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ABSTRACT

Robust automatic event detection and location is central to real-time earthquake monitoring. With the
increase of computing power and data availability, automated workflows that utilize machine learning
(ML) techniques have become increasingly popular; however, ML-based classical workflows still face
challenges when applied to the analysis of microseismic data. These seismic sequences are often
characterized by short inter-event times and/or low signal-to-noise ratio (SNR). Full waveform methods
that do not rely on phase picking and association are suitable for processing such datasets, but are
computationally costly and lack clear event identification criteria, which is not ideal for real-time pro-
cessing. To leverage the advantages of both methods, we propose a new workflow, MAchine Learning
aided earthquake Migration location (MALMI), which integrates ML and waveform migration to perform
automated event detection and location. The new workflow uses a pre-trained ML model to generate
continuous phase probabilities that are then back-projected and stacked to locate seismic sources using
migration. We applied the workflow to one month of continuous data collected in the Hengill geothermal
area of Iceland to monitor induced earthquakes around two geothermal production sites. With a ML
model (EQ-Transformer) pre-trained using a global distribution of earthquakes, the proposed workflow
automatically detects and locates 250 additional seismic events (accounting for 36% events in the ob-
tained catalog) compared to a reference catalog generated using the SeisComP software. Most of the
new events are microseismic events with a magnitude less than 0. Visual inspection of the waveforms of
the newly detected events indicates that they are real seismic events of low SNR and are only reliably
recorded by very few stations in the array. Further comparison with the conventional migration method
based on short-term-average over long-term-average (STA/LTA) confirms that MALMI can produce much
clearer stacked images with higher resolution and reliability, especially for events with low SNR. The
workflow is freely available on GitHub, providing an automated tool for simultaneous event detection and
location from continuous seismic data.

Keywords:  Induced Seismicity, Microseismic Monitoring, Machine Learning, Geothermal, Earthquake
Detection
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INTRODUCTION

Real-time seismic monitoring is a crucial process in applications ranging from earthquake early-warning

to microseismic monitoring of natural and induced seismicity. The latter application is often particularly
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challenging as induced seismic sequences or earthquake swarms are characterized by a large number
of small earthquakes with very short inter-event times. A real-time seismic monitoring system requires
an automated workflow that can rapidly process continuous seismic data streams and produce relatively
accurate and robust earthquake catalogs without manual review or with a very limited amount of revision.
Automated event detection and location methods are in addition required for processing large amounts of
seismic data recorded by dense seismic arrays, where manual interpretation would be too time-consuming
or simply not feasible.

To detect and locate earthquakes from continuous data streams, automated seismic monitoring routines
are based on a sequential application of different data processing steps, including: phase picking, phase
identification, phase association, and event location (Liu et al., 2020; Tan et al., 2021; Zhou et al., 2021;
Zhang et al., 2022). Among these procedures, phase picking and association are essential for both reliable
detection and precise location, but are difficult tasks to perform when multiple or overlapping events
occur closely in time and/or have low signal-to-noise ratio (SNR). When dealing with overlapping or low
SNR events, traditional pick-based approaches have several limitations that may compromise seismic
monitoring performance (Grigoli et al., 2018). Traditional seismic phase pickers rely on a statistical
characteristic of seismic waveforms, such as STA/LTA or kurtosis, to identify the arrival-times of P-
and S-phases (Allen, 1982; Withers et al., 1998). The performance of these statistical phase pickers
depends strongly on the input parameters, such as time window length and frequency bandpass. The
optimal parameters often differ for different seismic events and even stations, and are subject to manual
adjustment in practice, which complicates automated processing. In addition, phase association becomes
very challenging due to ambiguities that arise when inter-event time becomes comparable to the move-out
of seismic phases over an array.

The availability of increasing computational power enables the use of more sophisticated data analysis
methods that can deal with the recent exponential growth of seismic datasets (Liao et al., 2021; Shi et al.,
2021; Park et al., 2022) to produce enhanced seismic catalogs. Within this context, Machine Learning
(ML) (Zhu and Beroza., 2019; Mousavi et al., 2020; Ross et al., 2018; Zhu et al., 2019; Zhou et al., 2019)
and waveform-based (Hansen and Schmandt, 2015; Grigoli et al., 2018; Werner and Saenger, 2018; Shi
et al., 2019a; Willacy et al., 2019) methods have the potential to reduce the magnitude of completeness
of current seismicity catalogs by several magnitude units and improve event location accuracy. Recent
developments in ML for event detection and phase picking benefit from massive labeled seismic datasets
and can outperform traditional phase picking algorithms and even human experts in picking efficiency
and precision (Ross et al., 2018; Zhu and Beroza., 2019; Mousavi et al., 2020). The performance of the

ML models on a new dataset can be subject to model training, model generalization ability, and the choice
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of threshold parameters (Miinchmeyer et al., 2022). ML models used for seismic detection tasks have
already proven to be effective, but are still being improved, and that is likely to continue (Minchmeyer
etal., 2022).

In addition to the traditional pick-based workflows, waveform migration-based approaches have
gained popularity due to their ability to detect and locate earthquakes without the phase picking and
association steps (Hansen and Schmandt, 2015; Grigoli et al., 2018; Shi et al., 2019a; Li et al., 2020).
These approaches first back-project continuous seismic waveforms or their characteristic functions into the
space and time domain and then stack the back-projected data to detect and locate seismic sources. During
the back-projection process, seismic phases are automatically associated and the wavefield coherence
across the array is exploited to detect and locate seismic sources. Therefore, these methods are particularly
powerful at detecting and locating microseismic events or overlapping events, and have been successfully
applied in the analysis of induced/triggered seismicity (e.g.(Grigoli et al., 2018; Shi et al., 2019b)) and
volcano-tectonic microseismicity (e.g. (Hansen and Schmandt, 2015)). Despite the excellent performance
for small events and their automated nature, the waveform-based methods still present disadvantages that
limit their practical applications, namely they are computationally expensive and are highly sensitive to
the velocity model and processing parameters, such as frequency range and time window length.

