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1 INTRODUCTION

SUMMARY

Distributed acoustic sensing (DAS) turns a fibre 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 sig-
nals 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 analyse DAS observations. We
propose a processing chain based on the XGBoost algorithm and the use of specifically de-
signed spatiotemporal 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
catalogue. These events are part of a strain-rate seismic survey carried out during a 3 weeks
campaign of DAS measurements along a 91 km fibre optic cable deployed in the central
Pyrenees mountains (France). Despite the high anthropogenic activities along the fibre 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
fibre optic systems.

Key words: Machine learning; Spatial analysis; Distributed acoustic sensing; Earthquake
hazards; Seismic noise.

led to a better understanding of the tectonic processes in the re-
gion (Souriau & Pauchet 1998; Rigo et al. 2005; Lacan & Ortufio

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 mmyr~' (Fernandes e al.
2007). Considered as the second most active seismic zone in France
after the Alps, the area has been monitored for the past 25 yr by a
geographically well-distributed seismological network, which has

*Now at Département Acoustique Sous-Marine (ASM) Service Hydro-
graphique et Oceanographique de la Marine (SHOM) — 13, rue du Chatellier,
CS 92803, CEDEX 2, F-29228 Brest, France

2012; Sylvander et al. 2022). Nowadays, monitoring is carried
out by a permanent network of about thirty seismic stations man-
aged by the ‘Réseau de Surveillance Sismique des Pyrénées’ of
the French Observatoire Midi-Pyrénées. Seismic events are con-
tinuously detected and catalogued by the French facilities ‘Bu-
reau Central et Sismologique Francais’ and ‘REseau 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 sen-
sors like distributed fibre optic sensing (DFOS) an opportunity
to create a more exhaustive catalogue of seismic events for the
territory.

© The Author(s) 2024. Published by Oxford University Press on behalf of The Royal Astronomical Society. This is an Open Access
article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which
462 permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.
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Using a laser pulse propagating along a fibre optic cable, DFOS
are able to measure various changes in the neighbourhood of the
fibre. The intrinsic presence of asperities on the fibre core results
in light backscattering effects that hold information about different
physical properties. Among the DFOS family, distributed acoustic
sensing (DAS), based on Rayleigh backscattering and phase shift,
is sensitive to seismic acoustic waves crossing the interrogated fi-
bre optic cable. Spatial sampling, corresponding to the spacing
between each point of measurement along the fibre, can be set
down to a few tens of centimetres 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 ez 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 magni-
tude 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 terri-
tory. Further, DAS have proven to yield interesting new results in
different contexts and for many different applications, for marine
geophysics (Sladen et al. 2019; Spica et al. 2022), seismic imag-
ing (Lindsey et al. 2017; Young et al. 2022; Zeng et al. 2022),
volcanology (Jousset e 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 seis-
mic 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 diver-
sity of events occurring along a fibre, as well as the increase
of noise level with increasing distance, can generate high en-
ergy seismic signals making difficult the choice of suitable de-
tection 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 fami-
lies of Al 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 foot-
steps (Jakkampudi ez 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
data set 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 et al.
2014, 2017; Maggi et al. 2017; Provost et al. 2017; Hibert et al.
2019; Chmiel et al. 2021; Domel et al. 2023). In addition to wave-
form analysis, features are often derived from signal transformation
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into the frequency domain using Fast Fourier Transform (Wiesmeyr
etal. 2020; Tejedor et al. 2021), wavelet decomposition (Wang et al.
2019) or the use of the mel-frequency cepstral coefficient (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 feature 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).

Huynh et al. (2022) proposed a methodology enabling to clas-
sify DAS data streams using seismic signal derived features that
present interesting results when implemented for a 20 m-long
trench for classifying anthropogenic event sources. In this arti-
cle, we aim to apply a similar workflow for detecting and iden-
tifying earthquakes and quarry blasts under real-world field con-
ditions. Expanding our preliminary processing chain to work the
regional scale is challenging due to (1) the variety of sources in
an area spanning dozens of kilometres; (2) the spatial extension of
the array, which lead to the recording of numerous synchronous
seismic sources and (3) the background noise level which can
be very different at each part of the buried fibre 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.

