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Abstract This study evaluates the performance of Synthetic Template Matching for seismic12

event detection in the West Bohemia region (Czechia), comparing it with two established meth-13

ods: the automated detector-locator PEPiN and Artificial Neural Network. Synthetic Templates are14

generated using a 1D velocity model and span a grid of five fundamental focal mechanisms (FMs),15

independent of any prior waveform or FM knowledge. The resulting catalog includes origin time,16

similarity, magnitude, location, number of detecting templates, and interpreted focal mechanism.17

In WEBNET data, Synthetic Template Matching with cross-correlation thresholds of 0.4 detected18

264 events with completeness magnitude MC−0.1. All the detected seismicity is real and local, its19

FMs (interpreted within the seismic network) align dominantly with the strike-slip events. Although20

the method does not outperform PEPiN or Artificial Neural Network in MC , it reliably estimates fo-21

cal mechanisms and epicentral locations.22

Non-technical summary Match filter detection routine is a very powerful instrument al-23

lowing detecting micro-earthquakes with waveform amplitudes at and below the noise level. It24

requires knowledge of a template waveform, and it recognizes only the earthquakes of similar pat-25

tern - nearby location and similar focal mechanism. Therefore, this detection method is not used26

in regions without previously detected earthquakes. But some studies already show that Synthetic27

Templates are also performing well.Our research is driven by the following questions: To what level28

can a synthetic waveform perform as a template for a match filter detection routine? Can similarity29

between real event and Synthetic Template be used to estimate focal mechanism? Especially when30

a grid of synthetic temples is used, utilizing only five elementary focal mechanisms. Our test site is31

West Bohemia / Vogtland region (Czech Republic), where natural seismicity is monitored both by32

Artificial Neural Network and amplitude based PEPiN detector.33
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1 Introduction34

The purpose of this study is to test to which level a set of Synthetic Templates can serve to detect local seismicity,35

with the aim of application in areas without known seismic activity, especially whenmonitoring potentially induced36

seismicity near geothermal wells (Zang et al., 2014), hydrocarbon extraction (Clarke et al., 2014; Grigoli et al., 2018),37

CO2 storage (White and Foxall, 2016), or similar.38

Template matching is a traditional waveform-based detectionmethod that relies on cross-correlation (similarity)39

to identify seismic events. It compares continuous seismic data with waveforms of previously recorded earthquakes40

(templates) to reveal highly similar events that are often missed by standard detection methods, especially those41

near or below the typical detection threshold (Shelly et al., 2006; Janská and Eisner, 2012; Gibbons and Ringdal,42

2006). Template matching has been widely applied across various spatial scales and research contexts, including the43

detection and analysis of fluid-induced seismicity (Shelly et al., 2013, 2016), identification of repeating earthquakes44

(Chamberlain et al., 2017; Janská and Eisner, 2012), and the enhancement of seismic catalogs from local (Diaferia45

et al., 2024; Essing and Poli, 2022) to regional scales (Ross et al., 2019). However, the classical form of template46

matching is limited to detecting only the seismicity with location and focalmechanism similar to a previously known47

seismic source. This limitation can be addressed by a linear combination of known templates (subspace detector,48

Harris, 1991), or by synthetic template matching (Chamberlain and Townend, 2018; Rodgers et al., 2006, this study).49

For Synthetic Template Matching, Synthetic Templates are required to reflect the relative arrival time of P and50

S waves to the stations in order to rise the similarity at all the stations simultaneously; achieving such is not easy51

without knowledge of the real seismicity. The shape of the waveform can be a simple Ricker wavelet, a decaying sine52

(naïve synthetics in Chamberlain and Townend, 2018), or a wavelet reflecting the specific underground condition53

(Green’s function synthetics in Chamberlain and Townend, 2018, this study); ideally, the P and S amplitudes vary at54

the components and stations according to the focal mechanism. The latter type of synthetic waveform (based on55

Greens functions) is expected to show the highest similarity to the real seismic event.56

