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S U M M A R Y 

Distributed acoustic sensing (DAS) is becoming increasingly popular in microseismic mon- 
itoring operations. This data acquisition technology converts fibre-optic cables into dense 
arrays of seismic sensors that can sample the seismic wavefield produced by active or passive 
sources with a high spatial density, over distances ranging from a few hundred metres to tens of 
kilometres. Ho wever , standard microseismic data analysis procedures hav e sev eral limitations 
when dealing with the high spatial (intersensor spacing up to submetre scale) sampling rates 
of DAS systems. Here, we propose a semblance-based seismic event detection method that 
fully exploits the high spatial sampling of the DAS data. The detector identifies seismic events 
b y computing w aveform coherence of the seismic wavefield along geometrical hyperbolic 
trajectories for different curvatures and positions of the v erte x, which are completely inde- 
pendent from external information (i.e. velocity models). The method detects a seismic event 
when the coherence values overcome a given threshold and satisfies our clustering criteria. 
We first validate our method on synthetic data and then apply it to real data from the FORGE 

geothermal experiment in Utah, USA. Our method detects about two times the number of 
events obtained with a standard method when applied to 24 hr of data. 

Ke y words: Earthquak e source observations; Induced seismicity; Seismic instruments. 

1  I N T RO D U C T I O N  

Distributed acoustic sensing (DAS) is a fibre-optic-based data ac- 
quisition technology that is gaining popularity in a broad range of 
seismological applications. From seismic monitoring in volcanic 
(Jousset et al. 2022 ), volcano-glacial environments (Klaasen et al. 
2021 ), offshore areas (Shinohara et al. 2022 ) and aftershock sce- 
narios (Li et al. 2021 ; Zeng et al. 2022 ); to downhole (Lellouch & 

Biondi 2021 ), surface applications (Lindsey & Martin 2021 ), traf- 
fic and rail wa y monitoring (Wang et al. 2021 ). Different industrial 
applications also benefit from the use of DAS, such as induced seis- 
micity monitoring (Webster et al. 2013 ; Karrenbach et al. 2019 ), 
CO 2 sequestration monitoring (Daley et al. 2013 ), hydraulic stimu- 
lation (Karrenbach et al. 2017 ) and geothermal sites (Lellouch et al. 
2020 , 2021 ). 

A DAS system operates by sending a laser pulse along a fibre- 
optic cable. Due to small fluctuations (i.e. inhomogeneities) of the 
refractiv e inde x within the fibre, a portion of the light pulse travelling 
through the cable is backscattered. The reflected pulse is sent back 
along the fibre to the source device that also works as a receiver. This 

de vice is commonl y known as interro gator unit (IU). The IU exploits 
the Rayleigh backscattering principle, where the transmitted and 
the backscattered pulse have the same frequency, and the phase 
difference between the two can be translated to dynamic strain along 
the fibre. When the fibre is unperturbed (i.e. no static or dynamic 
deformation is occurring), the arri v al phase of the backscattered 
light is constant. In the presence of an exter nal per turbation (e.g. 
an incident seismic wave), the fibre length changes and produces 
a corresponding phase delay in the backscattered pulse, which is 
recorded and converted by the IU into strain or strain rate. More 
technical details about DAS acquisition systems can be found in 
Lindsey et al. ( 2020 ) and Paitz et al. ( 2021 ). 

The use of DAS technology is constantly increasing in in- 
duced seismicity monitoring with borehole installations (Lellouch 
& Biondi 2021 ). In such applications, the typical monitoring set- 
ting consists of a geophone chain deployed in a deep borehole, 
allowing to detect a larger number of seismic events with respect to 
conventional surface seismic networks (Maxwell et al. 2012 ; Rossi 
et al. 2023 ). Despite their e xtensiv e use, borehole arrays of geo- 
phones have two main limitations: (1) their operational temperature 
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may strongl y af fect their installation depth, and (2) the need for 
a dedicated monitoring well (or observation well) that increases 
operational costs. These limitations are particularly pernicious in 
monitoring operations of induced seismicity associated with en- 
hanced geothermal systems (EGS). In fact, the hot dry rocks of an 
EGS may reach temperatures higher than 300 ◦C, hence deploying 
con ventional geophones do wn to the reservoir level is not feasible 
as the electronics of these sensors is not designed to work in such 
high temperature conditions (Zhidong et al. 2019 ). Last but not 
least, conventional seismometer deployments sample the seismic 
wavefield in a sparse network of point measurements, making these 
sensors of limited use to analyse the complexity of the seismic wave- 
field in great detail. Alternati vel y, the fibre-optic cable can resists to 
high temperatures (Zhidong et al. 2019 ). In addition, DAS systems 
sample the seismic wavefield with a very high spatial sampling (up 
to submetre scale) over tens of kilometres (Wang et al. 2020 ), pro- 
viding a more complete picture of the seismic wavefield. Thus, DAS 

recordings can potentially enable us to detect features of the seismic 
wavefields that would go unnoticed with conventional recordings. 
For e xample, Lindse y et al. ( 2019 ) sho w that D AS recording were 
able to capture/image waves from an on-shore earthquake reflected 
at pre viousl y unknown of fshore faults located below the deployed 
fibre-optic cable. 