To leverage the advantages of both the ML and waveform-based approaches and at the same time
overcome some disadvantages faced by each method, we combine the two techniques into a new workflow
aimed at automatically detecting and locating seismic events. We call this workflow MAchine Learning
aided earthquake Mlgration location (MALMI). MALMI adopts pre-trained ML models to generate
continuous phase probabilities and back-projects those probabilities in space and time for locating seismic
sources. We show that the combination of ML techniques with waveform migration enables MALMI
to detect weak seismic events more reliably while reducing false detections. Since no phase picking or
association is required in the MALMI workflow, this approach can, in principle, tackle seismic events with
short inter-event times. The developed workflow allows us to obtain earthquake catalogs with increased
detection sensitivity and improved event completeness. We apply MALMI to monitor induced earthquakes
in the Hengill geothermal area of Iceland and compare our results with published catalogs obtained from
the SeisComP automatic monitoring system. The results suggest that MALMI, by combining ML and
waveform migration, outperforms the classical SeisComP automatic monitoring systems while it is still

more computationally expensive than SeisComP (Grigoli et al., 2018).
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METHOD

The MALMI work ow is designed to process raw continuous seismic data and to output a seismic catalog
without human intervention once the system parameters are established. It consists of four core modules
(Figure 1(a)): (1) input data formatting, (2) ML phase probability prediction, (3) array event identi cation,

and (4) migration location.

Data formatting module

To process seismic data and station metadata that have different formats, the data formatting module
leverages the ObsPy framewoBeyreuther et a).2010) and automatically formats and organizes the
input dataset into the correct input format and structure for the adopted ML model (Figure 1(b)). Raw
continuous seismic data of any format supported by ObsPy (such as MSEED, SAC, SEGY) can be directly
input into the MALMI system without pre-processing. All necessary processing is performed internally

in the system according to the adopted ML model. The le structure of the input continuous seismic data
can be simply organized compactly in one folder for small datasets or can be organized according to the
SeisComP Data Structurelélmholtz Centre Potsdgr2008) for large datasets. The formatted continuous

data are then input to the subsequent ML phase probability prediction module (Figure 1(a)).

ML phase probability prediction module

This module adopts a pre-trained ML model to generate P- and S-phase probabilities. The currently
implemented ML engines in the MALMI system include EQ-TransfornMo\savi et al. 2020) and
PhaseNet4Zhu and Beroza2019). To determine which ML engine is more suitable for a speci ¢ dataset,

we suggest testing and evaluating the available ML models using parts of the whole dataset, such as
seismic data of a few hourd{inchmeyer et al2022). The generated phase probabilities represent the
classi cation likelihood of direct P- and S-arrivals of seismic events in continuous seismic data. The
higher the phase probability, the more likely there is a phase arrival of the corresponding wave type in the
data. A well trained ML model can produce high phase probability close to 1 for real seismic events and
predict O phase probability for noise. In classical ML phase picking algorithms, a threshold is used to pick
the arrival-times of events and the phase probabilities are trained to peak at the arrival-time, but beyond
that, the phase probabilities are not used. In contrast, the adopted ML model is here used to generate
continuous phase probabilities, with no explicit event detection nor phase picking, and therefore no
threshold is required. The adopted ML model is applied to an array of stations, and the phase probabilities
over spatial and temporal poirgs(t; k), Ps(t;K) (t represents time samples antkpresents the station
indices) are thus obtained, and share the same dimensions as the input continuous seismic data (Figure

1(b)). The generated continuous phase probabilities will then be processed by the subsequent array event
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detection module (Figure 1).

Array event detection module

Since noise dominates most seismic recordings, the predicted continuous phase probabilities are 0 most
of the time and only show signi cant values when there are detectable signals. For this reason it is costly
and inef cient to perform stacking/migration on continuous phase probabilities directly. Instead, we scan
the continuous phase probabilities across the array to search for reliable and locatable seismic events that
exceed a thresholdRg,q). Once there are enough triggered statibigg and/or phaseliyh, (for example

Nsta= 5 andNpha = 10), a potential event is identi ed and its time range is extracted according to the

range of triggering times across the stations:

tstat = o tws (€8]

tend= max [tp(K); ts(K)] + t for ty; ts2 [to; to+ tal; 2
end k2[1;N][p() s( )] W p: s [0 0 A] ()

wherety is the earliest detection time larger than the threshold at all stations for a speci c gvisrthe
maximum arrival-time difference (arrival-time move-out) for the seismic array and the migration region
consideredip(K) andts(k) are the detection times of P- and S-phase probabilities within the time tange
totg+ ta at thek-th station,N is the total number of stations in the array. For weak seismic events of low
SNR, only a few stations in the array will show high phase probabilities. Therefore, only considering
the probability segments between the earliest and latest detection times may not be suf cient to cover
the complete move-out of the seismic event across the array. To resolve this issue, a time wjrdow (
equation 2) is used to extend the nal time range depending on the migration region.

In classical ML phase picking algorithms, false detections can be minimized by using a relatively
high probability threshold (e.g., 0.9). In contrast, in our proposed work ow the adopted threshold can be
much smaller (e.g., 0.1 or 0.05). A smaller threshold will lead to more detections, which could include
phases/events with low phase probabilities either due to low SNR or due to lack of generalization for the
ML models (see in Figures S1-S3), but may also contain more spurious detections due to noise. Because
the migration process in the later module can associate the coherent signals across the array, the process
is insensitive to outliers at individual stations that might arise from anthropogenic noise mis-interpreted
as signals by the ML model, which acts as a second lter for false detections. In addition, the single
station results are effectively normalized by the ML model to between 0 and 1, which facilities signal
identi cation and event detection. As such, this module works as an event detector to identify and separate

different events from continuous phase probabilities of the whole array. The probability segments in the
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time range corresponding to each identi ed seismic ev@!;at; k) andPi(t;K) (t 2 t; representing the
tailored time range for the identi ed evehtwill be processed by the subsequent migration module for

the event location (Figure 1(b)).