2 FIBRE OPTIC DAS DATA

Data acquisition has been achieved along a 91 km long fibre op-
tic deployed between Lannemezan and Luz-Saint-Sauveur in the
Bigorre area, located in central French Pyrenees. The fibre is de-
ployed close to several urban centres (Bagneres-de-Bigorre, Lour-
des, Argeles-Gazost) and close to several quarries (for rock extrac-
tion) in activity. The cable also follows national and departmental
roads (Fig. 1). Seismic data measured by the DAS, named strain
rate (SR) and expressed in nanostrain per second (nstrains™') 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 im-
portant because they have a direct impact on the measurement
quality: the derivation time affects the maximum observable fre-
quency, while the gauge length affects the spatial resolution and
then the minimum detectable wavelengths. To fit with the observa-
tion 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 re-
moval 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 dBkm
attenuation rate of the optical laser pulse along the fibre optic ca-
ble, the maximum distance range achievable is 50 km. To extend
beyond this range while maintaining a favourable 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 fibre, in Lourdes. Recording
has been carried out continuously over 3 weeks between 2022 Au-

-1
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Figure 1. Fibre optic setup in the French area ‘Hautes-Pyrénées’. The background corresponds to the topography of the area. The map includes location of
main cities, roads and train tracks, as well as the positions of the catalogued earthquakes and quarry blasts from the BCSF-RENASS (using the permanent
seismic stations represented by triangles). The visually unidentified events on DAS data are represented by unfilled stars.

gust 30 and September 20. The final acoustic DAS data are recorded
with a spatial sampling of 4.8 m. This equates to 18 958 point sen-
sors, called channels, equally spaced along the 91-km fibre 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 fibre 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 seis-
mic signal corresponding to vehicles circulating on roads (Fig. 2).
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 catalogue to build a reference
catalogue of seismic events. BCSF-RENASS provides an open-
access catalogue of natural and anthropogenic events (earthquakes,
quarry blasts, induced seismicity, explosions) recorded by per-
manent seismic stations deployed in France and in neighbour-
ing countries. By cross-referencing the seismological waveforms
between the stations, events are detected and localized automat-
ically. Human operators then validate the detection, the loca-
tion and determine the natural (e.g. earthquakes, landslides, rock-

falls) or anthropogenic (e.g. quarry blasts, explosion) origin of
the event.

32 events (8 quarry blasts and 24 earthquakes of magnitude M,,
estimated between 0.3 and 2.4) have been detected and listed in
the BCSF-RENASS catalogue for the study period. Among these
events, we visually confirmed the presence of 13 earthquakes
and 6 quarry blasts in the DAS recordings (Fig. 1), with data
available online (see ‘Data Availability’ section). It appears that
most of the unobserved events on the processed DAS data occur be-
yond Bagnéres-De-Bigorre in south-east direction. The absence of
detection can have multiple explanations, based on the instrumental
spatial configuration and geometry of the fibre optic cables (fibre
optic is insensitive to seismic waves that arrive perpendicular to
the fibre optic) or on the local geological conditions (nature of
the geological media can modify the propagation of the seismic
signal in the ground). For our analysis, we focus on the classi-
fication of three classes of events: ‘earthquakes’, ‘quarry blasts’
and ‘noise’. ‘Noise’ groups all uninvestigated events (daily an-
thropogenic events as moving vehicles, wildlife events, aerial sec-
tions of fibre optic cable or instrumental noise). For purpose of de-
tection, 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 2. Samples of SR records on the Pyrenees DAS data set for several time windows, in the countryside 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 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 and f) represent similar
records at position between 71.9 and 73.1 km (close to Argeles-Gazost). Moving vehicles are delimited by circles and earthquakes by rectangles inside the
300 s view. The 0 km-position reference is located at the end of the fibre optic cable point close to Lannemezan.
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Table 1. Table listing all events identified on the DAS data set. An identifier (id) is
assigned, and information on event type (Class), magnitude (M w) and measurement
time (Time) are provided. The projected position of the epicentre on the fibre (D) fibre)
and the distance from the epicentre to the fibre (D fibre) are used to check the
consistency of what is observed. The reader can refer to Appendix A for the SR and

EB visualization of all the listed events.