For these reasons, DAS is a promising technology for the moni- 
toring of induced seismicity associated to EGS operations. Another 
benefit of this technology is that any production or stimulation well 
can be turned into an observation well by just installing an optical 
fibre behind the casing. This reduces the costs of the monitoring 
infrastructure but also improves the earthquake detection capability 
of DAS since the distance from the sensing fibre to the reservoir 
is reduced. Ho wever , a do wnside of this technolo gy is the massi ve 
amount of produced data. An example takes place at the Frontier 
Obser vator y for Research in Geothermal Energy (FORGE) site in 
Utah, USA. This is a dedicated underground field laboratory aim- 
ing at developing, testing and accelerating breakthroughs in EGS 

technolo gies to adv ance the uptake of geothermal resources around 
the world (McLennan 2022 , Fig. 1 ). At FORGE, there have been 
several DAS acquisition campaigns. For instance, the one in 2022 
April (McLennan 2022 ), which provides the real data set for this 
study, used two observation wells, namely 78A-32 and 78B-32. The 
interrogated sensing optical fibre was 2482 m long. DAS data were 
acquired using the following settings: a gauge length of 10 m, a 
channel spacing of 1 m and laser launch rate of 20 kHz. Data were 
saved with a sampling frequency of 4 kHz and in 15 s chunks. Such 
a configuration produced about 1.3 TB of data per day. 

The large data sets produced by DAS systems highlights the 
problem of data storage. This is particularly true when dealing with 
weeks or months long seismic monitoring campaigns. A potential 
solution that could partially solve this challenging problem is to 
store only the target data, such as waveforms containing only the 
signal of the seismic events of interest. Unfortunately, standard 
pick-based seismological techniques do not exploit the high spatial 
density of DAS data and current seismic event detectors may miss 
a non-negligible number of seismic events. For this reason, using 
standard detectors during seismic monitoring campaigns with DAS, 
increases the risk of permanently losing useful information. Another 
downside of DAS applications is its single-component nature. That 
is, a DAS system measures only along the axial direction of the fibre 
and, in borehole geometries, it provides no azimuthal information 
for earthquake recordings (Tuinstra et al. 2023 ). 

Since the use of DAS technology for earthquake monitoring is a 
y et-to-be-estab lished practice, few algorithms for earthquake detec- 
tion have been developed for DAS data. For instance, Lellouch et al. 
( 2019 ) developed a detection method based on a single-parameter 
scan of the incidence angle and measurement of data coherence 
along different possible traveltime curves, given a seismic velocity 
model. Seismic detection methods based on the measurement of 
local data coherence have been proposed also for large-N dense 
networks (Li et al. 2018 ). Other methodologies of earthquake de- 
tection for DAS data based on convolutional neural networks have 
been developed (Binder & Chakraborty 2019 ; Stork et al. 2020 ; 
Huot et al. 2022 ; Zhu et al. 2023 ). In our opinion, a seismic event 
detector suitable for DAS data must meet the following criteria: 
(1) it must exploit the high spatial density of DAS, (2) it must be 
sensitive but robust at the same time (i.e. low missed and low false 
event detection rates) and (3) it needs to be computationally fast to 
be applied in real-time or near real-time. 

In this work, we provide a solution to this important problem 

by implementing HECTOR (coHerence-based Earthquake deteC- 
TOR), a semblance-based seismic event detection method that fully 
exploits the characteristics of DAS data. We first introduce the the- 
oretical background at the base of our earthquake detector. Next, to 
e v aluate the performance of HECTOR, we test it both on synthetic 
and real DAS microseismic data acquired during the 2022 EGS stim- 
ulation campaign at the Utah FORGE site for which a DAS-based 
seismic catalogue has been already built by Silixa (LLC 2022 ), 
this is our reference catalogue in this study . Finally , we discuss the 
performance of the algorithm by comparing our results with the 
reference catalogue. 

2  DATA  A N D  M E T H O D S  

2.1 Detection method 

The detection methodology consists of two parts: (1) the first one 
e v aluates the spatial coherence of the seismic waveforms using the 
semblance function; and (2) the second part performs a clustering 
analysis of the coherence time series obtained from the first part of 
the methodology to identify microseismic events. 

2.1.1 Waveform coherence 

HECTOR exploits the high spatial sampling of DAS for real-time 
microseismic monitoring. In particular, for a linear segment of the 
optical fibre, HECTOR e v aluates the coherence of the seismic wave- 
forms along hyperbolic trajectories by using the Semblance function 
(Neidell & Taner 1971 ). The equation of the hyperbola we use to 
calculate the coherence is defined as: 

t i ( T , X, C ) 2 = T 2 + 

( x i − X ) 2 

C 

2 
, (1) 

where, t is the time of the trace recorded at the position x i (along the 
fibre axis), while the coefficients X , T , and C represent, respecti vel y, 
the spatial offset with respect to the v erte x of the hyperbola, the time 
offset and the curvature. Since we are interested only on positive 
values, the previous equation can be written as: 