Migration location module

Due to different noise levels, signal levels, and ML model performance, the predicted phase probabilities
can vary signi cantly among stations for the same seismic event (Figures S1-S3). In this situation, the
phase probabilities at each station can be normalized to remove the station-dependent performance and

assign equal weight to each station:

PL(t:K)

Di(+- L) — ; i (5. — .
PR = e Pi(t;K) T mRxFp(tk) > = R ®)
S P(EK) - o - — .
Pi(t;k) = mavkar PL(GK) if @%xPs(t,k) >= Bn: (4)

The original or normalized P- and S-phase probability segments corresponding to each event are then
stacked by a migration engine according to a pre-calculated travel-time table. In the MALMI work ow, a
travel-time table is automatically built at the start of the work ow according to the input velocity model
using an Eikonal solver. Different imaging conditions can be adopted during the migration process, such

as the arithmetic mearGfigoli et al., 2013)

. N

Co(xyizt)= @ Pt+ tP(xy;2);K); (5)
k=1
N

Cixyizt)= & Pl(t+ t(xy2;K); (6)
k=1

and the geometric meahlékata and Beroza&2016)

. N _
Coxyizt)= O P(t+t2(xy:2):K); @)
k=1
. N
Cixyzt) = QPR+ tR(xy;2);K); (8)
k=1

154 Wheretkp(x;y,z) andt(x;y; 2) are the P- and S-phase travel-times from the locgtioy) 2) to thek-th

155

156

station. It is worth noting that while the geometric mean imaging condition can produce much clearer

migration pro les, stations with zero or very low phase probabilities, which are common for weak events,
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must be excluded during imaging.

A 4-D probabilistic stacking function for the detected event is then obtained:

Ch(X Yz t)+ CYx:yizt)

i (v P+ —
C(le;zlt)_ 2N

9)

which represents the existence likelihood of the identi ed seismic eviertime and space. If relatively
low thresholds (i.e.Rnrd, Nstas @ndNphg) are used in the array event detection module for detecting
potential events, false detections such as anthropogenic noise might be detected and further processed by
the migration module. As the back-projected and stacked energy of the false positives will not converge,
we can use a simple threshold strategy for discriminating the effective events and the false positives. Real
events should have a signi cant maximum stacked endBgy,) with a low standard variancstd(C)) of
the stacking volumeShi et al, 2019b). While the choice of these thresholds may need to be adjusted for
different cases, it is an ef cient and effective strategy for excluding false positives. Further improvements
based on classi cation and pattern recognition are in development.

The nal event location and origin time of the effective evérdare obtained by identifying the

corresponding coordinates of the peak in the stacking function (Figure 1(b)):

C'(x0;Y0; 20;t0) = max{C'(x;y; z1)]; (10)

where(Xo; Yo; Zo) is the hypocenter location amglis the origin time. The stacking procedure at different
imaging grids(x;y; 2) and timeqt) is embarrassingly parallel and thus lends itself to real-time processing
(Shi et al, 2019a,b). The currently implemented migration engine in the MALMI system is LOKI
(Grigoli et al., 2013, 2018), which is optimized and parallelized on shared-memory computing systems
using OpenMP. LOKI is a waveform migration-based location software that scans the space of possible
hypocenter locations and origin times, stacks the P and S phase probabilities along pre-calculated P- and
S-wave travel-time paths, and estimates a coherence function (a multidimensional matrix). This procedure
is iterated in space (i.e., for all potential hypocenter coordinates) and time (for all possible origin time
estimates). If the stacked maximum coherence is higher than a pre-de ned threshold, an actual event is
claimed, and its location corresponds with the location of the maximum of the coherence matrix (see

Grigoli et al.,, 2013, 2018, for details).

Figure 1 summarizes the work ow of the MALMI system. The only adjustable parameters are the
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probability thresholdRh.q) and the triggering numbes, andNphy) in the array event detection module.

Once they are set, the work ow can automatically process the continuous raw seismic data and generate a
seismic catalog. The obtained seismic events in the catalog can be further processed using re-location and
template-matching techniques to obtain more precise event locations and to search for more events (Figure
1a). To improve the quality of the automated seismic catalog, MALMI can output the cataloged events
into formatted les that the relocation software rtDBdarabello, 2021) can directly utilize for events
relocation. A double-difference catalog can thus be obtained by double-difference relative relocation
(Waldhauser and Ellswortt2000). Apart from the of ine double-difference relocation, the plugin module

rtDD also allows real-time event relocation given a historical catalog with well-determined event locations
and arrival-times\Waldhauser2009;Scarabello, 2021). Therefore, the automated work ow MALMI in
combination with rtDD has the potential to provide a high-resolution seismic catalog in near real-time in
regions where historical seismic events have been well documented. We are currently working also on
integrating template-matching techniques to search for smaller earthquakes in the data that MALMI does

not detect.