id Class  Mw  Djfibre (km) D fipre (km) Time (UTC)

QB1 QB 0.7 59 1.8 2022-08-31 at 08:02:39
QB2 QB 0.8 34 5.8 2022-09-01 at 09:26:00
EQI1 EQ 0.6 59 1.7 2022-09-03 at 03:50:17
EQ2 EQ 1.0 30 10 2022-09-03 at 13:13:41
EQ3 EQ 2.4 62 85 2022-09-03 at 18:27:47
EQ4 EQ 1.4 61 25 2022-09-05 at 00:51:58
EQ5 EQ 1.2 30 6.5 2022-09-06 at 07:58:54
QB3 QB 1.0 3.5 4 2022-09-06 at 10:10:58
QB4 QB 1.1 32 1 2022-09-08 at 10:03:36
EQ6 EQ 0.8 53 32 2022-09-08 at 17:10:59
EQ7 EQ 2.0 61 50 2022-09-09 at 07:07:40
EQ8 EQ 0.4 61 1.5 2022-09-09 at 17:37:59
QB5 QB 0.6 57 0.5 2022-09-12 at 10:07:43
QB6 QB 1.1 3.5 6.3 2022-09-14 at 09:26:07
EQ9 EQ 1.1 57.5 8.5 2022-09-15 at 09:12:16
EQI10 EQ 1.6 66 1.4 2022-09-16 at 11:16:50
EQI11 EQ 1.1 61 20 2022-09-16 at 23:12:33
EQI2 EQ 0.8 68 1.0 2022-09-18 at 04:18:12
EQI13 EQ 1.3 63 9.5 2022-09-20 at 04:39:26

3 METHODOLOGY

3.1 Event picking and identification for labelling

The massive seismological data set recorded during this study re-
quires high-performance analysis tools to detect events of interest.
Identifying them by direct observation of the SR is time-consuming
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 fibre by summing the energy contained in the
spectra (calculated using a Fast Fourier Transform, FFT) of a seis-
mic trace window (FFT,c(f)) between two frequency bounds f,
and fi:

E[fO.fl] = Z FFTtrace(f)- (1)
felfo, /1]

The spectra are calculated using a sliding window of 2 s, with a
shift of 0.5s. f0 and f1 can be adapted using frequency response
knowledge. In our analysis, values are chosen to cover the maxi-
mal range of the frequency content: fl corresponds to the Nyquist
frequency (100 Hz), whereas fO corresponds to 1/window_width
(0.5 Hz). The resulting representation can be displayed into a new
grid whose general representation is given in Fig. 3: (dscp, Zstep)
refers to the spatial and temporal sampling of the EB representa-
tion, whereas (dyin, fwin) 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 dg, and dyi, are
taken as the distance between consecutive channels. #, and #;, are
respectively fixed to 0.5 and 2 s. EB representation improves the vi-
sual 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 vi-
sually detected using the EB representation. They are listed in
Table 1 and segmented from the rest of the signal. Segmenta-
tion grid resolution matches the EB resolution (4.8 m, 0.5s). Seg-
mentation process is achieved by drawing a rectangle box around
the EB where an event is located: the points inside the box are
labelled as events, whereas the points outside are considered as
noise.

3.2 Processing chain

Fig. 4 details the processing chain. The input corresponds to the
measured SR after baseline correction (average removal of each
channel) (Fig. 4a) and the output is the associated classification
map encoded in three colours (Fig. 4d). Initially, the continuous
data stream is processed with a sliding window approach (Wen-
ner et al. 2021). The sliding window uses two parameters that
define the spatial and temporal sizes (dyi, and ;) and that de-
fines the shift (dyep and #yep). The choice of the window size and
the impact on the outcome of the processing chain is discussed in
Section 4.3.

Data contained in a window is labelled and pre-processed to
extract a vector of 111 features described in Section 3.3. Concate-
nating the vectors obtained at every spatiotemporal window centroid
position outputs a feature matrix that is injected into the machine
learning algorithm XGBoost for event classification. XGBoost pro-
duces a classification score for each window that can be combined
to create a score map (Fig. 4b). An initial classification map is gen-
erated using a threshold of 0.95 on the score map to reduce the
amount of misclassification (Fig. 4c). Then a final post-processing
step (Markov random field) aggregates the classification, the score
of each individual window and the classification result of neigh-
bouring windows, to keep only the most significant classification
results (Fig. 4d).
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score map represented here corresponds to the sum of non-noise classes.

