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ABSTRACT

Geothermal energy is a sustainable energy source that requires continuous microseismic monitoring to assess reservoir
integrity and geomechanical behavior. Traditional phase identification methods are challenged by noisy environments
and complex waveforms, especially in geothermal fields. This study explores the efficacy of PhaseNet, a deep learning
neural network model, in detecting P and S wave arrival times for micro-earthquake events. The PhaseNet model was
retrained using local seismic data from a geothermal field and tested for its performance in identifying seismic phases.
The results were validated against a manual seismic catalog, with additional clustering and association analysis conducted
using GaMMA and hypocenter locations determined with NonLinLoc. The findings demonstrate that PhaseNet, combined
with GaMMA, provides robust phase detection capabilities, essential for early-stage monitoring in geothermal
development.
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l. INTRODUCTION

Geothermal energy, as a renewable and sustainable source of power generation, has gained increasing attention in recent
years due to its potential to mitigate greenhouse gas emissions and reduce dependence on fossil fuels. A major challenge
in the exploitation of geothermal fields is the monitoring and management of microseismic events, which are small-scale
earthquake-like events that occur as a result of fluid injection or extraction processes (Wibowo et al., 2022).

Microseismic monitoring is essential for assessing the integrity of the reservoir and understanding the underlying
geomechanical processes (Folesky et al., 2016; Huang et al., 2017; Okamoto et al., 2018; Rossi et al., 2020). Currently,
microseismic monitoring has been widely applied in various fields, including fault belts, volcanic activities, landslide-
prone regions, mining, tunnel excavation, and geothermal and hydrocarbon reservoirs. Microseismic monitoring allows
for the delineation of fracture networks by utilizing the parameters of detected microseismic events. Microseismic events
in geothermal fields are often detected using seismometers or accelerometers placed strategically around the reservoir.
However, accurately identifying the phases of these microseismic events is crucial for further analysis and interpretation.
The arrival time of microseismic events provides important information for phase identification, source location, source
mechanism analysis, and microseismic interpretation (Wang et al., 2018).

The phase picking is a challenging and important task in identifying earthquake characteristics, particularly in recognizing
the S-wave phase, which is not the initial arrival phase (Lois et al., 2013; Namjesnik et al., 2021; Yu et al., 2020). To
assist in determining the arrival time of the P and S wave phases, many automated picking techniques have been devised.
The first example is the STA/LTA, also known as the short-term average or long-term average (Allen, 1978; Baer &
Kradolfer, 1987). Although reasonably efficient, this approach is quite noise-prone, and it is exceedingly challenging to
estimate the S wave's phase. The next example uses integrated Akaike Information Criterion and autoregressive (AR)
modeling, which were created by Sleeman & van Eck in 1999. Deep learning with neural networks has been used for
phase detection techniques during the past several years (Gentili & Michelini, 2006; Ross & Ben-Zion, 2014). Zhu &
Beroza (2018) created the neural network method called PhaseNet, which was trained using a catalog of data from the
Northern California Earthquake Data Center. However, the effectiveness of the automatic phase picking still needs to be
tested for identification of micro-scale earthquakes.
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Therefore, in this study, we use PhaseNet to detect phase arrival time from microseismic occurrences in waveform data
collected at a geothermal field. Following that, we will also compared the travel time from PhaseNet picking with the
available catalogue and determine its location.

. METHODS
Data Availability

The data for this study were gathered from eight three-component seismometer stations strategically positioned across a
geothermal field to monitor micro-earthquake (MEQ) activity. These stations were deployed continuously over a two-
month period, capturing a comprehensive set of seismic waveforms. Each station recorded seismic activity in three
orthogonal directions—vertical, north-south, and east-west—allowing for a full representation of the waveforms
generated by seismic events. The three-component setup is crucial for distinguishing between different wave types and
accurately identifying seismic phases, particularly P and S waves.

The waveform data were recorded at a sampling rate of 200 Hz, which provided high temporal resolution necessary for
detecting the subtle and often weak signals characteristic of MEQ events. The high sampling rate is particularly
advantageous in geothermal fields, where seismic signals can be noisy due to complex geological structures and fluid
interactions. For ease of processing, the continuous waveform data from the first month were divided into one-hour
segments. This segmentation facilitated efficient data management, reduced computational load, and allowed for more
focused analysis in subsequent stages. The two-month dataset offers a representative view of seismicity within the
geothermal reservoir, making it ideal for testing and validating the PhaseNet model.

Method

Initially, PhaseNet was trained using data from the Northern California Earthquake Data Center, which primarily consists
of larger tectonic earthquakes. To apply this model effectively in a geothermal setting, where MEQs are often much
smaller and more complex, the model required retraining with local data. The retraining process began with the first
month of seismic data from the geothermal field. This dataset, consisting of 720 hours of continuous waveform recordings,
was pre-processed by normalizing amplitudes and applying a bandpass filter to minimize low-frequency noise. These pre-
processing steps are essential for enhancing the signal-to-noise ratio, especially in noisy environments like geothermal
fields. The retraining was performed by using a supervised learning approach, where the manual picks from an existing
seismic catalog were used as ground truth labels for the P and S wave arrivals. The PhaseNet model was trained to
minimize the difference between its predicted arrival times and the catalog-based ground truth using a cross-entropy loss
function, which helps the model improve its classification accuracy.

