optic cable
inside the furrow.
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C2 t-SNE Vizualisation of the Produced Embeddings

Appendix C2 provides a t-SNE representation of the Pyrenees and Viella datasets with the EB thumb-
nails, using the human-engineered or image-BYOL latent space. These images help clarify the rela-
tionships between points in the t-SNE space.

1. Figure C2.1: Pyrenees dataset with the human-engineered latent space.
2. Figure C2.2: Pyrenees dataset with the image-BYOL latent space.
3. Figure C2.3: Viella dataset with the human-engineered latent space.

4. Figure C2.4: Viella dataset with the image-BYOL latent space.

Representation of t-SNE with classes encoded in color.
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Ficure C2.1: t-SNE representation of the Pyrenees dataset obtained with the human-engineered latent space.
The thumbnails correspond to the EB representation of the windowed signal.
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Ficure C2.2: t-SNE representation of the Pyrenees dataset obtained with the image-BYOL latent space. The
thumbnails correspond to the EB representation of the windowed signal.
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FIGURE C2.3: t-SNE representation of the Viella dataset obtained with the human-engineered latent space. The

thumbnails correspond to the EB representation of the windowed signal.
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FicUre C2.4: t-SNE representation of the Viella dataset obtained with the image-BYOL latent space. The thumb-
nails correspond to the EB representation of the windowed signal.
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C3 Several Examples of Cataloged Classes Using the Clusters
Produced with K-Means and Agglomerative Clustering
Appendix C3 provides several examples of data block cluster centers for each cataloged class. These

examples are obtained using the human-engineered latent space or the image-BYOL latent space.
The examples are provided for the Pyrenees and Viella datasets.

1. Figure C3.1: Pyrenees dataset with the human-engineered latent space.
2. Figure C3.2: Pyrenees dataset with the image-BYOL latent space.
3. Figure C3.3: Viella dataset with the human-engineered latent space.

4. Figure C3.4: Viella dataset with the image-BYOL latent space.
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@ Noise

@ Anthropogenic
Vehicles

@ Anthropogenic
Continuous

@ Anthropogenic
Impact

@ Natural
Earthquake

j

FIGURE C3.1: Cataloged cluster for the Pyrenees datasetj with clu

. ; ~

stering obtained using the human-engineered

latent space. 5 classes are distinghuishable: (a) noise, (b) anthropogenic vehicles, (c) anthropogenic continuous

events, (d) anthropogenic impact events, and (e) earthquakes or quarry blasts.
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FIGURE C3.2: Cataloged cluster for the Pyrenees dataset, with clustermg obtained using the lmage—BYOL latent

space. 5 classes are distinghuishable: (a) noise, (b) anthropogenic vehicles, (c) anthropogenic continuous events,
(d) anthropogenic impact events, and (e) earthquakes or quarry blasts.
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FIGURE C3.3: Cataloged cluster for the Viella dataset, with clustering obtained using the human-engineered
latent space. 5 classes are distinghuishable: (a) noise, (b) anthropogenic vehicles, (c) anthropogenic continuous
events, (d) anthropogenic impact events, and (e) earthquake.
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FIGURE C3.4: Cataloged cluster for the Viella dataset, with clusterlng obtalned using the lmage—BYOL latent
space. 5 classes are distinghuishable: (a) noise, (b) anthropogenic vehicles, (c) anthropogenic continuous events,
(d) anthropogenic impact events, and (e) earthquake.
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Résumé Etendu de These de Doctorat

Camille Huynh

Soutenance du 11 Février 2025

1 Introduction

1.1 Composition et familles d’instruments sismologiques

Un instrument sismologique se compose généralement de deux éléments essentiels : un capteur
et un systéeme de traitement des données (appelé aussi numériseur). Le capteur a pour rdle de
détecter les variations des propriétés physiques du sol, telles que les vibrations. Ces signaux, pouvant
étre sous différentes formes (optique, mécaniques, électriques, etc.) sont ensuite traités par le systeme
de traitement des données, qui transforme ces signaux en informations exploitables, comme les
amplitudes et les fréquences des vibrations du sol. Un instrument sismologique est défini comme
passif s’il n’est pas alimenté par une source d’énergie externe, ou actif s’il nécessite une batterie ou
une autre source d’énergie. Les sismometres large bandes, les accéléromeétres, les géophones ainsi
que les systemes de détection acoustique distribuées (Distrubuted Acoustic Sensing (DAS) en
anglais) sont parmi les instruments sismologiques les plus utilisés, et entre tous dans la catégorie des
instruments actifs. Dans ce résumé, nous nous intéressons en particulier aux systémes de détection
acoustique distribuées.

1.2 Fondamentaux sur la mesure par fibre optique

Dans un systéme de détection acoustique distribuée, le capteur et le numériseur sont disso-
ciés. Le capteur est la fibre optique (FO), qui peut s’étendre sur plusieurs dizaines voire centaines
de kilométres, tandis que le numériseur, appelé interrogateur DAS, est connecté a une extrémité
de la fibre optique (FO). Lors de la mesure, I'interrogateur émet des impulsions laser répétées. Ces
impulsions se propagent dans la fibre et une fraction de la lumiére est continuellement rétrodiffusée
en raison des impuretés naturelles du verre. Lorsqu’une perturbation, comme une vibration, affecte
la fibre, les impuretés se déplacent légérement, modifiant la phase de la lumiere rétrodiffusée. En
analysant cette rétrodiffusion de Rayleigh, nous pouvons extraire le taux de déformation (Strain
Rate, SR).

Le calcul du SR a partir des données optiques repose sur deux parametres : la longueur de
jauge (Gauge Length, GL) et le temps de dérivation (Derivation Time, DT). La GL détermine
la distance sur laquelle les déformations sont moyennées, affectant la résolution et le bruit : une GL
plus courte détecte des déformations sur de courtes distances mais augmente le bruit, tandis qu'une
GL plus longue améliore la stabilité du signal mais réduit la résolution. En pratique, GL est choisie
pour dépasser la moitié de la plus courte longueur d’onde sismique anticipée (Dean et al., 2017). La
DT, quant a lui, détermine la capacité a capturer des ondes sismiques a haute fréquence : un DT
plus court permet de détecter des ondes plus rapides, mais avec un rapport signal sur bruit (SNR)
moins favorable. En sismologie, DT détermine la fréquence maximale mesurable, avec une fréquence
de coupure correspondant a l'inverse de DT. Le choix de la DT doit aussi prendre en compte que
I’atténuation commence a distordre le signal a une fréquence plus faible appelé fréquence de coin.
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1.3 Quelques exemples de sources sismogéniques

Les instruments FO-DAS sont sensible aux ondes sismiques émises par différentes sources. Dans
I’état de I'art, nous pouvons citer des applications pour la détection des événements sismiques sui-
vants :

— Les tremblements de terre, ou séismes, représentent les événements sismogéniques natu-
rels les plus fréquemment observés. Selon leur profondeurs et leur puissance, ils peuvent étre
détectés jusqu’a plusieurs miliers de km de I’épicentre (Engdahl et al. 1998).

— Les événements sismogéniques d’origine volcanique peuvent s’exprimer sous plusieurs
formes. En effet, les signaux sismiques peuvent provenir de sources différentes, allant de I'in-
trusion du magma dans la roche et sa fracturation pour les événements volcano-tectoniques
(Aki et al. 1977), la libération de gaz et de magma par le volcan pour les explosions volcaniques,
le mouvement continu du magma proche de la surface pour les tremors volcaniques ou encore
la génération de signaux hydroacoustiques pour le volcanisme sous-marin.

— Les événements sismogéniques d’origine environnementale regroupent les autres sources
sismogéniques, tels que celle générées par les glissements de terrain, les mouvements gla-
ciaires et les vibrations causées par des facteurs météorologiques ou les changements cli-
matiques. Pour I'étude des grands événements, des réseaux sismiques permanents ou semi-
permanents programmables peuvent étre utilisés (Aster et al. 2017 ; Whiteley et al. 2019). Pour
des sites spécifiques, tels qu'un glissement de terrain, un glacier, une riviére ou un bassin ver-
sant, une surveillance in situ peut étre réalisée a ’'aide de réseaux de géophones portables (Teja
etal. 2014 ; Martinez et al. 2017 ; Provost et al. 2018). Les instruments FO-DAS sont adaptés aux
deux approches, car ils offrent des données continues en temps réel avec une haute résolution
spatiale.

— Les événements sismogéniques d’origine anthropique contiennent tous les événements
d’origine humaine. Ces sources peuvent étre liés aux activités industrielles (extraction de blocs
de pierre par tirs de carriere, fracturation hydraulique, géothermie, etc.) ou aux activités quoti-
diennes (circulation automobile, ferrée, déplacement de piétons, travaux de construction tiers,
survol d’hélicopteres, etc.). Bien que non systématique, ces sources se distinguent souvent par
la présence de fréquences harmoniques caractéristiques dans leur comportement fréquentiel.