APPLICATION TO MONITOR INDUCED EARTHQUAKES IN ICELAND

Data

We applied MALMI to one month of continuous waveform data (2018-12-01 to 2018-12-31) collected
during the GEOTHERMICA funded project COSEISMIQ. These data are publicly available through the
Swiss Seismological Service (SED) EIDA node with detail&imgoli et al. (2022) and the COSEISMIQ

project page (see in the Data and Resources section). This dataset consists of both continuous waveforms
and seismic catalogs related to the microseismic monitoring operations carried within the Hengill region
in SW Iceland. This region is located on the plate boundary between the Eurasian and North American
plates where it is similar to a triple junction between the oblique spreading-type Reykjanes Peninsula
(RP), the Western Volcanic Zone (WVZ), and the transform-type South Iceland Seismic Zone (SISZ)
(Figure 2). In addition to this complex tectonic setting, the Hengill region hosts the two largest geothermal
power plants of the country (the Nesjavellir and the Hellisheidi power plants) (Figure 2). Several thousand
natural and induced earthquakes occur in this area every @eigio(i et al., 2022). Within the framework

of the project COSEISMIQ, the permanent seismic network of the Hengill area, consisting of 14 stations,
has been densi ed with 30 additional temporary statidbsdoli et al., 2022) equipped with short-period

(5 sand 1 s) and broad-band (120 s and 60 s) sensors (Figure 2). These stations were deployed within an
area of aboul5 15square kilometers and recorded continuous data at a 100 Hz sampling rate, which

greatly improved the microseismic monitoring capability in the at&a@gli et al., 2022). During the
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monitoring period from 2018-11-02 to 2020-07-02, Iceland GeoSurvey (ISOR) reported a total of 12,157
events in the Hengill region, 69 of them with magnitude larger tiar2.0 (Grigoli et al., 2022). Seismic
sequences in this area are usually characterized by short inter-event times and small magnitudes, which
can be below the sensitivity of regional networks. This makes the COSEISMIQ dataset an excellent

application for testing our work ow.

Results

We process one month of continuous seismic data from the 41 stations with MALMI and adopt a pre-
trained EQ-Transformer ML model to generate continuous phase probabliteesévi et al. 2020). The
probability threshold and triggering number for statioNg4) and phasedN\pna) used in the array event

scan module are set to 0.05, 3, and 6, respectively. The back-projection area in the migration module
covers the Hengill region (highlighted by the yellow box in Figure 2) and is aboktn 50 km in the
horizontal direction an@0 km in depth. The migration grid size i$0meters, which results in over 15
million imaging points in the spatial domain. We use a layered velocity model (Figure S4) to generate a
travel-time table for the migration modulR¢ssi et al.2020).

MALMI automatically detects and locates 694 earthquakes in the month of continuous data (Figure 3,
which we refer to as the MALMI catalog), 683 of which can be relocated using the rtDD software (referred
here as the MALMI relative relocated catalog). We classify the detected and located events by MALMI
into four types: high-quality events, medium-quality events, low-quality events, and very low-quality
events (Figure 4). The high-quality and medium-quality events are larger events with relatively high
SNR, and the corresponding phase arrivals are usually clearly visible at all (for high-quality) or around 20
(for medium-quality) stations in the array (Figure 4). The low-quality and very low-quality events are
usually weak microseismic events with relatively low SNR at most stations. Their phase arrivals are only
recognizable at ten stations (for low-quality) or at the 3-6 closest stations (for very low-quality) in the
array (Figure 4).

We compared MALMI with conventional migration techniques that use STA/LTA as characteristic
functions (referred to as STA/LTA migration hereafte®rigoli et al., 2013, 2014). Followingsrigoli
et al.(2014), we compute STA/LTA on the vertical and the horizontal components ( Itered between 2-30
Hz) separately for recognizing the P- and the S-phase arrivals. STA/LTA with a short-term window of
0.1 second and a long-term window of 0.2 second is applied to the vertical components for detecting
P-phases, whereas STA/LTA with a short-term window of 0.15 second and a long-term window of 0.3
second is applied to the horizontal components for detecting S-phases. The adopted parameters for
calculating STA/LTA are the default parameters for LOKI and are suitable for detecting microseismic

events that contain more high-frequency components and have shorter duration than regional earthquakes
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(Grigoli et al., 2018;Rossi et al.2020). For high-quality and medium-quality events, both MALMI
and STA/LTA typically reveal the phase arrivals quite well (Figure 4). However, MALMI identi es the
phase arrival-times more accurately than STA/LTA, which often reaches the maximum after the actual
phase arrival-time (Figure 4). Better estimates of the phase arrival-times from MALMI lead to more
accurate event locations. For low-quality and very low-quality events, STA/LTA is often problematic with
many spurious spikes or elevated background values that originate from noise, whereas MALMI can still
identify the phase arrivals reliably even in the presence of strong noise for these smaller events (Figure 4).
We compare migration pro les using the four event types to evaluate the imaging resolution and
noise robustness of the two methods (MALMI and STA/LTA-based migration) with respect to events of
different SNR (Figure 5, S5 and S6). As expected, both MALMI and STA/LTA migration can obtain
clear migration pro les and easily recognizable energy focusing for the high quality and medium quality
events (Figure 5, S5 and S6). For low-quality and very low-quality events that have much lower SNRs,
however, STA/LTA migration fails to locate the seismic events as there is no prominent energy focusing
and many spurious maxima exist in the migration volume. In contrast, MALMI still performs well and
exhibits clear and unambiguous stacking maxima under these challenging conditions (Figure 5, S5 and
S6). In addition, according to the evaluation criterigsim et al.(2019a), higher source prominence and
lower noise variance indicate better migration results. For both evaluation matrices, MALMI surpasses
STA/LTA migration for the low-quality and very low-quality events.
To further evaluate the detection and location ability of MALMI, we compare our results with the
published catalogs obtained automatically using a SeisComP syGtegolf et al., 2022). SeiscomP
is a widely used software package for seismic monitoring at different scales (from global earthquakes
to microseismics)Q@livieri and Clinton 2012;Grigoli et al., 2018). This software has been applied to
monitor the induced earthquakes in the Hengill region within the COSEISMIQ prdéjeid]i et al.,
2022). The automatic catalog generated by the SeisComP system was Itered accordingly to different
guality control parameters and three catalogs were produced, namely the low-quality catalog (524 events),
the medium-quality catalog (448 events), and the high-quality catalog (392 everitgl{ et al., 2022).
The low-quality catalog is obtained by using relatively relaxed quality control parameters (number of
phases> = 10, seeGrigoli et al. (2022) for more details), and contains the largest number of events
among these three SeisComP catalogs and emphasizes the event detection capability; however low quality
locations or false events might be present. The high-quality catalog is obtained by using more rigorous
quality control parameters (number of phases 10and quality scoree 1, seeGrigoli et al. (2022)
for more details), and only contains well located seismic events. In addition, a relative relocated catalog

(391 events) based on the high-quality catalog and generated using rtDD is also available, which shows
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enhanced event clustering and lineame@sdoli et al., 2022).