Generating realistic synthetic seismograms for the Synthetic Template Matching is a complex task, with Green’s57

functions (GFs) at its core (Shearer, 2009). Green’s functions describeEarth’s response to unit impulsive point sources,58

encapsulating its elastic properties and boundary conditions. The process begins by defining the parameters of the59

seismic source, such as location, focal mechanism, and magnitude. Seismic wave propagation is then simulated60

using methods such as numerical modeling, ray tracing, homogeneous layering, normal modes, or semi-analytical61

approaches (Shearer, 2009; Wang et al., 2017), each relying on the best available structural Earth model. The spatial62

derivatives of the GFs are convolved with the source-time function to generate synthetic seismograms at specific63

stations. To further align thesewith real observations, instrument response and local site effects canbe incorporated.64

In particular, when earthquakes occur near recording stations, the resulting higher-frequency content requiresmore65

detailed subsurface models for accurate simulation (Levin et al., 2010).66

The velocity model determines the level to which the relative arrival time of the P and S waves will reflect the67

arrival of the real wave. Therefore, for Synthetic Template Matching, it would be best to use an accurate 3D velocity68

model, but such a model is unlikely to be available in a region where the Synthetic Template Matching detection is69

likely to be applied (monitoring of uprising geothermal project, etc.). The velocity model for synthetic seismograms70
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must include not just the P and S wave velocity profile but also density and attenuation variation with depth. A71

geological profile and some basic geophysical measurements from the borehole are expected to be available, leading72

to a relatively precise 1D velocity model of the upper kilometers, more refined at the top (Káldy and Fischer, 2025).73

Note that if the detectionmethod by synthetic template matching proves itself to be worthy with synthetic templates74

created with a 1D velocity model, its performance can only be improved by using the 3D velocity model.75

There is a little difference in template matching procedure when using synthetic-waveform templates instead of76

the real-waveform ones: number of templates, and merging of similarities from all the stations. The number of real77

templates reflects the diversity of known seismicity; on the other hand, the number of Synthetic Templates reflects all78

the potential variation in focalmechanism, depth, and epicentral location. Second, the similarities between template79

and real waveforms add up in the real template scenario, when no variation in P and S wave arrivals is expected.80

However, synthetic seismograms are likely to exhibit a difference in arrivals between real and simulated waveforms81

because the velocity model is always just an approximation. Therefore, a simple stacking of components similarities82

might not suffice to detect a real event, and a more advanced form of stacking is needed.83

This study presents a modified matched filter detection routine that utilizes Synthetic Templates. It’s effectivity84

is tested in West Bohemia (Czech Republic, Europe, Fig. 1) on local natural seismicity (Tp − Ts > 1 s), with synthetic85

seismograms generated using a simple 1D velocity model (Málek et al., 2005; Vavryčuk et al., 2022, Tab. 1). The86

detection and location performance of template matching with Synthetic Templates is compared to two algorithms87

routinely detecting seismicity in theWest Bohemia: First, the automated seismic detector and locator PEPiN (Fischer,88

2003; Káldy and Fischer, 2025, Polarization based Earthquake PIcker for Networks). Second, the neural network89

detection (Doubravová and Horálek, 2019). Further, the similarities between Synthetic Templates and a detected90

event are used to estimate the focal mechanism of the event. Such focal mechanism estimates are compared to91

the moment tensor catalog of earthquakes in West Bohemia from 2008 to 2018 by Vavryčuk et al. (2022) which uses92

manual picks and relevant locations Institute of Geophysics (2024).93

1.1 West Bohemia / Vogtland seismic region94

TheWest Bohemia / Vogtland region in theCzechRepublic (at the boundarywithGermany, Fig. 1) is a geodynamically95

active area characterized by earthquake swarms, CO2 emissions, mofette fields, andmineral springs. Geologically, it96

lies at the convergence of three major tectonic units: Saxothuringian, Teplá-Barrandian and the Moldanubian. Two97

significant fault systems define the region: the Mariánské Lázně fault, oriented northwest-southeast, and the Ore98