1.4 Avantages et inconvénients identifiés de la mesure FO-DAS

Les différentes études sismiques menées avec I'instrument FO-DAS mettent en évidence son po-
tentiel d’application, tout en soulignant également certaines de ses limites. Parmi les avantages, nous
pouvons citer la haute résolution spatiale des mesures fibre, utile par exemple dans I'observa-
tion de la microsismicité dans différents contexte géophysiques (Williams et al. 2019, Klaasen et al.
2021), la réutilisabilité de la fibre télécom pour de la mesure sismique en particulier dans le
cas d’observation post-séisme (Li et al. 2021), I'utilisation de fibre optique pour de la surveillance
sismique dans des zones difficiles d’acces, par exemple pour observer le volcanisme sous-marin
(Caudron et al. 2024), ou encore la résistance de la fibre optique aux conditions extrémes, tres
utile pour 'observation des volcans pour la surveillance des coulées pyroclastiques (Métaxian et al.
2024).

Parmi les limites souvent relevées, la sensibilité unidirectionnelle est citée, en particulier
pour la réalisation de profils sismiques verticaux pour la surveillance de puits (Kuvshinov 2016,
Wuestefeld et al. 2019). Le volume de donnée générée représente également un challenge pour des
mesures sur de longues périodes, par exemple lors de I'observation de glaciers (Hudson et al. 2021).
Le couplage de la fibre optique avec le sol est également important afin d’assurer une bonne
sensibilité des mesures sismiques, notamment parce que le niveau de bruit est plus important
que lors de mesures avec géophones.
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1.5 Les techniques de traitement de signal

Le bruit instrumental désigne les facteurs environnementaux externes qui perturbent le fonc-
tionnement normal de l'instrument, notamment les fluctuations électriques et les vibrations sur
I’équipement. Pour les données FO-DAS, sa réduction repose principalement sur la technique de
réduction de mode commun, qui consiste a soustraire la moyenne du signal calculé le long de la
fibre a chaque instant de mesure. Cette méthode permet d’atténuer les effets de bruit systématique
et de mieux isoler les signaux d’intérét.

Afin de détecter des événements, il existe différentes méthodes de traitement de signal. Parmi
les plus utilisées, nous retrouvons les méthodes suivantes :

— STA/LTA : La technique STA /LTA consiste a comparer la moyenne du signal sur une fenétre
temporelle courte avec celle d'une fenétre beaucoup plus longue, permettant ainsi de mettre en
évidence des événements transitoires en détectant des changements dans le rapport STA /LTA.
Enl’absence d’événement, ce rapport est d’environ 1. Lors du début d’un événement, il devient
supérieur a 1, et a la fin de I'événement, il tend a descendre en dessous de 1.

— Data stacking (ou méthode d’empilement des signaux) : La méthode d’empilement consiste
a moyenner plusieurs traces sismiques du méme événement provenant de canaux différents
dans le cas des données FO-DAS. Cette méthode permet de réduire le bruit aléatoire dans
la donnée et d’améliorer la détection d’événements faibles, comme les petits séismes ou les
signaux environnementaux.

— Filtrage : Les techniques de filtrage permettent d’améliorer la qualité des données sismiques
en isolant certaines plages de fréquences.

— Template matching : Le template matching permet de comparer un signal sismique avec un
signal de référence afin d’identifier des motifs similaires.

— Spectre : Le spectre est une représentation du signal sismique qui montre comment son éner-
gie ou sa puissance se répartit sur différentes fréquences. Il permet d’identifier les composants
harmoniques et les motifs caractéristiques des sources sismogenes, et peut étre utilisé pour
distinguer différents événements tels que des séismes, des explosions ou du bruit anthropique.

— Spectrogramme : Le spectrogramme est une représentation de I’énergie ou de la puissance du
signal suivant les axes temps-fréquence qui montre comment le contenu fréquentiel du signal
évolue dans le temps. Il est utile pour détecter des signaux transitoires comme les séismes et
suivre leur évolution en identifiant 'origine, la durée et le contenu fréquentiel des événements
sismogenes.

— Bande d’énergie (EB) : La bande d’énergie (EB) d’un signal sismique correspond a I'intégra-
tion du spectre sur une plage de fréquences fixe. Cette analyse permet de détecter certaines
sources sismiques caractérisées par un contenu fréquentiel particulier, ainsi que d’évaluer
I'énergie produite par la source.

Les outils classiques d’exploration des données, tels que STA/LTA, le stacking, le filtrage, et
I’analyse spectrale, sont utiles pour détecter et caractériser les événements sismogenes, mais né-
cessitent souvent une combinaison avec d’autres techniques et un ajustement fin des parametres
pour obtenir des résultats fiables. L'intelligence Artificielle (IA) permet d’intégrer ces outils de
maniere flexible et automatisée, en utilisant des parametres définis par 'utilisateur, ce qui améliore
la précision de 'analyse sismique tout en réduisant I'intervention manuelle.
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1.6 L’Intelligence Artificielle
1.6.1 Généralités

L’intelligence artificielle (IA) repose sur des modeles statistiques capables d’apprendre a partir
de données, en identifiant par exemple des motifs, pour effectuer des prédictions ou prendre des
décisions. Ces modeles s’appuient sur un espace latent, une représentation intermédiaire construite
a partir d’attributs (features en anglais). Ces attributs peuvent étre soit définies manuellement,
comme en Machine Learning (ML), soit apprises automatiquement, comme en Deep Learning
(DL). Le DL, grace a l'utilisation de réseaux neuronaux profonds, automatise la construction de
I'espace latent en transformant progressivement les données brutes dans ses couches cachées pour
extraire des attributs pertinentes pour la tache visée. Cette approche nécessite cependant un grand
volume de données pour I'entrainement et rend l'interprétation des résultats plus difficile.

L’intelligence artificielle (IA) regroupe des algorithmes adaptés a quatre grandes catégories de
taches : la prédiction, 'exploration, I'auto-apprentissage et les taches basées sur I'interaction. Pour
la prédiction, les algorithmes supervisés, comme les foréts aléatoires ou les machines a vecteurs
de support, utilisent des données étiquetées pour effectuer des taches de régression ou de classifi-
cation. Les approches semi-supervisées et le transfert de connaissances permettent d’exploiter des
données partiellement étiquetées ou des modeles pré-entrainés. L’exploration utilise des méthodes
non supervisées, telles que le clustering (K-means, clustering hiérarchique, DBSCAN) ou la réduction
de dimensionnalité (Analyse en Composante Principale, t-SNE), pour simplifier les représentations
des données. L’auto-apprentissage (self-supervised learning en anglais) crée des pseudo-étiquettes
pour extraire a partir de la donnée brute des caractéristiques complexes de facon autonome. Dans
cette catégorie de modele, nous pouvons citer BERT pour le traitement du langage naturel ou BYOL
pour la construction d’espaces latents. Enfin, les taches d’interaction sont apprises grace a I’ap-
prentissage par renforcement, dans lequel les modeles s’améliorent en interagissant avec leur envi-
ronnement et en ajustant leurs actions en fonction des récompenses ou des pénalités recues.

1.6.2 Exemples d’application en sismologie

L’IA trouve de nombreuses applications en sismologie et pour les données FO-DAS, notamment
dans les domaines du prétraitement, de la classification et de 'exploration des données. En pré-
traitement, des approches comme les réseaux de neurones convolutifs (CNN) sont utilisées pour
réduire le bruit et améliorer le rapport signal/bruit dans les données FO-DAS (Yang et al. 2023).
Des techniques d’apprentissage auto-supervisé, telles que celles exploitant plusieurs cables a fibre
optique (Lapins et al. 2024), offrent également des solutions innovantes pour le débruitage. Pour la
détection des événements sismiques, des modéles supervisés comme PhaseNet (Zhu et al. 2019)
identifient automatiquement les phases P et S, tandis que des approches non supervisées, telles que
le clustering flou, permettent de détecter des micro-séismes en présence de bruit de fond important
(Chen et al. 2020).

L’exploration des données par IA s’illustre par des techniques non supervisées, qui identi-
fient des motifs cachés dans les signaux sismiques. En volcanologie, ces méthodes sont appliquées
pour classifier les phases d’activité volcanique (Hammer et al. 2012), étudier les tremblements liés a
la viscosité du magma (Unglert et al. 2017), et regrouper les événements similaires pour surveiller
les processus sismiques ou volcaniques (Yoon et al. 2015; Cesca et al. 2020). Des approches auto-
supervisées permettent également d’identifier de nouvelles séquences dans les processus éruptifs
(Rimpot et al. 2025). Dans le cas des glissements de terrain, le clustering aide a identifier des com-
portements sismiques spécifiques, parfois précurseurs d’effondrements (Seydoux et al. 2020). Pour
les données FO-DAS, bien que les études soient encore limitées, des avancées sont réalisées, comme
I'utilisation de ces instruments pour analyser les signaux acoustiques d’émissions de bulles volca-
niques (Caudron et al. 2024), ouvrant de nouvelles perspectives pour I’analyse et la compréhension
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des événements sismogéniques.