3.3 Data pre-processing: signal description using features
and labellizations

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
onasetof 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 traditional seismometers recordings (Hi-
bert et al. 2017, 2019; Maggi et al. 2017; Provost et al. 2017,
Malfante et al. 2018; Chmiel et al. 2021; Falcin et al. 2021; Wenner
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, skewness and autocorrelation

measurements. Spectral features provide information on the fre-
quency 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
features 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 consecutive
virtual sensors is constant. Fig. 5(b) illustrates the waveform profile
of a trace measured at one channel, and Fig. 5(c) the measured signal
at a fixed time along the fibre. Observation of the SR (Fig. 5a) shows
that, depending on the magnitude of the source, a larger or smaller
portion of the fibre 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 fibre but larger energetic sources as
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Figure 5. From the SR (a), features can be built by considering temporal trace observed at fixed position ((b), represented in (a) with horizontal line) and
spatial trace observed at fixed time ((c), represented in (a) with vertical line). Similarity features include DTW, built using an estimated distortion function that

stretch two traces to fit together (d and e).

earthquakes can be recorded over several tens of kilometres along
the fibre.

The proposed spatial features are based on the shape of the seis-
mic 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 dif-
ferent phases and dispersion effects. All these seismic signals char-
acteristics help distinguishing visually between an earthquake and
a moving vehicle, for example. We will thereafter refer to tem-
poral trace for seismic signals recorded at one channel along the
fibre (red in Fig. 5b), and to spatial trace for a seismic signal
recorded at a given time on all the channels of the fibre (blue in
Fig. 5¢).

Similarity features are computed from the comparison of traces
taken at different positions along the fibre. 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 correspond-
ing points of two sequences, allowing for nonlinear 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. (2022b) have shown the interest of using DTW for
geophysical applications, including a higher sensitivity to minor
variation compared to classical cross-correlation. Examples of ap-
plications are associated with full-waveform inversion in reflection
seismology (Ma & Hale 2013), GNSS displacement time-series
analysis (Kumar ef al. 2022a) and classification of volcano-seismic
events (Ida e al. 2022). The reader may refer to Appendix B for
an item-by-item description of 111 used features introduced in the
machine learning model.

Labelling each feature vectors is not trivial due to the reso-
lution difference between the segmentation grid, as described in
Section 3.1, and the grid used for feature vector computation.

The labelling of each feature vector is determined by consider-
ing all the labels within the window used for feature computa-
tion. Given the segmentation grid resolution of 4.8m by 0.5s,
and a window size of 998.4m by 8, the feature vector labelling
accounts for 3328 labels. If at least one of these labels corre-
sponds to a ‘earthquake’ or ‘quarry blast,” the feature vector is
labelled as either ‘earthquake’ or ‘quarry blast,” depending on
which of these two classes has the majority of samples within the
label grid.

3.4 Data processing: machine learning with XGBoost

We choose the machine learning algorithm called XGBoost as
the identification tool in our workflow (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 de-
cision tree are kept for training the next one. Compared with
other machine learning algorithms, features that poorly charac-
terize the event do not reduce the performance of the XGBoost
model. This algorithm is also able to deliver quantitative informa-
tion about the influence of features in the classification. Several ap-
plications in geophysical contexts include rock facies classification
(Zhang & Zhan 2017), density log estimation for reservoir char-
acterization (Zhong et al. 2020) and seismic source classification
(Wang et al. 2023).

Once the training is completed, the XGBoost model uses a method
based on vote analysis to provide 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 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

GzZ0z 1Mdy 10 uo 1s8nb Aq £2G£€8//29%/1/0vz/810n1/1B/woo dno-ojwspeoe//:sdiy woij pspeojumoq


art/ggae382_f5.eps

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.