Mountains fault, oriented west-southwest to east-northeast (Vavryčuk et al., 2022). In particular, the area exhibits99

Tertiary and Quaternary volcanism, with the most recent volcanic activity occurring during the Holocene epoch.100

Seismic activity in West Bohemia predominantly manifests itself as earthquake swarms on the NNW blind fault101

intersecting the NWMariánské Lázně fault, particularly concentrated near the village of Nový Kostel (blue points in102

Fig. 1). These swarms consist of numerous small to moderate earthquakes (ML < 4.5) that occur over short periods,103

typically without a single main-shock. The focal depths of these events range from 6 to 12 km. To monitor this104

activity, the local seismic network WEBNET was established, comprising 23 stations strategically placed around the105

main focal zone near Nový Kostel (Institute of Geophysics, 1991, triangles in Fig. 1). This network enables detailed106

mapping of the fault structures and real-time observation of seismic events, facilitating a deeper understanding of107
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Figure 1 WEBNET is a local seismic network in the West Bohemia of the Czech Republic (at the boundary with Germany),
Europe. On the map, 23 online seismic stations are pointed in triangles and station names (Institute of Geophysics, 1991,
IG CAS); filled triangles is the subset of eight stations used routinely by PEPiN and in this study by the Synthetic Template
Matching and Neural Network detection. An example seismic activity (Institute of Geophysics, 2024, manual locations 2018
M > 1 by IG CAS, ) is pointed by blue points, 7 events with focal mechanisms from day 2018.138 are in red points (4 events in
the North cluster, 3 overlapping in South cluster). The major North cluster seismic activity aligns NNW; it is close to stations
LBC and NKC. The minor South cluster is in the southern part of WEBNET, between stations MAC and SKC. Gray dashed line -
span of Synthetic Templates grid used in this study. The inset shows Europe; red arrow pointing to West Bohemia.

the region’s geodynamics.108

In this study only an eight-station subset of WEBNET is used (filled triangles in Fig. 1), to resemble a long-term109

monitoring of aseismic regions such as with planned geothermal wells, injection CO2, or extraction of hydrocar-110

bons. The West Bohemia/Vogtland test site presents a setting analogous to that of induced seismicity monitoring111

systems. The typical depths of earthquakes (∼ 9 km) are comparable to the average spacing between permanent112

seismic stations, ensuring good coverage and detection capability of the network. The majority of seismic activity113

is concentrated near the center of the network (North cluster), mimicking scenarios of induced seismicity directly114

associated with borehole operations. In contrast, a smaller fraction of events occur outside the network perimeter115

(South cluster), serving as a proxy for potentially triggered seismicity in the surrounding region.116

The subset of eight WEBNET stations surrounds the Nový Kostel fault zone, leaving the smaller Southern swarm117

outside. The eight subset stations are NKC, LBC, VAC, STC, KVC, SKC, POC, and KRC (pointed by filled triangles in118

Fig. 1, similar stations to Káldy and Fischer, 2023), spanning 13 km N-S and 8 km E-W. All these stations are planted119

with similar seismometers: broadband sensors Guralp CMG-3ESPC, sampling is 250Hz (Institute of Geophysics, 1991,120

www.ig.cas.cz).121

1.2 Detection methods in WEBNET122

TheWEBNET network is consistently monitored using two independent, fully automated methods that run in paral-123

lel, with prominent events subsequently verified and interpreted manually. As mentioned, the PEPiN system oper-124

ates with 8 stations (filled triangles in Fig.1) situated around the main focal area of Nový Kostel. The data collected125
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by these stations are processed every hour, analyzing the previous 60 minutes of continuous data to detect seismic126

events. PEPiN identifies the onsets of both S- and P-waves, associates them with the expected event criteria, and127

calculates the hypocenter location and local magnitude (Káldy and Fischer, 2025). To ensure accuracy, the algorithm128

requires at least four valid S-wave picks and one P-wave pick. Events with location residuals below 0.1 seconds are129

displayed on the website (https://www.ig.cas.cz/vyzkum-a-vyuka/observatore/lokalni-seismicka-sit-webnet/), while all130

events, including those with higher residuals, are stored in the internal database for future analysis.131