To examine the event detection ability of the proposed work ow, we compared the MALMI catalog
with the SeisComP low-quality catalog. In total, the MALMI catalog (694 events) contains approximately
1.3 times as many seismic events as reported in the SeisComP low-quality catalog (524 events) in the same
region and time range (Figure 6). The magnitudes of the events in the MALMI catalog are determined by
catalog comparison and simple amplitude ratios. If an event exists in both the MALMI and the SeisComP
low-quality catalog, we assign its magnitude to be the same as in the SeisComP catalog. In cases when
MALMI detects a new event, we rst calculate the average amplitude ratio between the new event and
the nearest event in the SeisComP catalog and then scale the magnitude of the new event according
to the amplitude ratio. Detailed catalog comparison shows that MALMI can detect and locate around
85% (444 events) of the events in the SeisComP low-quality catalog (Figure 6(a)). As expected, these
matched events detected and located by both the MALMI and the SeisComP work ow are mostly the
high-quality and medium-quality events with high SNR as shown in Figure 4. Moreover, 250 new events
are additionally identi ed and located, which account 8&% of events in the MALMI catalog (Figure
6(a)). Detailed visual inspection of the waveform plots and migration pro les of many of the new events
con rms that most of these new events are real low magnitude events and are only visible at a few stations
(Figures S1-S3 and the low-quality and very low-quality events in Figures 4-5). We also note that MALMI
detects a new event & 0:3 that is clearly visible at around 17 stations (Figures S7-S8). Although
showing high SNR and being clearly visible at many stations, this event occurs only 15 seconds after a
stronger event\], 0:4) with a similar location (Figures S7-S8). The short inter-event time and signi cant
amplitude difference likely prevented this event from being detected by both the SeisComP system and
the ISOR manual catalog.

MALMI missed 15:3% events (80) presented in the SeisComP low-quality catalog. We visually
checked the undetected events and identi ed several reasons why MALMI fails to detect these events.
First, we found that some of the undetected events are in fact not local events. As shown in Figure S9,
the P- and S-phases of a remote seismic event occurring outside the monitoring region are misidenti ed
as two independent events by the SeisComP system and located inside the array. Second, we noticed
that a small number of events have different event locations and origin times determined by MALMI and
SeisComP, thus they do not match when comparing the two catalogs (matched events should have origin
time difference within 1 second and location difference within 5 km). We note here that the mismatch of
events might be caused by the use of two different velocity models in the two work ows. Third, after
comparison we found that some events are indeed detected by MALMI, but are subsequently removed

after the migration process because they do not pass the energy focus criterion (Figure S10). This criterion
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is set in place to assess whether the back-projected energy converges: convergent source energy after
back-projection and stacking will have stacked energy larger than 00}4% ( 0:075 and a standard
deviation of the migrated volume smaller than 0.14%{(C) 0:145. This indicates that, compared

to simple threshold criteria, a more dedicated tool for assessing the energy focusing might improve
MALMI's performance. Finally, because a pre-trained ML model on global labeled data is used in the
MALMI work ow, we observe that some region-speci ¢ signals (such as waveforms from microseismic
events) are sometimes missed by the ML models, thus preventing the identi cation of locateable seismic
events even though a very low threshold is employed during the detection process (Figure S11).

We compared the MALMI relative relocated catalog with the SeiscomP high-quality relative relocated
catalog to evaluate the nal event location accuracy. Figures 7 and S12 show a good agreement between the
spatio-temporal distribution of seismic events in both the relative relocated catalogs. Induced microseismic
events cluster around the two geothermal sites in the north part of the study area with events located in the
shallow crust at depths of less than 4 km (Figure 7 clusters P1-P5). The additional microseismic events
in the MALMI catalog aid in better delineating the shape of the induced earthquake clusters (Figure
7). Due to different velocity models used to obtain the two catalogs, there are slight differences in the
location of the clusters, especially in depth (Figure 7). In the southern part of the study klied,=
natural earthquake occurred at 2018-12-30 02:56:20 (Figure 7 cluster P6). This natural earthquake and
its aftershocks are located deeper in the crust (6-11 km in depth) than the induced microseismic events
to the north (Figures 7). Compared to the SeisComP catalog, most newly located earthquakes in the
MALMI catalog are low magnitude events beld#y 0 and belong to either the induced event clusters
or the aftershock sequence of kg 4.5 earthquake (Figures 6-7). In general, we observe that MALMI
detects many more microseismic events and extends the event detection limilfredrb toM -1.0 in
the same monitoring time range and region (Figure 6c¢).

To evaluate the similarity between earthquake catalogs more quantitatively and compare the distribu-
tion of event locations, we calculated the Chamfer Distance (CD) which is a similarity evaluation metric

for two point sets and de ned a®4rk et al, 2021):

CD(X;Y)= — & minjix vyijiis+ min Xiji3: 11
(X;Y) = Nx X%X JZYJJ i Yjlizt Ny aY m niiy; %z (11)
wherex; andy; represent an event hypocenter location in catadaandY, respectively, andNx and
Ny are the total number of events in catald@ndY, respectively. CD has demonstrated to be useful
when comparing earthquake catalosark et al, 2021). A smaller CD indicates a higher similarity

between the compared catalogs, and the CD tends to decrease with the increase of catalog resolution
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(location precision and catalog completeness). For calculating and comparing CD, we use a reference
catalog in which the phase picks have been manually reviewed and adjusted by ISOR. This is currently
the most complete catalog in the analyzed time range and studyGrig@l{ et al., 2022). Table 1
compares the CD between the different automated catalogs and the IOSR manual catalog. The relative
relocated catalogs have smaller CD than the original catalogs as the relocation process usually improves
the event location precision. The CD between the ISOR manual catalog and our MALMI catalogs are
much smaller than the CD between the ISOR manual catalog and the SeisComP catalogs (even compared
with the SeisComP high-quality relative relocated catalog). The smaller CD indicates that, compared to
the SeisComP catalogs, our MALMI catalog has more precise event locations and contains more events

that better resolve the underlying structures.