1.7 Les challenges et objectifs de la these

Appliquée a de la mesure sismique, 'instrument FO-DAS offre plusieurs avantages tels qu'une
haute résolution spatiale, un cott réduit, une facilité de déploiement et une grande résilience dans
des conditions environnementales difficiles. Cependant, des défis demeurent, notamment les vo-
lumes massifs de données générées, le bruit de fond élevé et la sensibilité a diverses sources de bruit,
ce qui complique son utilisation dans certains contextes de surveillance. Des solutions permettent de
corriger partiellement ces défauts, par exemple le traitement du signal pour réduire le bruit, ’analyse
des formes d’onde et des fréquences pour identifier les événements, ou encore ['utilisation d’algo-
rithmes d’intelligence artificielle pour la sélection des sources et la gestion du volume de données.
Dans nos travaux, nous souhaitons adopter une approche Machine Learning (ML) afin de travailler
avec des modeéles facilement explicables. Les différents challenges soulevés permettent d’identifier
trois questions scientifiques :

— Comment les méthodes de traitement existantes peuvent-elles étre adaptées pour gé-
rer les données en temps réel tout en prenant en compte la nature spatiale distribuée
des données FO-DAS dans la chaine de traitement?

— Comment intégrer les caractéristiques uniques des données FO-DAS dans les algo-
rithmes d’apprentissage automatique, notamment I’analyse des formes d’onde spa-
tiales des données sismiques?

— Comment créer plus efficacement des ensembles de données pour ’entrainement des
modeéles de machine learning, surtout lorsqu’il s’agit de traiter de grands volumes de
données continues couvrant plusieurs saisons ou années ?

Afin de répondre a ces questions, nous formulons trois hypotheses :

— HO : Nous préférons utiliser les techniques de ML plutdt que de DL pour U'interprétabilité des
modeles.

— H1:Nous avons choisi d’adopter une approche de flux de données, en construisant nos chaines
de traitement autour de ce concept.

— H2 : Bien que nous nous concentrions sur les applications en temps réel, nous privilégions
les questions concernant les avantages de 'utilisation de nouveaux attributs dans le processus
de classification, plutot que la réduction du temps de calcul de ces attributs. Nous permettons
également le traitement des données sur des systemes de calcul haute performance (HPC).

— H3 : Pour 'étiquetage a long terme, nous visons a éviter 1'étiquetage manuel événement
par événement. Cependant, nous autorisons une intervention sur quelques événements ou
groupes d’événements dans le processus d’étiquetage afin de garantir la qualité des données
d’entrainement.

1.8 Plan de thése

— Solution 1 : Chaine de traitement pour la détection et classification des événements
en temps réel
Nous développons une chaine de traitement complete des données FO-DAS pour la détection
et la classification des événements en temps réel. Nous utilisons des techniques de ML issues
de travaux réalisés en sismologie conventionnelle. La chaine inclut en plus un traitement de
la cohérence spatiale des données, utilisant des champs aléatoires de Markov pour prendre en
compte les dépendances spatiales. Nous testons la chaine de traitement sur un jeu de données
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du centre d’essai FEBUS Optics, contenant des événements anthropiques. Cela est abordé dans
la Section 2.

— Solution 2 : Intégration des attributs spatiaux dans le processus ML
Dans cette étape, nous incorporons les attributs spatiaux des données FO-DAS et les relations
entre les capteurs virtuels dans le modéle ML. Nous appliquons cette méthode sur un jeu
de données DAS acquis sur le terrain. Le jeu de données consiste en des données provenant
d’une fibre optique de 91 km dans les Hautes-Pyrénées, contenant a la fois des événements
sismogenes naturels et des événements anthropiques. Cela est discuté dans la Section 3.

— Solution 3 : Optimisation de I’étiquetage des ensembles de données

Nous concevons une méthode pour simplifier la création d’ensembles de données d’entrai-
nement pour 'acquisition FO-DAS. Cela implique le regroupement des données FO-DAS si-
milaires, réduisant ainsi le besoin d’'un étiquetage manuel événement par événement. Nous
testons cette méthode sur un jeu de données acquis dans les Hautes-Pyrénées et sur le glisse-
ment de terrain de Viella, comprenant des événements sismogeénes naturels, des événements
anthropiques liés a I’agriculture quotidienne, et d’autres événements anthropiques. Cela est
présenté dans la Section 4.
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2 Classification de Données Acquis par Fibres Optique al’Aide
d’Attributs Issues de Travaux Menés en Sismologie Conven-
tionnelle

2.1 Introduction

L’utilisation des capteurs distribuées acoustiques a fibre optique (Distributed Acoustic Sensing,
DAS) pour la surveillance sismique a ouvert de nouvelles perspectives pour 'observation des phé-
nomenes naturels et anthropiques. Cependant, ’analyse automatique des données FO-DAS reste
un défi pour plusieurs raisons : d’abord en raison du volume des données générées, puisqu’on dis-
pose virtuellement d'un grand ensemble de capteurs ponctuels, mais aussi parce que les données
sismiques acquises avec les instruments FO-DAS sont plus bruitées que leur équivalent acquis avec
des géophones. Dans ce contexte, il est nécessaire de développer une chaine de traitement spécifique.
Un des éléments-clé concerne l'utilisation d’attributs adaptés dans le but d’appliquer des algorithmes
de Machine Learning (ML).

Dans cette section, nous présentons notre chaine de traitement, qui utilise des attributs ayant
permis de classer des signaux sismiques provenant de sismometres conventionnels (Hibert et al.
2014; Hibert, Provost et al. 2017; Hibert et al. 2019; Maggi et al. 2017 ; Provost et al. 2017 ; Chmiel
et al. 2021; Domel et al. 2023). Nous introduisons également une étape de pré-traitement avant
I'utilisation du ML afin de préparer la donnée et une étape de post-traitement suite au ML utilisant
un algorithme de Markov Random Field (MRF) pour améliorer la classification. Cette derniere étape
utilise la redondance spatiale des signaux sismiques pour maintenir la cohérence de la classification
et réduire I'impact du bruit. Nous évaluons les performances de cette chaine de traitement sur des
données collectées au centre d’essai FEBUS Optics dans un environnement contro6lé, en particulier
des événements sismiques générés au-dessus une tranchée de 22 metres de long.

2.2 Données

Les données utilisées pour cette étude ont été collectées dans un environnement contrdlé au
centre d’essais FEBUS Optics. Il s’agit d'une tranchée de 22 m dans laquelle est installée un cable a
fibre optique effectuant des aller-retours dans différentes configurations : différentes profondeurs,
différents types de fibres (mono-mode, multi-mode), différents couplage entre la fibre et le cable
(loose/tight), et avec ou sans protection pour la gaine de cable.

Pour notre simulation, les signaux sont mesurées et filtrées par un filtre passe-bas avec une
fréquence de coupure de 100 Hz et un sous-échantillonnage. La GL est choisie égale a 5 m avec
un échantillonnage spatial de 80 cm. La base de données comprend six types de sources sismiques
d’événements anthropiques, constitué chacun d’un certain nombre d’événements :

— Mouvement piéton : Marche d’une personne le long de la fibre. 15 occurrences.

— Impact ou chute d’objets : Chute d’objets ou impact généré avec un marteau sur un bloc en
métal. 48 occurrences.

— Compacteur : Fonctionnement d’'un compacteur a proximité de la fibre. 5 occurences.
— Pelle mécanique : Mouvements d’'une pelle mécanique. 10 occurences.
— Fuite d’eau/d’air : Simulation d’une fuite a haute pression. 11 occurences.

— Bruit : Absence d’événement sismique d’intérét.

Parce que chacun de ces événements est mesuré par différentes types de fibres répartis dans la
tranchée, et que chacun des événements mesurés est également découpé par fenétre temporelle de 4
s avec un recouvrement de 50%, le nombre de signaux constituant la base de donnée (appelé unité de
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signal) est bien plus importante que le nombre d’occurrence simulé (appelé nombre d’événement).
La Table 1 donne ces valeurs.

TaBLE 1 — Occurrences d’événements pour chaque classe considérée dans la base de données.

Type d’événement Nombre Nombre de Nombre d’unités de
d’événements’ sous-événements ' signal*

Marche de piéton 15 244 254 129

Impacts ou objets 48 1,017 344 609

tombants

Pelle mécanique 10 195 220 313

Compacteur 5 114 57 516

Fuites 11 239 548 185

" Un événement regroupe tous les signaux émis par une méme source sismique.
TUn sous-événement regroupe tous les signaux mesurés sur une méme portion de fibre de 22
m. *Une unité de signal correspond a une fenétre de 4 s prise en un point de la fibre.

2.3 Meéthodes

La chaine de traitement développée se compose de trois étapes principales : pré-traitement,

classification, et post-traitement. La Figure 1 représente la chaine de traitement avec les étapes
de classification et de post-traitement.
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FIGURE 1 — Chaine de traitement.

2.3.1 Pré-traitement

Le pré-traitement vise a améliorer la qualité des données brutes en éliminant les artefacts ins-

trumentaux et en découpant les signaux mesurées a ’aide de fenétres temporelles adaptées pour
I’analyse en flux. Deux opérations importantes sont effectuées :

— Suppression du mode commun : Cette étape élimine les perturbations globales affectant

I’ensemble de la fibre, comme les vibrations induites sur le systeme d’acquisition ou des arte-
facts dus au systéme d’acquisition.
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— Découpage en flux : Les données sont divisées en fenétres temporelles de taille fixe, afin
d’imiter I'acquisition des données FO-DAS en temps quasi réel. Chaque fenétre est analysée
indépendamment par I’algorithme de classification.