3.5 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 (Fig. 3). As the classification is achieved for each
SR windows which spacing is defined by the parameters f, and
dgep (Fig. 3), 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 neighbouring windows include the same event.
Neighbouring classification is therefore a source of information that
can be used in the Markov random field (MRF) method to mitigate
uncertainties about event identification. MRE, originally used for
image processing, is a spatial clustering algorithm relying on the
classification score and the classification of neighbour points (Cross
& Jain 1983). The combination of these two parameters is achieved
through a loss function C that gathers class neighbourhood loss
Creignh and class likelihood loss Ciii, defined as follows:

Creign(x¥) = ) 1:(Class(S)) )
SeV

C],‘kel,'(x) =1In L(9 IX) (3)

C(x) = Potential x Cneigh(x) ~+ Cliketi(x), 4)

where V' i. the neighbourhood, 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 Cyeign
and Ciiey; in the loss function C. In the case of a neighbourhood
defined by the eight nearest neighbours, Cpign € [0, 8] is equal to 0
if all neighbours are of class x, and to eight if none of the neighbours
is of class x.

The efficiency of the method has been demonstrated in previ-
ous studies for the real-time classification 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 misclassified points on the classifica-
tion map.

3.6 Performance of the method

To define the performance of the method, we divided the DAS data
set 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 hypocentres located at different
geographical positions. Because of the small size of the data set,
we choose a leave-one-out cross-validation (LOOCV) evaluation
technique, consisting in keeping a single event as a test set for 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
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Figure 6. Performance measurements for several time and spatial windows.
Results are presented in terms of precision (a), recall (b) and F1 score (c).

learning algorithm to the manual classification of the corresponding
portion of the DAS data. Quantitative criteria include multiclass
precision, multiclass recall and F1-score. These values are defined
by the equations:

TP;
Precisi = — _ 5
recision . E TP, 1 FP, %)
i€Classes
TP;
Recall = — P — 6
eca . Z b TN, (6)
ieClasses
Precision x Recall
Flscore =2 X ————mm 7

Precision + Recall’

where N denotes the total number of classes, TP; the amount of
true positive considering class i, FP; the amount of false positive
and FN; the amount of false negative.
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Evolution of the F1-score for several values of potential
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Figure 7. 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.

Qualitative validation consists of a visual inspection performed
after reconstructing the classification 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 B.

4 RESULTS

4.1 Impact of DAS window size parameters

The dimensions of the window (#yi,, 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 (#yin, dwin) pairs. For each pair, we use the LOOCV
method for data set splitting and the three criteria presented in
Section 3.6. The goal is to find the best pair that maximizes the F1

score (Fig. 6¢) derived from precision (Fig. 6a) and recall (Fig. 6b).
Results given in Fig. 6 show that the choice of a temporal window
twin Smaller than 4 s, or higher than 20 s, degrades the recall. Similar
conclusions can be drawn for the choice of a spatial window dyi,
smaller than 100 m. We note that the optimization of precision
values is obtained for spatial windows dy;, higher than 250 m. In
the range #in € [8, 12]s and dyi, € [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 data set,
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: (¢yin, dwin) = (8 s, 1000 m), and
(tstep> dstep) = (45, 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. Fig. Al
in Appendix A for several events indicates that some of the points
associated with an event are undetected because of their low energy.

4.2 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 param-
eters named Score_threshold and Potential. The Score_threshold
is applied to the XGBoost score (Section 3.4) 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 F1 score on the training set after applying the MRF method
on the training database. Fig. 7 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.

4.3 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 (Fig. 8). Because of evaluation with LOOCY, the final
feature importance is averaged from each computed model.
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Figure 8. 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 9. Detection map representation of an earthquake of magnitude My, = 1.1 that happens close to Argeles-Gazost, on 2022 September 15 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.

Features presented in Section 3.3 are arbitrarily numbered from
1 to 111, and are named with their categories (temporal, spatial
or similarity) followed by their number detailed in table Al in
appendix B. For example, (Spatial77) refers to the feature n°77,
which belongs to the spatial features category. Fig. 8 shows that
the eight most important features are sorted in decreasing order of
importance as follows: average of the raw spatial trace (Spatial77),
energy filtered between [0, %] of the Nyquist frequency band (Tem-
poral40), number of peaks in autocorrelation function of spatial
and temporal traces (Spatial84 and Temporal8), ratio between the
energy in [10, 30] 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).