Table 1. The Chamfer Distance (CD) between the automated catalogs (MALMI and SeisComP) and the
reference ISOR manual catalog. In this table, MALMI stands for the MALMI catalog; MALMI-DD is the
MALMI relative relocated catalog; SCP-LQ, SCP-MQ and SCP-HQ are the SeisComP low-quality,
medium-quality, and high-quality catalog, respectively; SCP-HQ-DD represents the SeisComP
high-quality relative relocated catalog. For Chamfer Distance, a smaller value indicates the two sets of
points are more similar.

Catalog MALMI MALMI-DD SCP-LQ SCP-MQ SCP-HQ SCP-HQ-DD
Chamfer Distance
(compared to ISOR)  3.03 2.56 21.99 9.42 4.19 4.02
DISCUSSION

Compared to classical automated seismic monitoring work d@iés{eri and Clinton 2012;Liu et al.,
2020;Tan et al, 2021;Zhang et al. 2022), MALMI differs in two major aspects. First, MALMI does

not require explicit phase picking to obtain the phase arrival-times of seismic events, which is a key
procedure in classical work ows. Instead, MALMI uses ML to obtain probabilities to characterize the
classi cation likelihood of certain phases within continuous data rather than picking the arrival-time
of discrete phases. For classical work ows that use ML for phase pickinget al., 2020;Tan et al,
2021;Zhang et al.2022), only the arrival-times corresponding to the maximum probability above the
threshold are picked and utilized, whereas the continuous phase classi cation probabilities, which may
contain valuable information about the picking uncertainties, are discarded. Due to the effects of noise,
errors of the labeled data, and lack of model generalization, the exact phase arrival-time sometimes
does not correspond to the maximum probability, but rather portrays a range around the maximum value
showing high predicted probabilityRpss et al.2018;Zhu and Beroza2019;Zhou et al, 2019;Mousavi

et al, 2020). Utilizing continuous probabilities enables MALMI to consider possible ML prediction

uncertainties from the entire monitoring array and thus better image seismic sources. Second, MALMI
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does not involve phase association, and the event location approach differs from classical work ows that
rst associate the picked phases to a set of discrete seismic events and then locate these events using those
arrival-times. MALMI simply applies an array event scan procedure to the continuous probabilities to
determine the arrival-time range of any events that may be present. The continuous phase probabilities
corresponding to the chosen time range are back-projected by a migration engine to reveal the event
location and origin time. Therefore, the seismic phases within the chosen time range are effectively
associated through the migration procedure, even if the phases may come from multiple events (Figure 8).
In this way, MALMI uses the phase classi cation uncertainties generated by ML and obtains the event
location result with the maximum likelihood in space and time as seen from the monitoring array.

Our results for one-month continuous data show that MALMI can detect and locate more seismic
events than the automatic SeisComP system used within the COSEISMIQ project for the tested time
(Figures 6-7). Most new events detected by MALMI are microseismic events with low SNR, such as
the low-quality and very low-quality events shown in Figure 4. This emphasizes that a well-trained ML
model is better at identifying weak seismic events than conventional phase pickers as also observed by
many previous studiezZhu and Beroza.2019;Zhou et al, 2019;Mousavi et al. 2020;Majstorovic
et al, 2021). It is also noticeable that more aftershocks are detected by MALMI followiniglithe5
earthquake (Figures 6-7). Following the Omori-Utsu lats{y 1961), more aftershocks tend to occur
right after the mainshock with short inter-event times. For conventional phase pickers such as STA/LTA,
it is dif cult to identify overlapping events or events with short inter-event times especially for events
with large magnitude differences. In addition, it is also challenging to associate the picked phases to
distinct events when the inter-event times are short. These facts limit the detection and location ability of
automatic seismic monitoring systems such as SeisComP. Previous studies show that ML still performs
well on events with short inter-event timéd@usavi et al.2020) and the migration process in the MALMI
work ow can directly locate seismic events without the need for phase association, thus removing the
limitation and ambiguities that can arise during phase association (Figure 8). We have shown that the
combination of ML and migration allows MALMI to detect and locate more seismic events, especially
small events of low SNR. In principle, this approach also allows us to detect and locate events with short
inter-event times or overlapping phases (Figure 8). However, currently, the automated migration location
process in MALMI is designed for the single event scenario, and will be subject to manual identi cation
for additional weaker events if multiple events exist in the same migration volume. Further improvements
of MALMI are in development and these will allow automatic identi cation of multiple events in the
migration volume so that we can retrieve their locations.

MALMI fails to detect a small proportion of events in the SeisComP low-quality catalog (80, around
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15%). Some of these undetected events are of magnitude larger than 1, which should be reliably
recorded by many stations in the array. A detailed visual inspection of the recorded waveforms and
the corresponding ML probabilities show that these events do not show signi cant phase probabilities
and could not be identi ed by ML models (Figure S11). It is worth noting that the adopted ML model
(EQ-Transformer) is trained based on a collection of global earthquakes, which do contain any Iceland
earthquakesMousavi et al. 2020). The generalization of the pre-trained ML model may limit its
performance on the tested dataset. This suggests that retraining or transfer-learning the existing ML model
using a local dataset may be necessary to improve performance.