Additionally, all waveforms are processed daily using an event detection algorithm based on Artificial Neural132

Networks (ANN). Thismethod operates independently onwaveforms from each station, ideally across all 23 stations,133

and searches for signals indicative of local seismic events, as pre-trained. The individual station-based detections are134

then passed through a coincidence scheme that identifies simultaneous triggers on at least 6 stations. Time periods135

matching these criteria are labeled events and stored in the database, with the maximum amplitude of the traces136

used as a preliminary indicator of potential higher magnitudes.137

The outputs from both detection methods are then manually reinterpreted by seismologists. For the purpose of138

this study, we run the ANN detector on the eight-station configuration only, with a coincidence of five stations to139

declare an event.140

2 Methodology & Setup: Synthetic Template Detection141

The goal is to create a grid of Synthetic Templates that detects all earthquakes in the area of interest, regardless142

of its exact location or focal mechanism. A dense grid with great variation of focal mechanisms would serve the143

detection well, but the computation cost would be too high. The aim is to make the detection possible to run on a144

standard multi-core computer at reasonable time. Tools such as Pyrocko (Heimann et al., 2017, 2019, 2020) facilitate145

the generation of syntheticwaveformsusing established velocitymodels andmodifiedObsPy (Beyreuther et al., 2010)146

serves the template matching detection.147

2.1 Velocity model148

For Synthetic Template Matching, the realistic synthetic seismograms are the core. Such realistic seismograms can149

be achieved best by proper modeling and by using the best available velocity model of the region, with a specific150

focus on upper layers.151

West Bohemia / Vogtland region has been studied for velocities, attenuation, and densities in 1D and 3D (Málek152

et al., 2005; Mousavi et al., 2015; Karousová et al., 2012; Fallahi et al., 2013). Since this study aims to test its usability153

for regions less explored than West Bohemia / Vogtland, only the 1D isotropic velocity model by Málek et al. (2005)154

will be used (Tab. 1, version published by Vavryčuk et al., 2022); the depth scale was adjusted to kilometers below155

sea level to match this project. A similar velocity model was used to determine focal mechanisms in the region of156

Nový Kostel (Vavryčuk et al., 2022).157

Each 1D velocity model is only an approximation of the Earth’s velocities, the difference from the real field being158

due to anisotropy, inhomogeneities, changes in porosity, chemical composition and layers thickness over the dis-159

tance, etc. In West Bohemia, the study by Málek et al. (2005) shows 5% P-wave anisotropy, and variation 0 - 0.5 km/s160

betweenhere usedmodel andWB95model (Novotný, 1996). In total, the cumulative uncertainty in the velocitymodel161
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is below 10%, when the seismic source is at 10 km depth.162

Depth [km] -0.675 -0.4 -0.1 0.4 1.4 3.4 5.4 9.4 19.4 31.4
Vp [km/s] 4.30 5.06 5.33 5.60 5.87 6.09 6.35 6.74 7.05 7.25
ρ [g/cm3] 1.7 2.2 2.3 2.5 2.5 2.5 2.6 2.6 2.6 2.9
Qp 30 40 50 60 80 100 150 200 300 400

Table 1 1D velocity (Earth) model for West Bohemia / Vogtland: velocities and attenuation factors (Málek et al., 2005) are
as published by Vavryčuk et al. (2022), and densities from Málek et al. (2005). Depth is given in kilometers above sea level.
Vp/Vs = 1.7, Qp/Qs = 2.