t i ( T , X, C) = 

√ 

T 2 + 

( x i − X ) 2 

C 

2 
. (2) 
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Figure 1. Location map of the FORGE site in Utah, USA. The triangles represent the different wells used for the third stage of the 2022 April stimulation 
campaign. Well 16A(78)-32 corresponds to the injection well, 58-32 (located at 905 m from the injection well) is a monitoring well with a geophone array 
used by Geo Energy Suisse to build a seismic catalogue. Wells 78A-32 and 78B-32 (located at 1308 m from the injection well) host the fibre optic of the DAS 
system. The data used in this study were recorded at well 78B-32. The well scheme illustrates the design of the DAS system used to monitor the stimulation 
campaign during 2022 April. Wells 78A-32 and 78B-32 are separated by a surface distance of 85 m and connected to allow for simultaneous data acquisition 
using a single DAS IU. The system starts recording at the bottom of well 78A-32 and the end of the array is at 1193 m below the surface in well 78B-32. 

Finally, the Semblance function S can be written as: 

S( T , X, C) = 

∑ N 
j= 1 

(∑ M 

i= 1 A ( t i j ) 
)2 

M 

∑ N 
j= 1 

∑ M 

i= 1 A ( t i j ) 2 
with t i j = t i ( T , X, C) + jdt, 

(3) 

where M is the total number of seismic traces (i.e. the number 
of the recording elements of the fibre), N is the length of the sam- 
ple window and A is the amplitude for the i th trace at the time t ij . 
Depending on the application, we can choose to use either raw or 
processed wav eforms (e.g. env elope) to calculate the semblance. 
The Semblance value ranges between 0 and 1, where 1 indicates 
perfect coherence and 0 no coherence of the signals from the differ- 
ent traces. The detector identifies seismic events by evaluating the 
waveform coherence along geometrical hyperbolic windows (slid- 
ing window hereafter, Fig. 2 c), while changing their curvature and 
the position of the v erte x ov er the data space. 

The algorithm generates a volume of 2-D semblance matrices 
(Fig. 2 .b) whose number of matrices and the rows and columns 
of each matrix is gi ven b y the number of X , C and T coefficients, 
respecti vel y. The latter is decided upon the required resolution and 
processing times. Finally, the selected semblance matrix is the one 
with the highest coherence values. 

The hyperbolic trajectories that do not follow the seismic wave- 
field will have an overall semblance value close to zero, since it is 
equi v alent to the sum of random noise. On the contrary, the hyper- 
bolic trajectories that do follow the seismic wav efield, re gardless 
the wave phase, will tend to have higher coherence values. The 
hyperbolic trajectories used to measure the waveform coherence 

are completely independent from external information (i.e. velocity 
model and hypocentral location), therefore, our method uses the 
waveform data as the only input. The output is a time-series of 
coherence values that is the result of squaring and summing the co- 
herence values along the columns of the selected semblance matrix. 
Squaring the values of the semblance matrix allows us to reduce 
even more the small coherence values related to the random noise 
while increasing the difference with higher coherence values, poten- 
tially associated with seismic events. Each column represents a time 
step in the computation of the semblance matrix and the number 
of columns depends on the number of T coefficients (Fig. 2 a). The 
coherence time-series is a 1-D expression of the semblance matrix, 
obtained in the first part of the detection methodology. This outcome 
is used as input for the second part of the detection methodology, 
where we perform a clustering of the coherence values that exceed a 
detection threshold to identify potential detections of microseismic 
events. 

It is important to note that applying the Semblance function di- 
rectly to raw seismic waveforms (i.e. zero mean traces) can lead, 
in some cases, to spurious results. This is due to the non-isotropic 
radiation pattern of an earthquake source. In such cases, waveforms 
recorded along the fibre may have reversed polarities, thus reducing 
the overall coherence produced by the stacking process. To avoid this 
issue, one may use normalized ST A/LT A functions based on energy 
(a non-ne gativ e function), that mitigates the effect of the radiation 
pattern (Grigoli et al. 2013 ). Ho wever , stacking non-ne gativ e func- 
tions (such as the energy or the envelope of each trace) reduces the 
radiation pattern’s impact but does not suppress the random noise. 
Random noise suppression can be achieved by zero-mean stacking 
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Figure 2. Sketch of the semblance-based detection method. (a) Represents the coherence time-series, which overcomes the detection threshold in the presence 
of energy signal. (b) Shows a volume of 2-D semblance matrices resulting from the scanning of the waveform coherence along geometrical hyperbolic 
shapes. Each semblance panel results from the scanning at each specific X position along the spatial offset. (c) Illustrates the range of geometrical hyperbolae 
(coefficients C 1 to C N ) at each X and T used to measure the waveform coherence along a finite-width data window ( t j to t j + � t ) (from now on sliding window) 
illustrated by the orange hyperbolic area. The coefficients X and T allow for the scanning of events along the spatial and temporal axes, respectively. In the 
absence of an energy signal, the method returns low coherence v alues. Howe ver, in the presence of a hyperbolic event, it is detected as a high coherence region, 
which, if overcomes the detection threshold and satisfy our clustering criteria, is declared as a seismic event. 

functions, such as raw waveforms. In the FORGE case, the length 
of the fibre is limited compared to the distance from the stimulation 
site. Such a condition allows the successful use of raw waveforms 
without further data processing and without having the problem of 
the radiation pattern effect (due to the limited sampling of the focal 
sphere). 