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 (Fig. 9) after using a score thresh-
old of 0.95 on the output of XGBoost for each event. The choice is
discussed in Section 4.1. Taking the example of an earthquake that
occurred on 2022 September 15 at 9:12:16 UTC (Figs 9a and b), we
observe that relying solely on temporal features is insufficient for
achieving accurate classification results, as anthropogenic events
generate a lot of false alarms in Fig. 9(d). Spatial and similarity fea-
tures have a lower sensitivity to anthropogenic events as depicted
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Figure 10. Detection map representation of an earthquake of magnitude My, = 1.1 that happens close to Argeles-Gazost, on 2022 September 15 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.

in Figs 9(e) and (f). The combination of all the presented features
results in a detection map with less false detections (Fig. 9¢). Each
detection map is obtained using a grid defined as (fwin, @win, fsieps
dgep) = (85, 1000m, 45, 100 m), as discussed in Section 4.1. Ap-
pendix A provides the detection maps for the 19 catalogued events
recorded during the study period.

4.4 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.

Fig. 10 contains an example of the detection of an earthquake
of magnitude M,, = 1.1 (Fig. 10c) using the SR map (Fig. 10a).
We also plot the EB map (Fig. 10b) to help the reader identify
the event location. The detection and identification maps result-
ing from our workflow, along with the SR and the EB maps,
are presented for each event recorded during the study period in
Appendix A.

The XGBoost algorithm combined with the proposed spatial and
similarity features is able to correctly detect an earthquake of mag-
nitude M,, = 0.4 at a maximum distance of 1.5 km (EQS8 in Table 1)
and quarry blasts of magnitude M,, = 1.1 at a maximum distance
of 1.0km (QB4 in Table 1). Detection is achieved despite the sur-
rounding anthropogenic noise, and quantified using the LOOCV
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 M,, = 0.8
located at 1.0 km from the closest point along the fibre (EQ12 in
Table 1). Undetected quarry blasts are located at distances higher
than 4 km from the closest point sensor of the fibre (QB2, QB3 and
QB6 in Table 1). Compared to the detected ones, they present lower
energy and are difficult to detect above the noise.

5 DISCUSSION AND CONCLUSION

This paper introduces novel DAS-oriented features—spatial and
similarity features—complementing the temporal features estab-
lished in Huynh et al. (2022). These features enhance event detec-
tion and identification within a comprehensive processing chain.
Our findings confirm that the integration of these new features sig-
nificantly improves classification outcomes, even under field condi-
tions with a standard fibre 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 ac-
quisition system for the monitoring of natural seismic sources at
regional scales. We achieved effective earthquake detection, high-
lighting DAS capability to identify such events even in challenging
conditions. Quarry blasts were accurately detected when located
within 1.8 km of the fibre optic network, showcasing the method
utility in near-field applications.

However, several limitations must be acknowledged. The rela-
tively small data set and the scarcity of natural seismic events con-
strained our analysis, impacting the interpretability of the results.
The reliance on a supervised machine learning algorithm neces-
sitated accurate data labelling, which was challenging given the
potential mislabelling of low-magnitude events. Consequently, we
opted to train our algorithm using only 10-min segments of DAS
data associated with catalogued events, as opposed to utilizing the
full three weeks of continuous data.

To address these limitations, future research could explore
semisupervised or self-supervised machine learning approaches,
which would leverage the extensive amount of data collected dur-
ing the measurement campaign (Wang et al. 2022; Zhu et al. 2023;
Rimpot et al. 2024). Additionally, extending the acquisition cam-
paign or employing data sets from other locations could enhance the
data set 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. 2019; Lapins et al. 2021; Donnadille et al. 2024).
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The geometric configuration of the fibre optic network and its
varying signal-to-noise ratio (SNR) based on position also influ-
enced our results. The non-proportional increase in distance be-
tween event sources and fibre points affects the spatial and similarity
features measured. Hence, incorporating the geographic distribution
of events through localization when possible is crucial for minimiz-
ing the influence of network geometry on model performance in
different study areas.