Even though MALMI and classical work ows might adopt the same ML model, MALMI has the
potential to detect and locate more seismic events. In classical work ows that use ML as the phase
picker and simple phase association algorithm, if event detection delity is a prior task, a relatively high
probability threshold (usually much higher than what we propose to use here within the MALMI work ow,
e.g. 0.05) is typically used to reduce false detections. A high threshold may also exclude weak seismic
phases/events with low SNR because of their low predicted probabilities. MALMI can employ a much
lower threshold to detect weak phases/events at different stations (Figures S1-S3). Although noise will be
detected at times for a low threshold, it will not have meaningful phase arrivals across the array. Therefore,
stacked energy of detected noise is smeared and cannot converge to a speci ¢ location (Figure 9 a-b). In
contrast, the stacked energy of detected weak events will converge during the migration and lead to a clear
stacked peak event even though clear arrivals can only be detected at a few stations (Figure 9 c-d). In this
way, MALMI can distinguish between weak events and noise, and eliminate false detections arising from
a low threshold.

MALMI allows migration-based methods to be more applicable to large continuous datasets. Conven-
tional migration techniques are often used to locate microseismic events with low SNR that are dif cult to
identify through traditional picking-based location metho@sigoli et al., 2016;Shi et al, 2019b;Li
et al, 2020). Through back-projection and stacking, migration-based techniques can enhance the SNR of
microseismic events and lead to more accurate locations. However, there are several impediments to the
widespread implementation of this technology. First, migration processing is computationally expensive
and not suitable for processing long-duration (large-T) or dense array (large-N) datasets and real-time
monitoring. Second, for removing source radiation patterns and improving SNR, various characteristic
functions (CF), for example, normalized absolute amplitu¢io(and Shan2004), STA/LTA Grigoli
et al, 2013), kurtosisl(anget et al. 2014), envelopeGharti et al, 2010), and cross-correlation coef-

cient (Shi et al, 2019a), are proposed and used for stacking instead of raw seismic data, making the

performance of conventional migration-based methods subject to the choice of CFs. There are usually
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multiple parameters (e.g. time window and frequency range) involved in calculating the CFs. For different
seismic events and datasets of different regions, the optimal parameters may differ. The choice of CFs
and ne-tuning of the related parameters prevent conventional migration-based methods from obtaining a
universal and consistent performance across different scales and regions. Third, due to a lack of proper
event identi cation criterion from the 4-D continuous migration volume, conventional migration-based
methods are usually applied to data segments where seismic events have already been detected. For the
above reasons, conventional migration-based methods are seldom used for processing continuous data
streams or performing real-time monitoring. Compared to conventional migration methods, MALMI uses
phase probabilities generated by ML models as the CF for migration, which resolves these issues. Using
phase probabilities as CF for migration, extrinsic factors affecting migration results, such as site effects,
instrument response, propagation effects, and anthropogenic noise, are removed. The calculation of phase
probabilities from ML models is straightforward and does not require parameter tuning for various events
or regions Zhu and Beroza2019;Mousavi et al. 2020). The predicted phase probabilities are stable for
different events and robust with respect to noise, contributing to the consistent and superior performance
of using ML phase probabilities for migration (resolving the second issue). In addition, MALMI uses
an array event detection module to identify and separate different events from the continuous phase
probabilities. Compared to traditional characteristic functions such as STA/LTA, phase probabilities
have bounded between 0 to 1 and are thus more accessible for event detection. Accordingly, migration
location is only performed on event segments instead of continuous probabilities, dramatically reducing
the computational cost and simplifying the event location process from the migration volume. In this
way, MALMI improves computational ef ciency and allows processing of continuous data and can even
perform real-time monitoring (resolving the rst and third challenges). The proposed MALMI work ow
is a step towards applying migration-based methods for real-time earthquake monitoring.

The current version of MALMI still has some limitations. One limitation is that, at present, MALMI
can only adopt 1D velocity models to generate travel-time tables automatically. Although 3D travel-time
tables can be imported externally and used for migration, this is not ideal for fully automatic work ow. In
the future, we plan to achieve automatic travel-time table building based on 3D velocity models within the
MALMI work ow. Another current limitation is that the current work ow does not estimate the SNR and
location uncertainty of each detected and located event. Previous studies have shown that SNR can have
strong spatial-temporal variations (such as diurnal patterns), thus leading to temporal variations in the
number of detectiondfang et al. 2020). The event SNR and location uncertainty issue will be addressed
in the future development of MALMI. In addition, we plan to include a dedicated magnitude estimation

module, implement parallel computing for real-time application, and develop multiple events recognition
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methods from migration volume.

CONCLUSIONS

This paper presents a new integrated work ow MALMI (MAchine Learning aided earthquake MIgration
location) to detect and locate earthquakes from continuous seismic data. MALMI integrates ML methods
and waveform-based methods, such as migration, for event detection and location, and harnesses the
advantages provided by both. MALMI does not require explicit phase arrival-time picking nor association;
instead, the probabilities of P- and S-phases generated by the ML model are directly back-projected into
space and time to obtain source location and origin time. The proposed approach utilizes the spatial
coherence across the array to detect and locate seismic sources, vastly reducing the negative effects from
a few problematic stations. The automated nature and parallel ef ciency of MALMI creates the potential
for real-time monitoring. Application to continuous data collected in Iceland for monitoring induced
earthquakes has shown that MALMI can detect and locate more weak microseismic events than a classical
picking-based work ow integrated within SeisComP, thus reducing the magnitude of completeness and
leading to a more accurate and complete earthquake catalog. The proposed work ow MALMI is freely
available on GitHub. Future developments of MALMI involve including more ML models as available

ML engines and integrating template matching techniques for detecting more earthquakes.