2.1.2 Clustering analysis 

We calculate the detection threshold as the mean of the coherence 
time-series after removing the 5 per cent of the lowest and largest 
values. The clustering approach requires the calibration of two pa- 
rameters: (1) the minimum number of samples required to form a 
cluster, and (2) the maximum number of adjacent samples below the 
detection threshold to consider a single cluster. Clusters that meet 
the previous parameters are considered as potential microseismic 
events where the detection time corresponds to the time of the first 
sample in the cluster (Fig. 3 ). 

To refine the initial list of detections from the cluster analysis, we 
apply a signal-to-noise ratio (SNR) criterion and calculate the RMS 

of the signal and noise windows as follows: 

E RMS = 

√ ∑ N 
i= 1 w 

2 
i 

N 

, (4) 

where N is the length of the time window in samples and w i is 
the i th sample of the waveform. Then, the SNR is computed as: 

SNR = 20 log 10 
E RMS signal 

E RMS noise 
. (5) 

The SNR threshold used to refine the initial list of detections will 
depend on the data quality and noise levels and can be manually 
tuned to enhance the number of real detections and minimize the 
number of false detections. 

The signal and the noise windows are represented by a certain 
number of coherence samples after and before a detection time, re- 
specti vel y. The noise window is shorter than the signal window. We 
retain the detection as an event if the SNR is larger than a certain 
threshold, otherwise we reject it. In the case of consecutive coher- 
ence samples exceeding the detection threshold for a time longer 
than the maximum duration expected for the targeted microseismic- 
ity, we inspect the possibility of the presence of two microseismic 
events within the same cluster of coherence samples. Multiple mi- 
croseismic events falling within the same cluster are expected when 
the interevent distances are very short (Fig. 3 ). In the case of clusters 
of coherence samples exceeding the duration of targeted microseis- 
mic events, we search for the largest positive step (i.e. the largest 
difference in subsequent coherence values) in the coherence values 
and consider it as a potential microseismic event. To confirm the 
e vent, we appl y an SNR criterion like the one applied for the first 
detection. The method is currently unable to detect more than two 
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Figure 3. Schematic representation of the clustering approach used to individuate seismic events from the coherence time-series (Fig. 2 ). A seismic event is 
returned when a cluster contains a minimum number of samples above the detection threshold and passes an SNR control (see the text). The number of samples 
within the coherence time-series is equal to the number of columns of the semblance matrix. The value of each sample of the coherence time-series is equal 
to the sum along the columns of the coherence matrix of the squared coherence values (Fig. 2 ). When an event is detected, the detection time of the event 
corresponds to the time of the first sample in the coherence time-series. When the cluster size is larger than a time longer than the maximum duration of the 
targeted microseismicity (MDTM), we inspect the possibility that a given cluster contains two events (see Section 2.1.2). 

ev ents should the y fall within the same cluster of the coherence 
time-series. 

It is worth mentioning that this methodology is developed specif- 
ically to detect microseismic events monitored in straight fibres 
where the seismic wavefield can be approximated as hyperbolic 
e vents. Howe ver , HECT OR also allo ws to detect events originating 
in the far field if low curvature parameters are provided to match 
plane waves and a proper tuning of the clustering parameters. 

In the next sections, we test and validate the performance of our 
detector (HECTOR) by applying it both to synthetic and real data. 

2.2 Data pre-processing 

A sequence of pre-processing steps are applied to the data before 
running the detector. In this work, we defined an automatic denoising 
w orkflo w (Fig. 4 ) that is crucial to improve the capability of our 
detector especially for weak or very low-magnitude events. 

The denoising w orkflo w consists of the following steps: (1) ap- 
plication of a low-pass filter (before downsampling to avoid aliasing 
effects) and downsampling of the traces, the latter to enhance com- 
putational speed. (2) Removal of the linear and mean trends of each 
trace of the array. (3) Normalization of the trace amplitudes by 
its corresponding maximum to reduce the effect of the geometri- 
cal spreading, receiver coupling and nonlinear effects (see Miah & 

Potter 2017 ), for a detailed re vie w. (4) Application of a bandpass 
filter to remove the high- and low-frequency noise on the traces and 
isolate the frequency band of interest for the events in the catalogue. 
(5) Application of a frequenc y–wav enumber (FK) filter to attenuate 
any coherent noise. The FORGE data set is characterized by strong 
coherent noise parallel to the fibre. The FK filter is an optimal ar- 
ray seismology technique used to attenuate this kind of unwanted 
energy. 

Fig. 4 shows an example of a low-amplitude microseismic event 
(maximum amplitude 44 n ε/ s ) before and after applying the denois- 
ing w orkflo w. The e vent is slightl y visible in the time domain and 
in the FK spectrum of the raw data (Figs 4 a and b). Ho wever , after 
applying the denoising w orkflo w, the coherent noise along the k = 

0 wavenumber is strongly attenuated as well as the high-frequency 
random noise, highlighting the spatial coherence of the seismic 
event (Figs 4 c and d). 