The ability to detect very low magnitude earthquakes, start-
ing from M,,=0.4 at a distance of 1.5km from the fibre, and
quarry blasts within 4 km, underscores the high sensitivity and
efficacy of DAS for event monitoring. This high sensitivity, cou-
pled with the distributed nature of the sensor network, estab-
lishes DAS as an excellent solution for long-term monitoring of
natural processes over regional scales with unprecedented spa-
tial resolution. Future research should address data set limita-
tions, explore semi- or self-supervised and transfer learning meth-
ods, and consider the implications of fibre geometry on detection
performance.
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APPENDIX A: THE NINETEEN
IDENTIFIED EVENTS ON DAS
RECORDING

Appendix A gives an overview of all the events recorded by BCSF-
RENASS and visually inspected on the DAS recordings. Fig. Al
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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Figure Al. Strain rate, energy band, score map and detection map of the 19 recorded events along the fibre. Strain rate and energy band are computed directly
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from acquired data, whereas score map and detection map are obtained using our classification processing chain.
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Figure Al. (continued) strain rate, energy band, score map and detection map of the 19 recorded events along the fibre. Strain rate and energy band are
computed directly from acquired data, whereas score map and detection map are obtained using our classification processing chain.

GzZ0z 1udy 10 uo 1s8nb Aq £/6£€£8//29%/1/0vZ/81o11e/[6/woo dno-ojwspese//:sdiy woly pepeojumog


art/ggae382_fa1b.eps

Strain Rate Energy Band Score

T O T Oam —
-40 20 O 20 40 0 200 400 600 0 02 04 06 08 1
Amplitude (nanostrain/s) Amplitude (a.u.) Vote Ratio

(D Quarry Blast of Magnitude 1.1 ; 1 km from fiber (2022-09-08, 10:03:36 UTC)

noise

Detection Classification
event noise earthquake quarry
blast

Spatial and similarity features for DAS

Start recording: 09:56:50 UTC

Start recording: 17:06:50 UTC

Start recording: 07:06:50 UTC

Distance (km)

y E

Start recording: 17:36:50 UTC

80

60

40

20

0 200 400 200 400

Time (s)
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computed directly from acquired data, whereas score map and detection map are obtained using our classification processing chain.
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Figure Al. (continued) Strain rate, energy band, score map and detection map of the 19 recorded events along the fibre. 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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Figure Al. (continued) Strain rate, energy band, score map and detection map of the 19 recorded events along the fibre. Strain rate and energy band are
computed directly from acquired data, whereas score map and detection map are obtained using our classification processing chain.

APPENDIX B: FEATURES USED TO tures related to waveform, the temporal features related to spec-
DESCRIBE THE SR SIGNAL trum, the temporal features related to spectrogram, the spa-
tial features and the similarity features. Spatial and similar-
ity features were developed in this study specifically for DAS
recordings.

Appendix B gives an overview of all the features used for the
machine learning process. Table B1 gathers the temporal fea-
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Table B1. Features used to describe the SR signal.

Number

Description

Formula

Temporal features—Waveform

Averaging in window

O 0 NN AR W~

28

29

Ratio of the mean over the maximum of the envelop signal
Ratio of the median over the maximum of the envelop signal
Ratio between ascending and descending time

Kurtosis of the raw signal (peakness of the signal)
Kurtosis of the envelop

Skewness of the raw signal

Skewness of the envelop

Number of peaks in the autocorrelation function

Energy in the first third part of the autocorrelation function

Energy in the remaining part of the autocorrelation function
Ratio of 10 and 9

Energy of the signal filtered in 5-10 Hz, 10-30 Hz, 30-50 Hz,
50-75 Hz, 75-100 Hz

Ratio between (12,13), (12,14), (12,15), (13,14), (13,15),
(14,15)