2.3.2 Classification

La classification repose sur 'extraction d’attributs temporels dérivés de la littérature en sismo-
logie conventionnelle (Bessason et al. 2007, Provost et al. 2017, Hibert et al. 2019). Ces 53 attributs
peuvent étre regroupés en 3 catégories :

— Descripteurs temporels : Par exemple la durée du signal, 'amplitude maximale, 1’énergie
cumulée.

— Descripteurs fréquentiels : Le contenu spectral, par exemple la fréquence dominante dans
le signal, I'énergie entre différentes bandes de fréquences.

— Descripteurs de I’évolution fréquentielle en fonction du temps : Le changement de
contenu spectral en fonction du temps, par exemple la variation de la fréquence maximale,
la moyenne ou la médiane en fonction du temps.

Ces attributs sont utilisées pour construire un espace latent représentant chacune des fenétres de
données. Cet espace est ensuite utilisé en entrée de I’algorithme de classification supervisée appelé
forét aléatoire (Breiman, 2001) (Random Forest (RF) en anglais), qui attribuent une classe a chaque
fenétre. RF se base sur l'utilisation d’un grand nombre d’arbre de décision utilisés en parallele, et
dans lequel chaque arbre est entrainé sur un jeu de donnée réduit et avec des attributs sélectionnés
aléatoirement. RF est capable de fonctionner malgré la présence d’attributs peu significatifs dans le
processus de classification, ainsi que de quantifier I'importance de chacun des attributs. RF est aussi
utilisé pour sa capacité a estimer un score de classification pour chaque donnée présentée en entrée.
Le jeu de donnée est divisé en un jeu d’entrainement et un jeu de test, chacun contenant 50% du
dataset initial, et le jeu de donnée d’entrainement est augmenté avec 'algorithme SMOTE (Chawla
et al. 2002) afin d’équilibrer le nombre d’unité de signal dans chaque classe.

2.3.3 Post-traitement

Le post-traitement vise a intégrer la cohérence spatiale des données FO-DAS en considérant
I'existence d’une redondance d’information entre des canaux adjacents. L’algorithme Markov Ran-
dom Field (MRF) permet de considérer deux parametres : le score de classification fourni en sortie
de RF et la composition de la classification des canaux adjacents.

2.4 Résultats

Les résultats obtenus montrent une précision globale de classification de 87 %, avec une améliora-
tion de 4 % grace a I'intégration de la redondance spatiale via le MRF (précision initiale de 83 %). Les
performances varient légeérement selon les classes, les fuites d’eau et d’air étant les plus facilement
détectées en raison de leur signature acoustique distincte, tandis que les mouvements de piétons
et les impacts mécaniques sont plus difficiles a différencier. Ces résultats illustrent l'efficacité de
I'approche dans un environnement controlé. Les tests effectués sur des données simulées montrent
également que le systeme est capable de traiter les signaux en flux, confirmant son potentiel pour
une application en temps réel.

2.5 Discussion et Conclusion

Les résultats obtenus au centre d’essais FEBUS Optics sont prometteurs et montrent que les
attributs issues de la sismologie conventionnelle peuvent étre adaptées a I’analyse des données FO-
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DAS. Cependant, plusieurs limitations doivent étre soulignées :

1. Environnement controlé : La tranchée de 22 meétres et les conditions de test simplifiées ne
refletent pas la complexité des environnements réels, ou les événements sismiques se super-
posent souvent a des bruits environnementaux variés.

2. Non-exhaustivité des attributs : Les 53 attributs utilisées ne capturent que partiellement la
richesse des signaux acquis avec les instruments FO-DAS. Seuls la forme du signal temporel et
les relations de redondance d’information avec les canaux adjacents sont considérés. Le forme
du signal spatial n’est pas étudiée dans cette étude.

Ces limites mettent en évidence la nécessité de développer des attributs supplémentaires pour
représenter la dimension spatiale des signaux FO-DAS et mieux capturer les relations entre canaux.
Une approche testée dans des conditions réelles avec une fibre de plus grande longueur est égale-
ment essentielle pour valider la robustesse de la chaine de traitement. En conclusion, cette section
constitue une premiere étape importante dans le développement puis le déploiement d’une chaine
de traitement supervisée pour les données FO-DAS. Les résultats obtenus fournissent une base so-
lide pour des travaux futurs, qui porteront en particulier sur 'intégration d’attributs spatiaux et
I’évaluation dans des environnements plus complexes.
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3 Intégration des Spécificités de la Donnée DAS dans le Pro-
cessus de Classification

3.1 Introduction

L’analyse des données sismiques collectées a I’aide des instruments FO-DAS présente des défis
uniques, principalement en raison de la densité et de la redondance des données générées. Contrai-
rement aux réseaux sismiques conventionnels, ou chaque station agit comme un capteur individuel,
les données FO-DAS exploitent les fibres optiques comme des réseaux de capteurs uniformément
distribués, introduisant une dimension spatiale potentiellement intéressante a exploiter. Bien que
les attributs utilisées dans I’étude précédente (Section 2) ait montré son efficacité dans un contexte
controlé, elles ne capturent pas pleinement les relations spatiales contenues dans les données FO-
DAS.

Cette section propose d’'intégrer les spécificités des données FO-DAS dans la chaine de traitement
en enrichissant I’étape de classification avec de nouveaux attributs. Nous testons cette approche sur
une fibre optique de 91 km déployée dans les Pyrénées, en utilisant des données acquises sur trois
semaines et annotées a I’aide du catalogue mis a disposition en ligne sur le site du BCSF-RENASS.

3.2 Données

La fibre optique utilisée pour cette étude s’étend sur une longueur de 91 km dans la région des
Hautes-Pyrénées, en France. Cette fibre est un cable de télécommunication standard, enterré a des
profondeurs variables, longeant et traversant diverses zones a comportement sismiques particuliers,
telles que des routes, des zones urbaines, des champs agricoles, et des formations rocheuses. Cette
configuration offre un cadre idéal pour tester I'efficacité des nouveaux attributs dans des environ-
nements divers et complexes.

Les données ont été enregistrées a 'aide d’un interrogateur DAS produit par FEBUS Optics, le
FEBUS A1-R DAS, avec la configuration suivante : la GL est fixée a 10 m, et la donnée est acquise
avec une fréquence d’échantillonnage de 400 Hz durant trois semaines consécutives, entre le 30 aott
et le 20 septembre 2022. L’échantillonnage spatial est de 4.8 m, ce qui correspond a I’équivalent de
18 958 canaux le long de la fibre optique. Au total, le volume de ce jeu de donnée est de 40 To.

Les premiéres observations de ce jeu de donnée indique la présence d’'un nombre important
d’événements anthropiques le long de la fibre, ce qui complique I'identification visuelle des séismes
de faible magnitude. Afin de constituer notre jeu de données de tremblements de terre et de tirs de
carrieres, nous avons utilisé le service internet mis a disposition par le "Bureau Central Sismologique
Francais" (BCSF) et le "Reseau National de Surveillance Sismique" (RENASS) qui répertorie les évé-
nements sismiques détectés et catalogués par les réseaux de sismometres présents dans cette zone
géographique. Avec l'aide du service fourni par le service internet du BCSF-RENASS, nous avons
pu identifier visuellement 13 tremblements de terre de faible magnitude (0.4 < Mw < 2.4), ainsi 6 tirs
de carriére. Ces 19 événements, contenu dans des enregistrements FO-DAS de 10 minutes chacun,
représentent un volume de 206 Go. Ils constituent notre jeu de donnée.

3.3 Meéthodes
3.3.1 Identification visuelle des événements

Afin d’identifier visuellement les événements sismiques sur les enregistrements FO-DAS, nous
avons utilisé la représentation appelée représentation en bande d’énergie (Energy Band (EB) en
anglais). Pour ce jeu de donnée, nous calculons I'intégrale de la transformée de Fourier du signal
sismique sur I'’ensemble de a plage de fréquence disponible (jusqu’a 100 Hz) et sur une durée de 2 s
avec un taux de recouvrement de 75%.
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3.3.2 Chaine de traitement

La chaine de traitement développée dans cette Section conserve les trois étapes principales dé-
crites a la Section 2 (pré-traitement, classification, post-traitement), mais enrichit I'étape de
classification avec des attributs congus afin de prendre en compte les spécificités spatiales et les re-
lations canal-a-canal des données FO-DAS. La Figure 2 représente la chaine de traitement avec les
étapes de classification et de post-traitement.

Pré-traitement

Le pré-traitement comprend :

— Suppression du mode commun : Cette étape élimine les perturbations globales affectant
I’ensemble de la fibre, comme les vibrations induites sur le systeme d’acquisition ou des arte-
facts dus au systeme d’acquisition.

— Découpage en flux : Les données sont divisées en fenétres de taille en temps et en distance
adapté (tyin, dwin).- Chacune de ces fenétre sert de base pour le systéeme de classification.

Extraction des attributs et classification

En complément des 57 attributs issues de la sismologie conventionnelle et utilisé dans la Section
2, nous avons introduit 54 nouveaux attributs pour exploiter les spécificités des données FO-DAS.
Ces nouveaux attributs entrent dans les deux catégories suivantes :

— Attributs spatiaux : Par exemple la moyenne, écart-type et pic de 'amplitude sur des fenétres
spatiales définies.