2.2 Generating synthetic seismograms163

A synthetic seismogram represents the theoretical ground motion at a given receiver location in response to a hy-164

pothetical earthquake. The generation of synthetic seismograms requires several key inputs: a defined focal mech-165

anism, source location, magnitude, a velocity model of the subsurface, the positions of recording stations, and ap-166

propriate computational tools.167

For this work, synthetic seismograms were generated at eight stations from the WEBNET network surrounding168

NovýKostel (see Fig. 1) using the open-source Pyrocko toolbox developed byHeimann et al. (2017, 2019, 2020). Green’s169

functions (GFs) were computed using Pyrocko’s Fomosto module, which supports various computational backends170

depending on the scale and requirements of the simulation. We employed the QSEIS backend (Wang, 1999), which171

models wave propagation in a layered, viscoelastic half-space. Grid parameters and sampling rates are similar to172

Káldy and Fischer (2025), selected to prevent aliasing in both the time and spatial domains.173

Based on the computed GFs, Pyrocko facilitates the simulation of both point and finite seismic sources, as well174

as a range of source time functions. Our simulation setup closely follows that of Káldy and Fischer (2025), with the175

exception that we adopt the 1D velocity model for the West Bohemia region developed by Málek et al. (2005) (see176

Tab. 1). To scale the synthetic waveforms, we use themomentmagnitudeMW (Hanks and Kanamori, 1979); however,177

for comparison with observed local seismicity, results are presented in local magnitudeML. The ground motion is178

modeled in terms of velocity to match the format of the recorded velocigrams.179

The simulations cover a frequency band of 1–10 Hz, with emphasis placed on the lower end of the spectrum com-180

pared to Káldy and Fischer (2025). This focus is intended to mitigate the influence of small-scale heterogeneities181

in the subsurface. All eight WEBNET stations used in this study are equipped with broadband sensors whose re-182

sponse remains flat across the 1–10 Hz range (Güralp Systems Limited, 2021), enabling straightforward conversion of183

waveform data from digital counts to physical ground velocity in units ofm/s.184

2.2.1 Synthetic vs. real event185

Although in a real case scenario of monitoring an aseismic region, this would not likely be an option, we choose186

to compare real event waveforms with synthetic ones; the synthetics being constructed with all the parameters we187

knowabout the real seismic event. The comparison in Fig. 2 reveals variations in relative S-wave arrival times ranging188

from 0 to 0.22 seconds. The greatest differences are observed at stations that are second closest (LBC) and second189

most distant (POC). Note that waveforms are scaled to match the maximum amplitudes between real and synthetic,190

therefore the variation in amplitude and so in the interpreted magnitudes is not pronounced here.191
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Figure 2 Real vs. Synthetic Waveforms: 2014/05/30 3:09:20,ML0.55 (Mw1.31), location: N50.2266, E12.4461, depth 8.7 km;
focal mechanism strike 40◦, dip 57◦, rake 82◦. Event parameters by Vavryčuk et al. (2022). Real waveforms in black, synthetic
ones in red, both bandpass filtered 1-10 Hz, scaled to match maximum waveform of a component, East component in first
column, North in second, vertical component in right column. Stations in rows are ordered by the epicentral distance.

2.3 Grid of Synthetic Templates192

Synthetic Template Matching detection technique is particularly well-suited for regions where enhanced detection193

of seismic activity is desired but empirical templates are unavailable or insufficient. To ensure effective detection,194

the Synthetic Templates must adequately sample all the possible variation in waveforms due to variation of source195

location and focal mechanism.196

To cover the variation in waveforms due to the source location, the templates are calculated with the spatial197

extent reflecting the target area. We choose that the grid of Synthetic Templates covers the center of the station198

subset, extending more to the south, spanning 6 x 16 km, 7 - 11 km in the depth, resulting in total 2 975 Synthetic199

Templates. This grid has spacing 1 km and it covers most of the known seismic events in the area, focusing on the200

Northern cluster and leaving outmost of the Southern seismic cluster right out of the grid. This serves as a test of the201

detectability for events outside the grid and outside the seismic network. The grid span is indicated by a gray dashed202

line in Fig. 1, red points are the automated locations by PEPiN.203

To cover the possible variation inwaveformsdue to changes in focalmechanism, a constant variation in strike, dip204

and rake for each grid pointwould cause a dramatic increase innumber of templates, but since each focalmechanism205

without volumetric change can be reconstructed on the basis of five double-couple focalmechanisms (Zahradník and206