2.3 Data 

We first generated a synthetic DAS data set of 36 events sampled 
at 500 Hz, with an intertime distance of 5 s, central frequency of 
50 Hz and local magnitudes ( M l ) ranging between −2.0 to 1.5 by 
using the software Salvus (Afanasiev et al. 2019 ) and the velocity 
model available in Lellouch et al. ( 2020 ). The synthetic data-set 
resembles real DAS data recorded at FORGE, and allows us to 
have full control over the earthquake source parameters, test the 
performance of HECTOR and validate our methodology. 

To build the data set we first generated the synthetic waveforms 
(Fig. 5 ) for a reference event recorded during the stimulation cam- 
paign in 2019 April. Using the earthquake catalogue available in 
Lellouch et al. ( 2020 ), we defined as reference an event of M l 0.91 
that occurred on 2019 April 23, at 21:32:09 UTC, at hypocentral 
distance of 3390 m from the bottom of the fibre. We simulated 
the synthetic strain waveforms for a fibre cable of 1.2 km with 
1 m interchannel spacing (as in the real data set). We then converted 
the waveforms in strain rate and corrected the amplitudes by scaling 
them with the waveform amplitudes of the corresponding real event. 
The scaling of the amplitudes is necessary to achieve synthetics that 
are closer to the recorded signals. 

Finally, to simulate the full set of events with different magnitudes 
we re-scaled the amplitudes of the synthetic waveforms using the 
following relation: 

A 

M 

i ( t) = A 

R 
i ( t) 

10 M 

10 M 

R , (6) 

where A 

R 
i ( t) are the waveform amplitudes of the reference event 

with magnitude M 

R (here M 

R = 0.91), while A 

M 

i ( t) are the scaled 
amplitudes for an event of magnitude M . The index i refers to the 
i th DAS sensor. Finally, to obtain a data set as similar as possible 
to the real data, we superimposed Gaussian distributed noise to the 
synthetic traces. We first calculate the real noise as the mean of the 
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Figure 4. Example of the application of the denoising w orkflo w. (a) Ra w D AS data with strong coherent noise parallel to the fibre-optic cable. (b) FK spectrum 

of the raw DAS data. The strong coherent noise is mapped along the wavenumber zero and hinders the spectrum of the energy signal. (c) Denoised DAS data. 
(d) FK spectrum of the denoised DAS data. The colour scale of the FK spectra are normalized to 1, but saturated to 0.5 for visualization purposes. 

Figure 5. (a) 15 s of real DAS data containing the M l 0.91 earthquake occurred on 2019 April 23, at 21:32:09 UTC, located at a hypocentral distance of 
3390 m from the very end of the fibre, used to build the synthetic waveforms. (b) 15 s of synthetic DAS data. The synthetic event has an amplitude equi v alent 
to an M l 0.91 event and it is located at a depth of 1600 m and epicentral distance of 3000 m from the well. 
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RMS of four 15 s chunks of data (i.e. four files). We then calculate 
the standard deviation of the data in the four 15 s chunks to simulate 
Gaussian distributed noise. Finally, we apply to the synthetic traces 
the denoising w orkflo w of Section 2.2 to measure the maximum 

amplitudes before calculating the noise. This synthetic data set aims 
to reproduce different SNR conditions rather than reproducing the 
exact amplitudes of events of different magnitudes which is beyond 
the scopes of this study. 

We then e v aluated the performance of HECTOR by applying it 
to real data acquired at FORGE during the stimulation campaign in 
2022 April. We used data acquired with the Silixa’s Carina sensing 
system along two simultaneously interrogated observation wells, 
namely 78A-32, and 78B-32. As mentioned before, the interrogated 
optical fibre had a length of 2482 m and DAS data were acquired 
using a gauge length of 10 m and a channel spacing of 1 m. Data 
w ere sa v ed with a sampling frequenc y of 4 kHz and in files of 15 s 
chunks. Additional details on the DAS acquisition can be found in 
the Stimulation Silixa Microseismic Report (LLC 2022 ). 

We focus on data acquired during the third stimulation stage, 
starting on 2022 April 21 at 13:48:22 UTC, that generated the 
largest number of microseismic events among the three stimulation 
stages performed in 2022 April. We downloaded 24 hr of DAS data 
(1.3 TB), from 2022 April 21 at 13:00 UTC to April 22 at 13:00 
UTC. Silixa’s catalogue contains 1199 events within the investi- 
gated time interval (LLC 2022 ). 

3  R E S U LT S  

In this section, we describe the parameters chosen for each test 
and report the detection results for the synthetic and real data sets, 
respecti vel y. 

3.1 Results for the synthetic data set 

A required step in the development of novel seismological algo- 
rithms consists in e xtensiv e testing with synthetic data. 