Following retraining, the PhaseNet model was tested on the second month’s dataset. The evaluation involved comparing
the P and S phase picks generated by the model with those from the seismic catalog. This comparison helped assess the
model’s performance, focusing on metrics such as the total number of correctly identified phases, the rate of false
positives, and the accuracy of phase arrival time predictions. These metrics were vital for determining whether retraining
had improved the model's capability to detect seismic phases in the geothermal setting.

Once the PhaseNet model identified potential P and S wave arrivals, the next step was to associate these phases with
specific seismic events. This was accomplished using GaMMA, a Gaussian Mixture Model-based algorithm for phase
association. GaMMA operates by analyzing the temporal and spatial distribution of the detected seismic phases to cluster
them into groups that likely originate from the same seismic event.

GaMMA is an unsupervised machine learning algorithm , meaning it does not rely on labeled data for training. Instead,
it clusters phases based on their arrival times across different stations and their spatial relationships using Bayesian
Gaussian mixture model that has been widely used in a variety of research fields, including image processing (Permuter
et al., 2006), speech recognition (Reynolds & Rose, 1995), and earthquake studies (Ross et al., 2020; Seydoux et al.,
2020). For each detected phase, GaMMA calculates the likelihood that it is part of a seismic event by comparing its arrival
time with those from other stations. To ensure that the detected phases truly correspond to an event, at least four phases—
two P and two S—must be identified from different stations.

In this study, GaMMA processed the PhaseNet-generated picks and successfully associated a significant number of phases
with specific events. However, approximately 93.6% of the detected phases were discarded because they could not be
reliably paired with corresponding phases from other stations, emphasizing the importance of high-quality seismic data
and robust event association techniques. The clustered phases were then compared with the manual seismic catalog to
validate their accuracy. Events identified by both PhaseNet-GaMMA and the catalog were further analyzed to assess the
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onsistency of the results, particularly through the use of Wadati diagrams, which plot the relationship between the arrival
times of P and S waves. The close match between the catalog and the PhaseNet-GaMMA results indicated that the
combination of these methods is effective for event identification.

Once the phases had been associated with specific events using GaMMA, the next step was to determine the hypocenter
locations of these events by employing NonLinLoc (Lomax et al., 2000) program. NonLinLoc uses a non-linear global
search approach, which allows for more accurate hypocenter determination compared to traditional linear methods,
particularly in complex environments like geothermal fields.

The NonLinLoc algorithm uses the arrival times of P and S waves, along with a velocity model of the Earth, to compute
the most likely location of a seismic event. In this study, a homogeneous velocity model was used for initial computations.
Although this simplified velocity model may not fully capture the complexity of the geothermal field's subsurface, it was
sufficient for a preliminary analysis. The NonLinLoc algorithm applies Metropolis-sampling, a Monte Carlo-based
method that allows for efficient exploration of the solution space, making it computationally feasible to handle large
datasets.

Hypocenters were calculated both for the events identified by PhaseNet-GaMMA and for those in the manual catalog.
The results were then compared to assess the accuracy of the PhaseNet-GaMMA model in determining event locations.
While PhaseNet-GaMMA identified more events than the manual catalog, the spatial distribution of hypocenters from
both sources showed good agreement, indicating that the PhaseNet-GaMMA combination can reliably identify and locate
micro-earthquake events in geothermal fields. However, further refinement of the velocity model and additional data
quality control would likely improve the accuracy of these location estimates.

I11. RESULTS AND DISCUSSION
Comparison before-after training

Before retraining, the model identified 13062 total P and S phases, but after retraining, it identified 52355 total P and S
phases. Although there are more P and S wave phase identifications, further investigation is required to determine whether
these phases are related to a certain event. In Figure 1, it can be seen that the histogram of the permanence model before
and after training still shows the same pattern. If we compare the time difference of the results after and before retraining
with the available catalogue picking data, the number of matches decreases from 636 to 511. This may be due to the fact
that the micro-seismic catalogue data we used is still not sufficiently large and well quality-controlled, so we need to
evaluate it further. It also means that the existing PhaseNet model is robust enough to detect the phase of micro-
earthquakes in geothermal fields. Therefore, in the next test we still use the existing PhaseNet model that has not been
retrained.
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Figure 1. Histogram of the difference between the identification resolusi of the PhaseNet model that has not been
retrained (left) and has been retrained (right) the manual catalogue of picks.
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Result of PhaseNet-GaMMA event identification

For the processed data, the results of event identification using PhaseNet generate a total of 20313 phases with specifics
for 10323 P and 9990 S. Phase identification using the PhaseNet model resulted in a total number of 20313 phases, with
10323 P and 9990 S. Then after being associated with GaMMA, almost 93.6% of the total phases were taken out because
they did not have a partner. This is expected because a minimum of 4 total P and S phases are required for us to be
confident that it is the same event and the hypocenter parameters can be well determined.