— Attributs de similarité : Analyse de la corrélation croisée entre les canaux adjacents pour
capturer les relations trace-a-trace, ainsi que de la fonction de déformation dynamique du
temps (Dynamic Time Warping (DTW) en anglais).

Ces 111 attributs permettent de construire un espace latent enrichi plus exhaustif pour caractériser
la donnée FO-DAS.

Nous utilisons le modéle de ML supervisé XGBoost (Chen et al. 2016) pour classifier les fenétres
de données dans cet espace latent. XGBoost se base sur l'utilisation d’'un grand nombre d’arbre de
décision utilisés séquentiellement (boosting), et dans lequel chaque arbre est entrainé sur des don-
nées mal classifiées par 'arbre précédent. XGBoost est capable de fonctionner malgré la présence
d’attributs peu significatifs dans le processus de classification, ainsi que de quantifier I'importance
de chacun des attributs. XGBoost est aussi utilisé pour sa capacité a estimer un score de classification
pour chaque donnée présentée en entrée. Les performances de I’algorithme entrainé sont évalués
en utilisant la validation croisée de type "leave-one-out" (Leave-One-Out Cross-Validation (LOOCV)
en anglais) : nous ne gardons pour le test qu'un événement (parmi les 19 du jeu de donnée) et nous
entrainons I'algorithme avec le reste; et nous répétons cela pour chacun des événements. Chacun
des algorithmes entrainés peut étre évalué en calculant le score F1.

Post-traitement
Un premier post-traitement consiste a extraire une premiere carte de segmentation de la donnée
en appliquant un seuil sur la carte de score. Le modele de MRF introduit a la Section 2 a été utilisé

suite a ce premier post-traitement pour intégrer des informations de cohérence spatiale et réduire
les erreurs de classification.
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FIGURE 2 - Chaine de traitement. Les données SR (a) sont introduites dans un modéle d’appren-
tissage automatique, produisant une carte de scores par classe (b). Les points avec une valeur de
score supérieure a 0,95 sont conservés et produisent une carte de classification (c). Un algorithme
de post-traitement, basé sur les Champs de Markov Aléatoires (MRF), est appliqué sur la carte de
classification pour réduire le bruit (d). N fait référence a la classe de bruit, EQ aux tremblements de

terre, et OB aux explosions de carriére. Pour simplifier la représentation, la carte de scores repré-
sentée ici correspond a la somme des classes non bruitées.
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3.4 Résultats
3.4.1 Choix de la taille de fenétre pour le découpage en flux de la donnée FO-DAS

Afin de choisir la dimension des fenétres pour la construction des données en flux (tyin, dwin),
nous comparons le score F1 pour plusieurs couples de taille de fenétre ({,in, dwin). En effectuant
pour I'ensemble des couples formés avec les longueurs de fenétres [100, 250, 500, 750, 1000, 1250,
1500, 2000] m et durées de fenétres [4, 8, 12, 16, 20] s, nous trouvons que le meilleur couple (£,
din) est (1000 m, 8 s), avec lequel nous obtenons un score F1 de 0.69.

3.4.2 Performance de la classification

En utilisant la méthode de validation croisée LOOCV, et parmi les 19 événements repérés, le
systeme est capable de détecter I'ensemble des 13 tremblements de terre ainsi que 3 des 6 tirs de
carriéres. Contrairement aux 3 tirs de carriéres détectés, les 3 tirs de carriéres non détectés sont
localisés a plus de 4 km de la fibre optique.

3.4.3 Impact des nouveaux attributs

L’ajout des attributs spatiaux et de similarités permet une meilleure distinction entre les signaux
sismiques naturels et les bruits anthropiques (Figure 3). Par exemple, les événements liés aux véhi-
cules mobiles, fréquemment rencontrés le long de la fibre, ont pu étre différenciés des tremblements
de terre grace a I’analyse de leur signature spatiale et de similarité.

3.4.4 Limites identifiées

Dans ces travaux, plusieurs limites ont été observées :

— Lejeu de donnée utilisé ne dispose que de peu d’événements sismiques catalogués par le BCSF-
RENASS (13 tremblements de terre, 6 tirs de carriéres) sur une durée relativement longue (3
semaines).

— L’utilisation d’un algorithme ML supervisé nécessite I'utilisation d’un jeu de données annoté
limite 'applicabilité du systéme a des environnements ou les catalogues sismiques sont dis-
ponibles ou pouvant étre facilement mis en place, avec le risque cependant de mal labelliser
certains séismes de faible magnitudes.

— L’influence de la géométrie du réseau de fibres optiques et de son rapport signal sur bruit (SNR
ratio en anglais) varie en fonction de la position de fibre.

3.5 Conclusion

L’intégration des attributs spécifiques aux données FO-DAS (spatiaux, similarités) a permis d’amé-
liorer de facon importante les performances de la classification supervisée dans un environnement
réel. Cependant, la dépendance aux données annotées reste une contrainte majeure, limitant I’évolu-
tivité de la méthode a des scénarios de surveillance continue. Pour surmonter ces limites, I'utilisation
de méthodes non supervisées peuvent aider a regrouper les données similaires entre elles.
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FIGURE 3 - Représentation de la carte de détection d’un tremblement de terre de magnitude Mw
= 1.1 survenu pres d’Argeles-Gazost, le 15 septembre 2022 a 9 :12 :16 UTC. La carte de détection
est obtenue a partir de la carte de scores avec un seuil de 0,95. (a) représente le SR, (b) représente
le EB, (c) la carte de détection obtenue avec un classificateur utilisant toutes les caractéristiques,
(d) la carte de détection obtenue avec un classificateur entrainé uniquement sur les caractéristiques
temporelles, (e) la carte de détection obtenue avec un classificateur entrainé uniquement sur les ca-
ractéristiques spatiales, (f) la carte de détection obtenue avec un classificateur utilisant uniquement
les caractéristiques de similarité.
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4 Exploration des Données FO-DAS al’Aide des Attributs Pré-
cédemment Concues et Comparaison avec des Méthodes d’Ap-

prentissage Auto-Supervisé

4.1 Introduction

Dans les sections précédents, nous avons développé des méthodes de classification pour les don-
nées FO-DAS en utilisant des caractéristiques dérivées de la sismologie conventionnelle, suivies de
la création de nouvelles caractéristiques spécifiques aux données FO-DAS. Bien que ces approches
se soient révélées efficaces, elles reposaient sur un apprentissage supervisé, nécessitant un étique-
tage précis des données. Pour pallier temporairement ce défi, nous avons utilisé soit des données
générées a partir d’événements controlés réalisés dans nos expériences (Section 2), soit nous avons
croisé les données FO-DAS avec des événements catalogués provenant de services externes comme
BCSF-RENASS (Section 3). Cependant, ces approches dépendent au final des annotations externes,
qui ne sont pas toujours disponibles. En I’absence de ces annotations, I'examen manuel des données
de chaque événement devient nécessaire, un processus a la fois chronophage et susceptible de biais
humains.

Cette section explore une approche alternative en utilisant des méthodes non supervisées pour
analyser les données FO-DAS, regrouper les données similaires en clusters, puis effectuer un étique-
tage cluster par cluster. Nous nous appuyons sur les représentations de I'espace latent développées
dans les Sections 2 et 3, que nous comparons a une représentation générée a I'aide d'une méthode
d’apprentissage auto-supervisé appelée BYOL. Les données d’entrée pour BYOL se composent de
quatre représentations couramment utilisées dans I’analyse des données sismiques : la bande d’éner-
gie, le rapport STA/LTA, le spectrogramme et la densité spectrale de puissance. Ces représentations
sont ensuite transformées au format image pour faciliter leur manipulation dans BYOL. Des algo-
rithmes de clustering sont appliqués a chaque représentation de ’espace latent pour organiser les
données en clusters, et chaque cluster est étiqueté manuellement. Enfin, nous évaluons les deux mé-
thodes de représentation en comparant le comportement des classes extraites par chaque approche
et en évaluant la faisabilité du clustering pour grouper efficacement les données similaires afin de
faciliter un étiquetage manuel rapide.

4.2 Données
4.2.1 Base de données Hautes-Pyrénées

Cette base de données inclut 19 enregistrements d’événements sismiques effectués sur 10 mi-
nutes chacun. Ces événements incluent des tremblements de terre (Mw > 0.4), des explosions de
carriere, ainsi que des bruits anthropiques, tels que des véhicules en mouvement, et capturés sur
une fibre optique de 91 km déployée dans les Hautes-Pyrénées. La donnée est acquise en utilisant
comme parametre une longueur de jauge (GL) de 10 m, un pas d’échantillonnage spatial de 4.8 m
et une fréquence d’échantillonnage de 200 Hz. Les 19 enregistrements représentent un volume de
donnée total de 206 Go.