Here, for our synthetic tests, we apply HECTOR with the fol- 
lowing parameters: sliding windows ( N ) of 20 samples and steps 
( T ) of 10, and hyperbolic curvature values ( C 1 to C N ) between 50 
and 200 with steps of 5. The curvature parameters are dependent on 
the distance of the events from the fibre. The size and steps of the 
sliding window are decided upon the sampling rate of the data and 
the required resolution. We fixed the lateral search parameter ( X ) to 
be the depth of the deepest sensor which is a good assumption when 
the microseismic events are deeper than the bottom of the fibre. 
We set to eight the minimum number of samples over the detection 
threshold to declare an event and to three the maximum number 
of consecutive samples below the detection threshold to identify 
the synthetic microseismic events. The previous parameters were 
defined based on a trial-and-error procedure. 

We report the results of the synthetic test in Fig. 6 and Fig. S1 of 
the Suppor ting Infor mation. The application to the synthetic data set 
clearly shows that HECTOR can successfully detect microseismic 
events with very low SNR or even microseismic events hidden in the 
noise if the signal is coherent across multiple channels of the fibre 
(Fig. 6 ). For the synthetic data we also observe a good agreement 
betw een the P -wa ve arri v al of the events (Fig. 6 c) and the detection 
time (Fig. 6 a). Microseismic events with lower amplitudes (Figs 6 c 
and d) result in lower coherence values (Figs 6 a and b). Ho wever , 
we are unable to detect signals with extremely low amplitudes with 

respect to the noise amplitude as shown in Fig. S1 of the Support- 
ing Information. After successfully validating HECTOR with the 
synthetic data set we apply it to real data. 

3.2 Results for the real data set 

In order to apply the detector to the real data, we calibrated the 
detection and clustering parameters on a set of 50 files containing: 
single events, multiple events with small interdistances (Fig. 7 ), or 
only noise (Fig. S2 , Suppor ting Infor mation). We obser ve that the 
typical duration of microseismic events recorded along the fibre- 
optic cable is 0.6–0.8 s. To enhance computational speed, we used 
only the channel interval from 1350 to 2384 (Fig. 7 ), corresponding 
to the optical-fibre cable located along the observational well 78B- 
32. We omit the topmost channels from the well 78B-32 (from 

1215 to 1350) due to the high noise levels near the surface. We 
downsampled the real data to 600 Hz, applied a bandpass filter 
between 10 to 250 Hz and an FK filter to attenuate coherent linear 
noise and unwanted energy. 

The calibrated detection parameters for the e v aluation of the 
waveform coherence consist of a sliding window of 20 samples 
with a time search step ( T ) of 10 samples and the curvature values 
( C 1 to C N ) from 100 to 180 with a step of 5. The lateral search was 
fixed to match the depth of the deepest sensor as in the case of the 
synthetics. This assumption is valid in the specific case of FORGE 

where the events are deeper than the bottom of the fibre. 
Regarding the clustering parameters for the detection of micro- 

seismic events, we set to 10 the minimum number of samples above 
the detection threshold to identify a cluster (i.e. potential detection). 
If two or more consecutive clusters (or samples above the threshold) 
are separated by less than two samples below the detection thresh- 
old, they are grouped into the same cluster. As mentioned in the 
methodolo gy, we appl y an SNR criterion to refine the list of detec- 
tions. We defined a signal window to be 30 samples (corresponding 
to 0.5 s) of the coherence time-series and the noise window to be 
20 samples (from 2 to 22 coherence samples before the detection 
time, corresponding to about 0.3 s, Fig. 3 ). The second pair of sig- 
nal and noise windows to explore the presence of two events within 
the same cluster are equal to the first 20 samples of the coherence 
time-series after the additional detection time, while the noise win- 
dow includes 15 samples, namely from 2 to 17 samples before the 
additional detection time, Fig. 3 ). We kept the detection as an event 
if the SNR was larger than 4. 

After the calibration, we processed the 24 hr of real data and ini- 
tially detected 2236 events (before de-clustering). As comparison, 
Silixa’s catalogue contains 1199 detections for the same time in- 
terval (before de-clustering). Their catalogue contains microseismic 
events detected using an ST A/LT A method applied to the fibre-optic 
cab les deploy ed in both the observation wells. 

To better show the performance of our algorithm, we made a 
rigorous comparison of the events in our catalogue with those in 
the Silixa’s catalogue (LLC 2022 ). We removed possible duplicated 
e vents b y de-clustering both catalo gues with the remov al of the 
second detection when two detections are less or equal than 0.7 s 
apart. We retained 2187 and 1169 e vents, respecti vel y. Then, we 
searched for common events in the catalogues by considering a 
time interval of ±0.6 s from the detection time of the events in 
our catalogue. We found 1086 common events, while 83 events 
are only contained in the Silixa’s catalogue, and 1101 events are 
only contained in our catalogue (Fig. 8 ). We manually inspected all 
the detected events and classified as ‘false detection’ 6 out of the 