Kurtosis of the signal filtered in 5-10 Hz, 10-30 Hz,

30-50 Hz, 50-75 Hz, 75-100 Hz

RMS between the decreasing part of the signal and
[(Z) = Yiax — Fonax

£ —Imax
Maximum of envelope

f‘;‘ajﬁ with fmax: time of the largest amplitude

% with m4: fourth moment, 6: standard deviation

see 4

% with m3: third moment, 0: standard deviation

see 6

fOT/ 3 C(t)dt, with T signal duration, C: autocorrelation
function

see 9

fOT yr(t)dt, with y: filtered signal in the frequency range
/1, /2]

see 4

VY(@)—1 (1)2, with Y: envelop of the signal spectral features

Temporal features—Spectral

Averaging in window

30
31
32
33
34
35
36
37
38
39
40-43
44

45
46

Mean of the DFT

Max of the DFT

Frequency at the maximum of the DFT
Frequency of spectrum centroid
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 (> 0.75DFTax)
Mean peaks value for peaks > 0.7
Energy in [07] Ny, [5 3] NyE [33] NyE [31] NyF
Spectral centroid

Gyration radius

Spectral centroid width

DFT: discrete Fourier transform

DFTpax: maximum of the DFT

J ~.12 DFT(f)df, with f1, f>: considered frequency ranges

f
Y= %, with m, m,: first and second moment
yy = /™ with m3: third moment

my?

»=yri+vs

Temporal features—Spectrogram

Averaging in window

47

48
49
50
51
52
53
54
55
56
57

58
59

60

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

Kurtosis of the maximum of all DFTs as a function of time #
Mean ratio between the maximum and the mean of all DFTs
Mean ratio between the maximum and the median of all DFTs
Number of peaks in the curve showing the temporal evolution
of the DFTs maximum

Number of peaks in the curve showing the temporal evolution
of the DFTs mean

Number of peaks in the curve showing the temporal 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
DEFTs 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 temporal evolution of
the DFTs maximum frequency and mean frequency

Mean distance between the curves of the temporal evolution of
the DFTs maximum frequency and median frequency

kurtosis[maxc[o, 11(SPEC(t, f))], with SPEC(z, f):
spectrogram as a function of time #

see 47

max(SPEC)
mean( mean(SPEC)

see 49
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Number Description Formula
61 Mean distance between the 1st quartile and the median of all —
DEFTs as a function of time
62 Mean distance between the 3rd quartile and the median of all —
DEFTs as a function of time
63 Mean distance between the 3rd quartile and the 1st quartile of —

all DFTs as a function of time

Spatial features

Averaging in window

64
65
66
67
68
69
70
71
72

73

74

75

Mean of the envelope of spatial trace

Mean of the raw spatial trace

Standard deviation of the envelope of spatial trace
Standard deviation of the raw spatial trace

Kurtosis of the envelope of spatial trace

Kurtosis of the raw spatial trace

Skewness of the envelope of spatial trace

Skewness of the raw spatial trace

Number of peaks of the autocorrelation function of spatial
trace

Energy in the 1/3 around the origin of the autocorrelation
function of spatial trace

Energy in the last 2/3 of the autocorrelation function of spatial
trace

Ratio of 74 and 73

Standard deviation in window

76
77
78
79
80
81
82
83
84
85

86
87

Mean of the envelope of spatial trace

Mean of the raw spatial trace

Standard deviation of the envelope of spatial trace

Standard deviation of the raw spatial trace

Kurtosis of the envelope of spatial trace

Kurtosis of the raw spatial trace

Skewness of the envelope of spatial trace

Skewness of the raw spatial trace

Number of peaks of the autcorrelation function of spatial trace
Energy in the 1/3 around the origin of the autocorr function of
spatial trace

Energy in the last 2/3 of the autocorr function of spatial trace
Ratio of 86 and 85

see 4
see 4
see 6
see 6

see 9

see 9

Similarity features

Averaging in window

88

89

90

91
92

93

94
95

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

Maximum of cross-correlation function computed 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 autocorrelation function of
the DTW temporal distortion function*

Energy in the remaining part of the autocorrelation function of
the DTW temporal distortion function®

Ratio of 93 and 92

Difference of 93 and 92

Standard deviation in window

96

97

98

99
100

101

102

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

Maximum of cross-correlation function computed 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 autocorrelation function of
the DTW temporal distortion function*®

Energy in the remaining part of the autocorrelation function of
the DTW temporal distortion function*®

Ratio of 101 and 100
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Table B1. Continued

Number Description Formula

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 computed 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 autocorrelation function of —
the DTW temporal distortion function*

109 Energy in the remaining part of the autocorrelation function of —
the DTW temporal distortion 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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