4.2.2 Base de données Viella

La base de données Viella contient 44 jours d’enregistrements continus, collectés a I'aide d’'une
fibre optique de 800 m déployée sur le glissement de terrain de Viella et a proximité de I’éboulis.
Ces enregistrements incluent des activités agricoles, des passages de véhicules, et des événements
sismiques naturels, offrant un contexte riche et varié pour tester les méthodes proposées. Le cable de
fibre optique a été enterré manuellement a une profondeur de 2 a 5 cm, et compacté manuellement.

-182 -



EXPLORATION DES DONNEES FO-DAS A 1L’AIDE DES ATTRIBUTS PRECEDEMMENT CONCUES ET
COMPARAISON AVEC DES METHODES D’APPRENTISSAGE AUTO-SUPERVISE

La donnée est acquise en utilisant comme parametre une longueur de jauge (GL) de 10 m, un pas
d’échantillonnage spatial de 2.4 m et une fréquence d’échantillonnage de 400 Hz. Entre le début de
la mesure et la fin de la mesure, la fibre a été coupé en plusieurs endroits, réduisant le nombre de
canaux de 312 a 68. Le volume total de stockage des données Viella est de 3 To.

En paralléle de ces données acquis avec 'instrument FO-DAS, 8 géophones ont également été
déployés. Ces géophones enregistrent la donnée avec une fréquence d’échantillonnage de 500 Hz. La
durée d’acquisition avec les géophones est de 20 a 25 jours, selon la capacité de la batterie embarquée.

4.3 Méthodes

La chaine de traitement développée se compose de trois étapes principales : pré-traitement,
représentation de la donnée, et clustering (Figure 4).

4.3.1 Pré-traitement

Les données des deux bases ont été pré-traitées pour supprimer les bruits globaux (suppression
du mode commun) et découpé en fenétres de taille en temps et en distance adapté (¢yin, dwin). Pour
la base Pyrénées, chaque fenétre a pour dimension (10 min, 1000 m), tandis que pour la base Viella,
des fenétres de dimension (1 min, 100 m) ont été utilisées. Au total, nous disposons de 17 480 fenétres
de données pour la base de données Pyrénées dont 243 contiennent un tremblement de terre et 52
un tir de carriere. Pour la base de donnée Viella, 142 727 fenétres de données ont été acquises.

4.3.2 Représentation des données

Deux représentations de données ont été testées :

— Attributs construits a la main. Cette méthode repose sur 111 attributs décrivant les com-
portements temporels, fréquentiels et spatiaux des signaux FO-DAS, ainsi que les relations de
similarité entre les canaux adjacents. Ces 111 attributs sont développés a la section précédente
(Section 3).

— Attributs construit avec 'approche image-BYOL. Les signaux FO-DAS sont transformés
en images combinant des spectrogrammes, des cartes d’énergie, des ratios STA/LTA, et des
spectres locaux (Figure 5). Ces images sont ensuite traitées par ’algorithme BYOL pour ex-
traire un espace latent optimisé.

Description de l'utilisation de BYOL. BYOL (Bootstrap Your Own Latent) est un algorithme
d’apprentissage auto-supervisé concu pour apprendre une représentation utile a partir de données
non étiquetées (Grill et al., 2020). L’algorithme repose sur une approche d’apprentissage contrastif,
ou le modeéle est entrainé a produire des caractéristiques similaires pour des versions augmentées
du méme input et des caractéristiques différentes pour des versions augmentées d’inputs différents.
Cette méthodologie incite le modéle a apprendre un espace latent significatif qui capture la structure
sous-jacente des données sans nécessiter d’étiquettes explicites. Dans notre travail, nous utilisons
le modele BYOL pour apprendre un espace latent basé sur 512 attributs extraits des images.
Cependant, BYOL est fortement dépendant de la qualité du processus d’augmentation des don-
nées. L’algorithme nécessite un ensemble diversifié de versions augmentées des données d’entrée
pour apprendre efficacement un espace latent robuste et généralisable. Dans notre étude, nous consi-
dérons plusieurs transformations classiques d’images, y compris le retournement, la rotation, les
variations de couleurs et le recadrage aléatoire. Des techniques comme le retournement, la rotation
et le recadrage aléatoire interagissent directement avec le contenu des images, rendant le modele
moins sensible aux variations de position et d’orientation des formes caractérisant des types d’évé-
nements spécifiques. En revanche, les variations de couleurs introduisent du bruit dans les données
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FIGURE 5 — Représentation en image du méme événement, mesuré en deux points différents de la
fibre optique. (a) et (b) représentent une explosion de carriere mesurée a deux points distants de 6

km. (c) et (d) représentent un tremblement de terre mesuré a deux points distants de 31 km. Données
issues du jeu de données des Pyrénées.
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d’entrée en modifiant des éléments tels que la teinte, la saturation, le contraste et la luminosité. Cette
technique permet de rendre les caractéristiques moins sensibles aux effets causés par la qualité de
I'instrumentation ou par I'influence de la localisation de I'événement par rapport a la fibre optique
ou a 'interrogateur.

4.3.3 Clustering et analyse

Un algorithme de clustering a deux niveaux est appliqué pour réduire le volume des données :

— K-Means. Cette étape regroupe les données de chacun des jeux de données dans 5000 clusters.
Ce nombre élevé permet de simplifier I’analyse des données sans perdre d’informations signi-
ficatives. Pour la base de données Pyrénées, nous réduisons la quantité de donnée a utiliser,
de 17 480 fenétres de données a 5000 clusters. Pour Viella, nous passons de 142 727 fenétres
de données a 5000 clusters.

— Clustering hiérarchique. Ces clusters sont ensuite organisés dans une structure arbores-
cente, reliant les clusters les plus similaires en eux. Dans cet arbre, chaque feuille est un des
5000 clusters produits par K-Means, et chaque nceud est un regroupement de deux clusters
(initiaux ou formés en un autre nceud. Il est possible de couper cet arbre en suivant plusieurs
critéres, comme le critére d’inconsistance : ce critére compare la distance entre le nceud pa-
rent et les nceuds enfants. Le cluster formé par le nceud parent est considéré inconsistant si
la distance du nceud parent est bien plus important que la moyenne des distances des nceuds
enfants. Cela permet de former des clusters constitués d’un plus faible effectif de données que
les autres mais contenant des données significativement différentes que celles contenus dans
d’autres clusters plus peuplés. Nous fixons ce critere d’inconsistence a 1.152 apres plusieurs
essais afin d’obtenir en sortie entre 500 et 700 clusters. Cela permet d’obtenir, pour la base
de donnée Pyrénées, 582 clusters avec les attributs construits a la main et 570 clusters avec
I'approche image-BYOL. Pour la base de données Viella, nous obtenons respectivement 612 et
640 clusters.

Les clusters obtenus sont par la suite analysés pour leur homogénéité interne et leur pertinence
par rapport aux événements réels, en comparant leurs contenus aux catalogues de référence et en
identifiant les motifs périodiques ou anomalies.

4.4 Résultats
4.4.1 Impact du temps et de la position sur fibre dans ’espace latent

Afin de visualiser la distribution des données dans I'espace latent, nous utilisons ’algorithme
t-SNE pour réduire les 111 dimensions formés avec les attributs manuels et les 512 dimensions
construites a partir des attributs produit par ’'approche image-BYOL vers 2 dimensions.

Les résultats montrent que l'influence du temps n’affecte pas significativement la localisation
des points dans la représentation t-SNE pour le dataset Pyrenees, tandis que I'influence spatiale est
marquée, particulierement avec I’espace latent construit a la main, qui forme deux clusters distincts.
En revanche, I'espace latent image-BYOL montre une distribution plus uniforme des points, avec
une séparation moins claire basée sur la position ous le temps.

Pour le dataset Viella, I'influence du temps et de la position est plus prononcée. Certaines pé-
riodes de temps (par exemple, les premiers 11 jours ou apres 37 jours) se différencient bien dans
I’espace t-SNE. Certains points se regroupent également selon la distance le long de la fibre, particu-
lierement dans les premiers 100 m. Cela refléte les conditions environnementales variées, notamment
le bruit dans la ferme pour la premiére section de la fibre. Cette analyse démontre que I'augmentation
des données et la qualité de la construction de I'image dans I'espace latent image-BYOL permettent
une meilleure réduction de 'impact de la distance, ce qui se traduit par une distribution plus homo-
gene des points.
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FIGURE 6 — Représentation t-SNE pour le jeu de données des Pyrénées (a,b) et de Viella (c,d). Les
couleurs représentent les classes attribuées manuellement. (a,c) sont obtenues avec 'espace latent
basé sur des caractéristiques humaines, tandis que (b,d) sont obtenues avec I'espace latent issu de
I'approche image-BYOL. Pour des raisons de visualisation, la classe des tremblements de terre est
représentée par des points agrandis a une taille de 5 par rapport aux autres pour le jeu de données
des Pyrénées, et a une taille de 150 pour le jeu de données de Viella.