https://academic.oup.com/gji/article-lookup/doi/10.1093/gji/ggae016#supplementary-data
https://academic.oup.com/gji/article-lookup/doi/10.1093/gji/ggae016#supplementary-data
https://academic.oup.com/gji/article-lookup/doi/10.1093/gji/ggae016#supplementary-data
eusebio
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Figure 6. 60 s of synthetic DAS data containing events from M l −0.8 to 0.3 (from right to left) with overlapped Gaussian noise. (a) Coherence time-series 
where the starting time of each event is indicated by the black vertical dashed line. (b) Semblance matrix resulting from the scanning of the waveform coherence 
along geometrical hyperbolic shapes. (c) Synthetic event waveforms separated by 5 s windows. The dashed black line indicates the channel shown in panel (d). 
(d) Waveform from a single channel that contains the events from M l −0.8 to 0.3 (from right to left). Top right of the event waveforms is reported the SNR 

calculated on the shown trace. SNR is estimated using a noise window of 1 s before the P -wave arrival and a signal window of 1.5 s after the P -wave arrival. 

Figure 7. (a) Coherence time-series for three events in a 15 s window. Detection times are: 17:06:28.5, 17:06:29.9 and 17:06:34.8 UTC on 2022 April 21. 
Dashed vertical black lines indicate the detection time of the microseismic events. (b) Semblance matrix in which the three regions of maxima correspond 
to the three microseismic events detected by HECTOR. (c) Real DAS data from FORGE (well 78B-32) that contains three microseismic events with varying 
amplitudes. The first two events occur between 4 and 6 s, while the third event, with the smallest amplitude among the three, occur between 10 and 11 s. DAS 
data in panel c are already filtered following the denoising workflow (Section 2.2). 

1086 events common to both catalogues, 64 out of the 83 events 
only present in the Silixa’s catalogue, and 116 of the 1101 events 
only present in our catalogue. We classified as ‘false detection’ 

the coda of microseismic e vents, e vents with not clearly visible P 

and/or S arri v als, false detections and distant seismic e vents (Fig. S3 , 
Suppor ting Infor mation). 

https://academic.oup.com/gji/article-lookup/doi/10.1093/gji/ggae016#supplementary-data
eusebio
Highlight
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Figure 8. Example of two microseismic events present in the catalogue from this study (detected by HECTOR) and not in Silixa’s catalogue. (a) Event with 
detection time on 2022 April 21, at 14:46:11.3 UTC. (b) Event with detection time on 2022 April 21, at 17:47:38.3 UTC. These events have not been identified 
by the ST A/LT A algorithm used by Silixa. 

In summary, our catalogue contains 2187 microseismic events 
(Fig. 9 ), from which 122 are classified as ‘false detection’ 
(5.6 per cent), while the Silixa’s catalogue contains 1169 mi- 
croseismic events with 70 of them classified as ‘false detection’ 
(6.0 per cent). The reported total number of events also includes 
common detections to both catalogues. The pre-processing work- 
flow and the semblance-based detection method proposed in this 
study enable the detection of a number of events that is significantly 
larger (almost double) than those detected with a standard ST A/LT A 

method. 

4  D I S C U S S I O N  A N D  C O N C LU S I O N S  

In this work we developed HECTOR, a microseismic event detection 
method based on the analysis of the spatial coherence of seismic 
wavefields along geometrical hyperbolic trajectories. 

After defining a proper DAS denoising workflow to improve the 
detection rate, we first validated our detection method with syn- 
thetic DAS waveforms that resemble the real data of the FORGE 

geothermal site recorded during the 2019 April campaign, and es- 
tablished a detection rate of microseismic events close to an SNR of 
0.1 (Fig. 5 and Fig. S4 , Supporting Informtion). We then applied the 
detector to 24 hr of real data acquired during the third stimulation 

stage at FORGE during the 2022 April acquisition campaign. With 
our method, we detected a total of 2187 microseismic events, from 

which only 5.6 per cent are false detections (2065 real detections). 
We have demonstrated that our detection method outpaces tradi- 

tional pick-based detection methods like ST A/LT A for microseismic 
monitoring with DAS data, as we almost doubled the number of de- 
tected events using the same data set. During the same period, Geo 
Energie Suisse, using borehole geophones deployed in well 58-32, 
closer to the stimulation well (905 m) with respect to well 78B-32 
(1308 m) used in this study (Fig. 1 ), derived a catalogue of 1431 
well-locatable events with magnitudes ranging from 0.52 to −1.8 
(Dyer et al. 2022a ). It is worth mentioning that Geo Energie Su- 
isse reported a preliminary total number of about 18400 detections 
during the stimulation stage 3 (Dyer et al. 2022b ). A direct compar- 
ison with the seismic catalogues obtained with borehole geophones, 
as we did for the catalogue obtained from DAS data (LLC 2022 ), 
is challenging and beyond the scope of this paper because of the 
different locations of the monitoring wells. 