DATA AND RESOURCES

Supplemental Material for this article includes 12 supplemental gures and two MALMI catalogs (one
absolute catalog and one relative relocated catalog). The continuous seismic data used in this study
are available at the Swiss Seismological Service (SED) data center through network code: VI, OR
and 2C fttp://eida.ethz.ch/fdsnws/dataselect/1/ , Reykjavik Energy2016);SED at

ETH (2018)). The earthquake catalog used for comparison are availabtgpatcoseismiq.
ethz.ch:8080/fdsnws/event/1/builder (Grigoli et al., 2022). Details about downloading

the seismic data and the earthquake catalogs can be found on the COSEISMIQ projebttpage (
/Iwww.coseismiq.ethz.ch/ ). The rtDD software for event relocation is open-source and available

on githubhttps://github.com/swiss-seismological-service/scrtdd . The MALMI

software is open-source and available on githttps://github.com/speedshi/MALMI
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LIST OF FIGURE CAPTIONS

Figure 1: (a) Schematic diagram of the four modules of the MALMI work ow: (1) input data formatting,
(2) ML phase probability prediction, (3) array event detection, and (4) migration location module. (b)
Example of data processing results for each module.

Figure 2 : COSEISMIQ seismic monitoring network in the Hengill region in Iceland. Blue triangles
and black circles mark locations of the seismic stations and the geothermal power plants, respectively.
The yellow square shows the migration area used in the MALMI work ow.

Figure 3 : Spatial distribution of the seismic events in the MALMI catalog in the Hengill region
from 2018-12-01 to 2018-12-31. Events are color-coded using event depth (left panel) and relative time
expressed in days relative to the origin time (UTC: 2018-12-30T02:56:20) dfithe5 event (right
panel). Event size is scaled with magnitude. Black circles mark the locations of the two geothermal power
plants.

Figure 4 : Example of the four classes of seismic events in the MALMI catalog. Vertical-component
waveforms ltered between 3 and 30 Hz at eight example stations are shown. In the upper panels, the
predicted P- and S-phase probabilities from the ML model are plotted, whereas in the bottom panels the
STA/LTA calculated from the vertical and horizontal components is indicated.

Figure 5 : Migration pro les (XY direction) corresponding to the four types of events shown in Figure
4. The top panels show the migration pro les obtained using MALMI. The bottom panels show the
migration pro les obtained using STA/LTA migration. The migration pro le XY is obtained by projecting
from the 4-D stacking volume, for each point (X, Y), its maximum along the Z and the time direction.
Stacked values are represented in colour scale and shown in a 3-D surface plot style. The origin point
in the Cartesian migration pro les (X, Y) = (0, 0) corresponds to the point with a latitude of 63.8 and a
longitude of -21.9 in the geographical coordinates system.

Figure 6 : Comparison between the MALMI catalog and the SeisComP low-quality catalog. (a)
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Venn diagram showing the detection capability statistics for the two catalogs. (b) Earthquake magnitude
versus time. Red dots denote events in the MALMI catalog, whereas black dots represent events in the
SeisComP low-quality catalog. Event size is scaled by magnitude. The red solid line and black dashed
line show the cumulative number of events (right Y-axis) over time for the MALMI and SeisComP
low-quality catalogs, respectively. The green star denotes the occurrence of the largedtigvebtgvent

at UTC: 2018-12-30T02:56:20) in the monitoring time period. (c) Non-cumulative frequency—magnitude
distribution of earthquakes in the MALMI and SeisComP low-quality catalogs. (d) The mean and standard
deviation of the location (in both horizontal and depth directions) and origin time differences for the
co-detected events in the two catalogs.

Figure 7 : Spatial distribution of the relative relocated seismic events in the SeisComP high-quality
catalog (left) and the MALMI catalog (right) in the Hengill region from 2018-12-01 to 2018-12-31. Top
panel: map view. Events are color-coded using event depth (relative to the sea-level). Event size is
scaled with magnitude. Black circles mark the locations of the two geothermal power plants. Six event
clusters are identi ed and highlighted using black rectangulars. Bottom panel: Vertical pro les along the
South-North direction for each cluster. Black and red circles indicate the events in the MALMI catalog
and the SeisComP high-quality relative relocated catalog, respectively.

Figure 8 : The waveforms and the corresponding migration pro les of two events with short inter-event
times. (a) The vertical-component waveforms ( Itered between 3-30 Hz) of a data segment containing
two seismic events. P- (red line) and S-phase (blue line) probabilities are also displayed and overlaid on
the waveforms. The two events have a short inter-event time of about 10 seconds. For events with short
inter-event time or even overlapping events, classical phase association algorithms often have dif culty
identifying and separating them accurateBrigoli et al., 2018). Although the phases of these two
example events do not overlap, here we use this as an example to illustrate that MALMI can correctly
identify and locate these sorts of events since the migration process will back-project the source energy
back to the correct space and time position regardless of the inter-event times. (b) The corresponding
horizontal migration pro les (X-Y) for this data segment, where two stacked maxima corresponding to
the two events are clearly visible.

Figure 9 : Vertical-component waveforms ( Itered between 3-30 Hz) of (a) noisy data without clear
signals and (c) a weak seismic event visible at only three stations. P- (red line) and S-phase (blue line)
probabilities are also displayed. The bottom panels show the corresponding horizontal migration pro les
(X-Y) for (b) the noisy data and (d) the weak seismic event. In gure (a, b), noise at several stations
is misinterpreted as signal due to a low probability threshold. However, its migration energy does not

converge, and the maximum stacked energy is much lower than that of an actual seismic event. In gure
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e (c,d), even though only three stations can detect this weak event, its migration energy still focuses and

es  Shows signi cant maximum stacked energy.
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Figure 1. (a) Schematic diagram of the four modules of the MALMI work ow: (1) input data
formatting, (2) ML phase probability prediction, (3) array event detection, and (4) migration location
module. (b) Example of data processing results for each module.
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Figure 2. COSEISMIQ seismic monitoring network in the Hengill region in Iceland. Blue triangles and
black circles mark locations of the seismic stations and the geothermal power plants, respectively. The
yellow square shows the migration area used in the MALMI work ow.
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