Figure 2 shows some identification results obtained using PhaseNet-GaMMA and the catalogue. It is clear that some
phases can be recognized using PhaseNet-GaMMA but not in the manual pick catalog, and vice versa. However, for the
phases that are both detected in PhaseNet-GaMMA and the catalogue, the similarities are quite good. The average picking
time difference is 0.1 second and all are still below 1 second for both P and S.

We also performed a Wadati diagram analysis of the Phasenet-GaMMA results and compared them with the catalogue
data (Figure 3). The Wadati diagram is indeed one of the ways we can perform quality control of the P and S phase
identification results. The Vp/Vs of the catalogue data shows a value of 1.642, while the Phasenet-GaMMA shows a value
of 1.552. These values still match the average Vp/Vs value in the Earth's crust of around 1.75.
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Figure 2. Some examples of the results of P phase (red) and S phase (blue) picking overlaid with waveform. The
dashed-line is the result of PhaseNet and GaMMA, while the solid line is the data from the data catalog used in
this study.
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Figure 3. Wadati Diagram (ts-tp vs tp-to) plot from catalog data (first row) and identification results using
PhaseNet and GaMMA (second row). Vp/Vs value is the slope of the regression plus 1, so the Vp/Vs value in the
catalogue data is 1.642 and the PhaseNet-GaMMA result Vp/Vs value is 1.552.

Event Location using NonLinLoc

The hypocenter results from PhaseNet-GaMMA show poor results when compared to the hypocenter obtained from the
catalogue. The location of the hypocentre is generally sparser compared to the existing catalogue. This makes sense
because the approach used is very simple by including a constant (homogeneous) velocity parameter. Therefore, we then
applied NonLinLoc to determine the hypocenter of the phase. We applied the hypocenter to the data from PhaseNet-
GaMMA as well as the phase data available in the catalogue with the aim of finding out how far the time in the phase
identification compares with the position of the hypocenter.

9215.0

9212.5

Depth (km)
w
°

9210.0

. ® PhaseNet-GaMMA
. . . LI . . ¢ (PhaseNet-GaMMA)+NonLinLoc

# Catalogtime + NonLinLoc
9207.5

la 760.0 762.5 765.0 7675 770.0 7725 7750 7115
AR . Easting (km)

Northing (km)
.

9205.0

9202.5 " -

9200.0

Depth (km)
w
o

® PhaseNet-GaMMA

* (PhaseNet-GaMMA)+NonLinLoc
® Catalogtime + NonLinLoc

4 Stations 10.0

9197.5 e PhaseNet-GaMMA
s (PhaseNet-GaMMA)+NonLinLoc

* Catalogtime + NonLinLoc

760.0 762.5 765.0 767.5 770.0 7725 775.0 7775 12.5
Easting (km)

9197.5 9200.0 9202.5 9205.0 9207.5 9210.0 9212.5 9215.0
Northing (km)

Figure 4. Comparison between the locations of the relocated catalogue data, the catalogue processed with NonLinLoc,
PhaseNet-GaMMA, and also PhaseNet-GaMMA whose locations were determined with NonLinLoc.

Figure 4 shows the results of the hypocenter location determination. There are 107 events that have successfully
determined the location of the hypocenter from the PhaseNet-GaMMA data while only 45 events from the catalogue data
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have successfully identified the location of the hypocenter. Although the numbers are different, the distribution of
hypocenter locations shows agreement, both between PhaseNet-GaMMA + NonLinLoc, catalogue + NonLinLoc, and
also the relocation catalogue. The only discrepancy is shown by the direct result from GaMMA. It can be seen in Figure
4 that the direct results from PhaseNet-GaMMA show the hypocenter locations are very sparse and far from the relocation
catalogue.

Then we linked events that we considered were the same based on their origin time. The average difference in hypocenter
locations between PhaseNet-GaMMA+NonLinLoc and Catalog+NonLinloc is 2 km. This number is not significantly
different from the average difference between Catalog+NonLinLoc and the relocation catalog, which is just 1.6 km. Based
on these results, we suggest that the PhaseNet-GaMMA combination performs well in recognizing micro-earthquake
event phases.

IV. CONCLUSION

Results of this work indicate that the PhaseNet machine learning model, when paired with GaMMA, is sufficiently good
and robust in identifying the wave phase of micro-earthquake events in geothermal fields. The difference in time between
the manual pick catalog results and PhaseNet-GaMMA shows no significant results. Similarly, when we compare
hypocenter locations processed using NonLinLoc. Therefore PhaseNet-GaMMA is ideal for usage in the early
identification stage of geothermal fields, although manual quality checks may still be required.
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