In this study, we provide a methodology that exploits the com- 
plexity of the seismic wavefield in such a detail only possible to 
be recorded with DAS, to perform an accurate detection of mi- 
croseismicity, often characterized by a massive number of small, 
noise contaminated, seismic events with short interevent times and 

https://academic.oup.com/gji/article-lookup/doi/10.1093/gji/ggae016#supplementary-data
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Figure 9. Detections from HECTOR applied to 24 hr of real data from FORGE and comparisons with an existing catalo gue. Histo gram bins are of 30 min. (a) 
Common detections between this study and the Silixa’s catalogue (grey), detections obtained only from this study (red) and the detections present only in the 
Silixa’s catalogue (blue). (b) Total detections from this study (blue), total detections in the Silixa’s catalogue (orange), total false detections from this study 
(grey) and total false detections from Silixa’s catalogue (green). 

without the need of external information (i.e. velocity models). Our 
approach supports the potential benefits of turning any production 
or stimulation well into an observation well too by just installing 
an optical-fibre behind the casing, which would significantly reduce 
operational costs. 

Our detection algorithm has been developed specifically to de- 
tect microseismic events monitored in straight fibres, where the 
seismic wavefield can be approximated as hyperbolic events. How- 
ever , HECT OR also allo ws to detect events originating in the far 
field if low curvature parameters are provided to match plane waves 
and a proper tuning of the clustering parameters. 

The parameter X allows for the scanning of microseismic events 
along hyperbolic trajectories at different positions along the spatial 
offset (parallel to the fibre-optic cable), even beyond the distance 
covered by the DAS system. In the cases where an X position, 
which represents the v erte x of the hyperbola, is beyond the fibre- 
optic cable, the hyperbolic trajectory used to measure the spatial 
coherence will be only a part of the hyperbola (i.e. the part covered 
by the fibre-optic cable). For each X value, a semblance matrix 
( C − T ) is computed. Hence, we compute N semblance matrices, 
where N represents the number of X values considered in the lateral 
search parameter. Among these C − T semblance matrices, it is then 
selected the one having the highest maximum coherence value. In 
this way, the detector can be applied to approximately straight fibres 
independently on the hypocentral position of the ev ent. Howev er, 
lateral search also implies calculating a number of C − T semblance 
matrices equal to all the possible v erte x positions along the spatial 
offset, resulting in a higher computational cost. This limitation will 
be improved by introducing parallelization in a future version of the 
algorithm. Nonetheless, with the parameters defined in this study, 
the algorithm requires a computational time of approximately 0.25 
s per each second of data, measured in a laptop with an Intel quad- 
core i7 processor and 16 GB of Random Access Memory (RAM). 

Fig. S4 of the Suppor ting Infor mation illustrates the effect of 
the parameter X for three synthetic events at different hypocentral 
locations with respect to a vertical well of 1 km depth. We see that 

in all the cases, the events are successfully detected. The event in 
Fig. S4(c) of the Supporting Information highlights how the detector 
successfully identifies both P and S arrivals. Besides them, it also 
shows at least another detection related to a best-fitting hyperbola 
having a lower curvature coefficient. This further detection can be 
explained by considering that the algorithm tests several potential 
hyperbolae having different curvatures. For a homogeneous and 
isotropic half-space having constant velocity, the signal at the fibre 
would be a perfect hyperbola. However, when dealing with 1-D 

velocity models, the signal recorded at the fibre can be seen as a 
combination of different hyperbolae with different curvatures. As a 
result, for the same event and seismic phase, there may be more than 
one detection related to hyperbolae having dif ferent curv atures and 
fitting different portions of the signal. Hence, multiple detections 
associated with the same event can be filtered out by imposing a 
minimum interval between consecutive detections. As we observe 
in Figs S5(a) and (b) of the Supporting Information, sometimes the 
detection is a few hundred milliseconds anticipated. There may be 
two main reasons for this time difference. The first is due to the 
best-fitting h yperbola’ s v erte x position along the time axis. Giv en a 
borehole installation and a source beneath the fibre (as in Fig. S5b , 
Suppor ting Infor mation), the best-fitting hyperbola ver tex is located 
at a depth D greater than the fibre depth and at a time instance that 
precedes the arri v al time of the signal at the fibre. The detection time 
corresponds to the hyperbola v erte x position along the time axis. 
Hence, the time difference between the v erte x time position and the 
signal arri v al time at the fibre is the observed delay. On the other 
hand, in Fig. S5a of the Supporting Information, the anticipated 
detection is due to the clustering algorithm. The detector identifies 
clusters of consecutive coherence samples whose amplitude exceeds 
a threshold. If a cluster is classified as an event, the detection is set at 
the cluster starting time, which may not correspond to the maximum 

of the coherence time-series for that cluster. 
Despite the aforementioned limitations, w e ha ve demonstrated 

that our waveform-based and clustering detection method outpaces 
traditional pick-based detection methods and makes of HECTOR 

https://academic.oup.com/gji/article-lookup/doi/10.1093/gji/ggae016#supplementary-data
https://academic.oup.com/gji/article-lookup/doi/10.1093/gji/ggae016#supplementary-data
https://academic.oup.com/gji/article-lookup/doi/10.1093/gji/ggae016#supplementary-data
https://academic.oup.com/gji/article-lookup/doi/10.1093/gji/ggae016#supplementary-data
https://academic.oup.com/gji/article-lookup/doi/10.1093/gji/ggae016#supplementary-data
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a suitable methodology for DAS-based real-time microseismicity 
monitoring in industrial operations. 
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