4.4.2 Analyse et labellisation des clusters

Nous avons examiné visuellement le contenu de chacun des clusters formés a partir de données
FO-DAS, afin d’identifier les principales classes d’événements sismiques. Pour le jeu de données
des Pyrénées, nous en avons identifié cinq : véhicules, événements continus (signal constant d’au
moins 10 s), événements d’impact (moins de 10 s), séismes ou explosions de carriére, et bruit. Pour
le jeu de données de Viella,nous en avons identifié six : événements continus courts, événements
continus longs, impacts multiples, impacts uniques, séismes et bruit. Les clusters ont été étiquetés en
fonction de leur population majoritaire pour des événements communs (véhicules en mouvement,
bruit), tandis que pour les événements plus rares (événements continus, impacts, tremblement de
terre, tirs de carriere), un seuil de 25% de blocs de données appartenant a la classe en question a été
utilisé.

Pour visualiser la distribution des classes, nous avons utilisé la représentation t-SNE basées sur
les espaces latents construits a 'aide de caractéristiques calculées manuellement et de I’approche
image-BYOL (Figure 6). Ces représentations montrent que les classes fréquentes sont bien séparées,
tandis que les classes rares, comme les séismes et les explosions de carriere, apparaissent dans de
petits groupes isolés souvent mélés a des classes plus fréquentes. Cette observation ne refléte pas
une inefficacité des caractéristiques utilisées, mais plutdt une limitation inhérente a la représentation
t-SNE, qui privilégie les grandes tendances dans un espace réduit.
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4.4.3 Validation

Base de données Hautes-Pyrenees : Comparaison avec une catalogue de référence pour la détection
de tremblement de terre

La validation des classes d’événements sismogéniques définies manuellement pour le jeu de don-
nées des Pyrénées a été réalisée en comparant la proportion de fenétres de données classifiés comme
séisme ou explosion de carriére a chaque intervalle d’'une minute avec la médiane des données sur
une période de 10 minutes. Une détection est considérée réussie si cette proportion dépasse la mé-
diane augmentée de deux fois I’écart médian absolu (MAD), une mesure robuste moins sensible aux
valeurs extrémes. En utilisant le catalogue de référence BCSF-RENASS pour valider ces résultats, 9
des 19 événements répertoriés ont été détectés avec ’espace latent basé sur des attributs calculées
manuellement, contre 11 sur 19 avec 'approche image-BYOL. Toutefois, plusieurs événements, dont
certains de magnitude supérieure a 1.0, n’ont été détectés par aucune des méthodes, notamment ceux
situés a plus de 10 km de la fibre. Des différences de détection entre les deux approches ont été ob-
servées : certains événements éloignés (>25 km) sont détectés uniquement par image-BYOL, tandis
que d’autres proches de la fibre sont capturés uniquement par les attributs manuels. Ces résultats
mitigés s’expliquent par la présence de clusters impurs, contenant plusieurs classes d’événements,
ce qui complique la fiabilité des criteres de décision et peut engendrer des faux positifs, notamment
dans des régions a faible activité sismique ou a fort bruit de fond.

Base de données Viella : Analyse de la périodicité pour les événements anthropiques

Le jeu de données de Viella, en raison de son enregistrement continu, permet une analyse temporelle
approfondie des résultats de détection, notamment en explorant les motifs périodiques sur des bases
journalieres et hebdomadaires.

La classe "bruit" révele une périodicité journaliére marquée, caractérisée par des périodes de si-
lence accru la nuit et une activité plus intense en journée. Parmi les classes anthropiques, les événe-
ments continus longs présentent une périodicité particulierement forte, avec une proportion accrue
d’événements pendant les heures de forte activité, tandis que les classes des événements continus
courts et des impacts multiples montrent une périodicité moins prononcée, avec des hausses légeres
durant la journée. A I'inverse, la classe des impacts uniques ne présente pas de motif périodique
distinct.

Ces observations soulignent des tendances intéressantes : la périodicité des événements continus
longs suggere qu’ils proviennent majoritairement d’activités anthropiques, telles que des travaux
agricoles, caractéristiques du site de Viella. En revanche, 'absence de périodicité pour les impacts
uniques laisse penser que ces événements sont sporadiques et pourraient inclure des sources non
anthropiques.

Base de données Viella : Comparaison avec un catalogue de référence pour les tremblements de terre

Au cours de la période de mesure, 20 séismes ont été confirmés visuellement sur les données FO-DAS
en utilisant les catalogues sismiques de I’'Observatoire Midi-Pyrénées (OMP) et du BCSF-RENASS.
Tous les événements de magnitude M,, > 2.0 ont été détectés, y compris un séisme situé a 143 km
avec M,, = 2.8, bien que la détection soit moins cohérente pour les magnitudes plus faibles. L’ap-
proche basée sur I'espace latent catalogué a identifié 16 événements, dont 8 séismes catalogués (le
plus faible avec M,, = 1.5 a 13 km) et 3 événements non catalogués. En comparaison, la méthode
image-BYOL a détecté 55 événements, dont 9 séismes catalogués (le plus faible avec M,, = 1.4 a 28
km) et 5 événements non catalogués. Bien que la méthode image-BYOL ait détecté davantage d’évé-
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nements, elle a généré plus de faux positifs et manquait de critéres de filtrage, tandis que I’approche
basée sur I'espace latent catalogué, avec moins de fausses alertes, a fourni des résultats plus fiables
pour identifier les séismes potentiels.

Base de données Viella : Comparaison avec des données géophones pour la détection de tremblement
de terre

Pour évaluer les performances de la chaine de traitement appliqué a I'instrumentation FO-DAS, une
analyse complémentaire des données provenant des nceuds sismiques installés le long du céable de
fibre optique a été réalisée. En raison d’une rupture de fibre dés le premier jour de mesure, seules
les données des nceuds 1 a 6 ont été utilisées, avec une restriction temporelle jusqu’au ler janvier
en raison de contraintes d’alimentation des nceuds. Aprés suppression de la réponse instrumentale
des géophones par déconvolution et segmentation des données en blocs de 1 minute, la méthode
image-BYOL a été appliquée sur des images combinant traces sismiques et spectrogrammes. Cette
analyse a permis de détecter les 21 événements répertoriés par le BCSF-RENASS ou ’OMP, mais
a également généré plus de faux positifs que I'approche image-BYOL appliquée aux données FO-
DAS, soulignant la nécessité d’améliorations pour réduire ces faux positifs, en particulier pour les
événements de faible intensité.

4.5 Discussion
4.5.1 Forces des méthodes proposées

— L’approche non supervisée réduit considérablement 'effort d’annotation en regroupant des
millions de segments individuels en plusieurs centaines de clusters.

— Les représentations avec attributs manuels et attributs issues de I’approche image-BYOL sont
d’efficacité comparables. L’approche image-BYOL est intéressante car la chaine de traitement
est entierement indépendante des efforts de construction manuelle des attributs et permet une
évaluation complete de la performance de la chaine de traitement.

4.5.2 Limites et perspectives

Malgré les résultats prometteurs, plusieurs défis restent a relever :

— Impureté des clusters. Certains clusters contiennent des signaux mixtes, nécessitant des
itérations supplémentaires pour améliorer leur homogénéité.

— Cout de calcul. L’approche image-BYOL nécessite des ressources GPU, ce qui peut limiter
son adoption a grande échelle.

— Regles pré-définies. L’identification des événements rares repose encore sur des reégles pré-
définies, ce qui peut introduire des biais et des erreurs.

4.6 Conclusion

Cette section a mis en lumiere le potentiel des approches non supervisées pour analyser les
données FO-DAS, en comparant deux représentations distinctes. Les résultats montrent que les mé-
thodes proposées permettent une classification efficace des événements fréquents et une réduction
significative de l'effort d’annotation. Cependant, des améliorations sont nécessaires pour gérer les
événements rares et optimiser ’homogénéité des clusters. Ces travaux ouvrent la voie a des systemes
d’analyse plus autonomes et robustes pour les applications utilisant I'instrumentation FO-DAS, avec
des implications prometteuses pour la surveillance sismique et environnementale.
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5 Conclusions et Perspectives

5.1 Résumé des résultats

Cette these met en place des chaines de traitement complétes pour la classification et 'explo-
ration automatique des données mesurées par instrument FO-DAS. Aprés un état de l'art détaillé
sur les applications de I'instrumentation FO-DAS en sismologie et les techniques de traitement des
données (Section 1), la Section 2 présente une chaine de traitement composée de trois étapes : pré-
traitement, classification et post-traitement. Basée sur un systéme de traitement en flux de données
(mis en place a I’étape du pré-traitement), un algorithme de classification appelé forét aléatoire utili-
sant 53 attributs développés pour la sismologie conventionnelle, et une étape de prise en compte des
canaux adjacents appelé champ de Markov aléatoire, cette méthode a atteint une précision de clas-
sification de 87% pour six classes d’événements mesuré dans un environnement contr6lé au centre
d’essai FEBUS Optics. Cependant, les tests étaient limités par des conditions de mesure idéale sans
perturbation sismique externe et a I'aide d’une faible longueur de fibre (22 m). La Section 3 a élargi
la classification avec 111 nouvelles caractéristiques tenant compte de la dimension spatiale des don-
nées FO-DAS. Utilisant une fibre de 91 km déployée dans les Hautes-Pyrénées, le systéme a détecté
des séismes de magnitudes Mw=>0.4 et des tirs de carriere malgré un rapport SNR variable. Cepen-
dant, la dépendance a des annotations précises limite la généralisation de 'approche. Pour pallier
ce probléme, la Section 4 a exploré une méthode de clustering non supervisé pour la labellisation
de données, réduisant I'effort de labellisation de plus de 140 000 fenétres individuelles a environ 600
clusters pour le jeu de données Viella (44 jours d’enregistrement continu). Cette approche a per-
mis d’identifier des événements fréquents (mouvements de véhicules, activités agricoles) et rares
(séismes locaux) dans le jeu de données, mais a révélé des défis liés a la labellisation des clusters liés
a 'impureté de ceux-ci et a l'utilisation de regles pré-définies pour gérer les faux positifs et négatifs.
Dans 'ensemble, ces travaux ont cherché a limiter I'influence de la subjectivité humaine dans
la labellisation, tout en soulignant les défis persistants dans la détection des événements rares et
I’amélioration de la généralisabilité des modeles.

5.2 Contributions apportées par la these

Cette these permet de faire le lien entre la sismologie conventionnelle et celle basée sur I'uti-
lisation de I'instrument FO-DAS en combinant des techniques classiques de traitement du signal
(analyse des formes d’onde temporelles, spectres, spectrogrammes) avec de nouveaux outils adaptés
aux données FO-DAS, comme I'utilisation d’attributs spatiaux et la similarité entre canaux. Ces ap-
proches permettent d’extraire des informations pertinentes pour la classification des événements
sismiques et d’exploiter efficacement les vastes volumes de données générés par les instruments
FO-DAS. Un apport majeur réside dans le regroupement des événements sismiques similaires a
’aide de méthodes de clustering, réduisant le temps d’annotation des données et rendant la méthode
applicable aussi bien a des événements fréquents qu’a des phénomeénes rares tels que les séismes lo-
caux ou les activités anthropiques.

Malgré des résultats prometteurs, plusieurs limitations ont été identifiées, notamment la dé-
pendance a des données spécifiques au site et les difficultés a généraliser les modeles a d’autres
environnements. Les travaux se sont concentrés sur des périodes d’acquisition limitées, ce qui res-
treint I'entrainement des modeles supervisés, en particulier pour les événements rares. L’utilisation
de techniques d’apprentissage par transfert ou la création de modeles pré-entrainés sur des données
multi-sites pourraient répondre a ces défis. A terme, une généralisation des modeéles contribuerait a
déployer rapidement des systemes de surveillance sismique a grande échelle, ouvrant la voie a des
applications pratiques pour la détection des risques naturels et industriels.
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5.3 Perspectives
5.3.1 Amélioration de la méthode

Plusieurs pistes d’amélioration peuvent étre mis en place pour le traitement des données FO-
DAS, notamment par 'exploration d’'une méthode potentiellement prometteuse de re-clustering
itératif, en complément de 'approche exploratoire développée dans la Section 4. Cette approche
consisterait a affiner les clusters impurs en réappliquant le processus de regroupement sur les don-
nées mal classifiées, permettant ainsi de créer des clusters plus homogeénes au fil des itérations. Ins-
pirée de domaines tels que la segmentation d’images (Bensaid et al. 1996) et les systémes de conduite
autonome (Kruber et al. 2018), cette méthode pourrait étre adaptée a la classification des données
FO-DAS pour mieux identifier les événements sismiques, y compris ceux de tres faible magnitude.
Bien que cette méthode n’ait pas été implémentée dans le cadre de cette these, elle représente une
piste intéressante pour améliorer la précision des classifications tout en réduisant la subjectivité liée
a l'utilisation de regles prédéfinies.

Un autre axe d’étude, dans le but de réduire les besoins en données d’entrainement tout en main-
tenant des performances élevés, est 'utilisation d’algorithmes de transfer learning. Cette méthode,
qui permet d’exploiter les connaissances acquises sur un site différent ou par un type de capteur dif-
férent , pourrait répondre aux défis liés a la généralisation des modeles. Cependant, des obstacles
restent a surmonter, notamment l'influence des variations entre sites (conditions environnemen-
tales, placement des capteurs) et les différences intrinséques entre les sismomeétres conventionnels
et les instruments FO-DAS, comme leur réponse en fréquence variable et leur rapport SNR souvent
plus faible.

5.3.2 Partage de données et collaboration en sismologie FO-DAS

Le partage des données FO-DAS reste un enjeu majeur, en raison de l'existence de multiples
formats de fichiers propriétaires et du manque de standardisation des métadonnées. Certaines ini-
tiatives, telles que PubDAS (Spica et al. 2022), favorisent 'accés a des bases de données ouvertes,
tandis que d’autres efforts sont menés pour proposer des bibliothéques de traitement standardi-
sées, comme DASPy (Hu et al. 2024) ou encore XDAS (Trabattoni et al. 2024). Ces outils permettent
de faciliter le prétraitement, la compression et I’analyse des données, tout en encourageant une col-
laboration accrue entre chercheurs. Notre contribution s’inscrit dans cette démarche, notamment
par la mise a disposition des données acquises dans les Hautes-Pyrénées (DOI : 10.57932/5b1302d6-
57cd-44e4-81ac-5d585a7f8951. ) et de la chaine de traitement développée dans la Section 3 (répertoire
GitLab : "EOST/seis-learning-spatial").

5.3.3 Ressources de calcul

Concernant les ressources de calcul, plusieurs solutions adaptées aux besoins spécifiques des
applications FO-DAS ont été explorées. L’utilisation des ressources de calcul locale a I'interroga-
teur DAS est une solution pour des applications sur le terrain avec une latent presque inexistante,
cependant les ressources de calcul sont limités. Durant la thése, j’ai pu travailler avec plusieurs in-
génieurs de FEBUS Optics afin d’implémenter le systéme dans un DAS en vue de démonstration au
centre d’essai de FEBUS aupres d’entreprises clientes. Les ressources informatiques limités nous ont
obligé de n’utiliser que les attributs les plus importants dans le processus de classification. L’utilisa-
tion de stations de travail portables (workstation en anglais) semble étre un compromis idéal
pour les applications sur le terrain nécessitant une faible latence, comme les taches de classification
en temps réel. En revanche, les systemes de calcul haute performance (HPC) sont plus adap-
tés a I'exploration de données sur de longues périodes ou a I’entrainement de modeles complexes,
bien que I'échange de données volumineuses entre I'interrogateur DAS et le HPC introduise des
délais importants. Des algorithmes de compression des données FO-DAS, comme ceux proposés
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par Dong et al. 2022 (compression a 40% et sans perte), offrent des perspectives intéressantes pour
réduire les temps de transfert et optimiser le stockage des données.
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Résumé

Ces dernieres années, une nouvelle technologie basée sur |'utilisation de fibres optiques est apparue pour
surveiller les événements acoustiques naturels ou anthropogéniques : la détection acoustique distribuée
(Distributed Acoustic Sensing - DAS). Cette technologie innovante permet de mesurer les vibrations sismiques
a tres haute résolution spatiale sur des distances allant de quelques dizaines de metres a plusieurs centaines
de kilomeétres. Bien que ces données soient plus volumineuses et plus complexes a traiter que celles des
sismomeétres traditionnels, elles offrent des perspectives prometteuses, notamment pour I'analyse des champs
d'ondes générés par les tremblements de terre, la détection des glissements de terrain, la surveillance de divers
événements anthropogéniques (tels que les déplacements de piétons, les mouvements de véhicules, ou les
sighaux sismiques provenant des activités humaines), les événements de faible amplitude ou tres localisés, et
la localisation précise de |'origine de ces événements sismiques. L'objectif de cette thése est de développer et
de tester des chaines d'analyse de données automatisées en utilisant des approches basées sur I'lA pour
détecter, classer et analyser les données DAS a fibre optique en temps quasi réel. L'objectif est axé sur la
surveillance locale et régionale de zones spécifiques afin de permettre la détection et l'identification en temps
réel d'événements naturels tels que les tremblements de terre et les glissements de terrain.

Mots clés: Distributed Acoustic Sensing (DAS), Apprentissage machine, Sismologie, Espace latent,
Tremblements de terre, Sources sismiques anthropiques, Apprentissage supervisée, Apprentissage non-
supervisée

Abstract

In recent years, alongside traditional seismometer-based approaches, a new technology based on the use of
optical fibers has emerged for monitoring natural or anthropogenic acoustic events: Distributed Acoustic
Sensing (DAS). This innovative technology enables the measurement of seismic vibrations at very high spatial
resolution over distances ranging from tens of meters to several hundred kilometers. Although these data are
larger and more complex to process than those from traditional seismometers, they offer promising
perspectives, particularly for analyzing the wavefields generated by earthquakes, detecting landslides,
monitoring various anthropogenic events (such as pedestrian movements, vehicle movements, or seismic
signals from human activities), low-amplitude or highly localized events, and precisely locating the origin of
these seismic events. The goal of this thesis is to develop and test automated data analysis chains using Al-
based approaches to detect, classify and analyze near-real-time fiber-optics DAS data. The objective is focused
on local and regional monitoring of specific areas to enable the real-time detection and identification of natural
events such as earthquakes and landslides.

Keywords: Distributed Acoustic Sensing (DAS), Machine Learning, Seismology, Latent Space, Earthquakes,
Anthropogenic Seismic Sources, Supervised Learning, Unsupervised Learning