Sokos, 2018, Fig. 3), only these five focal mechanisms are chosen for the synthetic seismograms to cover all the ex-207

pectedwaveformmodulations. See an example of resulting Synthetic Templates in Fig. 3a-e for all five representative208

focal mechanisms. The seismic source is at depth 8 km, 2.3 km North from the NKC station. The seismograms vary209

mainly in the S-to-P amplitude ratio and in the S-wave polarity at each component; some templates’ components are210

much alike (Fig. 3: component E in b and c, component N in b and c, etc.).211
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(a)

(b)

(c)

(d)

(e)

Figure 3 Synthetic Templates located 2.3 km North of the NKC station (N50.2536, E12.4461), at 8 km depth. These synthetic
seismograms are created for five of six elementary moment tensors used in ISOLA (Zahradník and Sokos, 2018, Table 1) using
Pyrocko (Heimann et al., 2017) and 1D velocity model (Tab. 1). Seismograms are ground velocities bandpass filtered 1-10 Hz.

For the grid, an estimate of the expected error/uncertainty in the relative arrival time of the S wave can be made.212

The relative location of the template grid and seismic stations (Fig. 9) togetherwith the velocitymodel (Tab. 1) defines213

the maximum difference in the arrival times of the S wave; The S wave originating in the SE top corner of the grid214

arrives at the KRC stationwith∼4.3 s delay compared to SKC station. If the expected uncertainty of the velocitymodel215

is 10% (Málek et al., 2005), the expected error in arrival time between the real and synthetic waveforms is up to 0.43 s.216

This predicted error in arrival time is more pessimistic than the observed 0.22 s in Fig. 2.217
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2.4 Interpreting focal mechanisms218

The similarity of the template waveform to a real event waveform also reflects the similarity in the focal mechanism.219

Each focal mechanism (FM) without volumetric change can be reconstructed on the basis of five double-couple focal220

mechanisms (Zahradník and Sokos, 2018, Fig. 3), which implies that an FM of the detected event could be recon-221

structed from the FM of detecting templates, using similarities as weights. Such can be achieved through a linear222

combination of moment tensors of the five focal mechanisms, using achieved similarities as weights.223

3 Match filter detection routine - Modification for Synthetic Templates224

The aim is to detect real events using synthetic templates. Most of the detection routine is similar to the template225

matching with a real template: select the template seismic event, define the time window relative to P and/or S wave226

so it covers the waveforms one wants to use for the cross-correlation, run the matching routine to obtain similar-227

ity between the template and daily data for each station, sum up the similarity curves, retrieve a time of detected228

events where the similarity exceeded the detection threshold, and if more detections occur in a defined time win-229

dow pick the one with highest similarity. Our tests of template matching using Synthetic Templates showed the way230

the similarity stacking must be modified to account for uncertainties of synthetic arrival times. The ObsPy template231

matching software (Beyreuther et al., 2010) allows the changes to be implemented; themajor requiredmodifications232

are explained and described below. The resulting scripts for template matching detection with synthetic templates233

are one of the outputs of this work.234

There is a major difference between template matching detection using a real vs. a synthetic template, and it is235

not in the shape of P or S waveforms. The difference is in themismatch of relative wave arrival times to some stations236

because of the inaccuracy in the velocity model. In other words, the real and synthetic P and S wave arrivals overlap237

at some stations but are time-shifted at others (LBC, POC in Fig. 2). When working in an area without recorded238

seismicity, the time difference is not known, but it can be estimated from the uncertainty in the 1D velocity model.239

We estimate the expected error in the relative arrival time to some of the stations terr to∼0.43 s.240

Variations in relative arrival times, denoted terr, can lead tomisalignment between observed and synthetic wave-241

forms. As a result, a straightforward summation of similarity values across stations may fail to detect an event if242

arrivals are offset, as illustrated in the central panel of Fig. 4, where no detection is declared. To mitigate this limita-243

tion, the method applies a time-smearing approach to similarity traces within a conservative window of terr = 0.5 s,244

slightly broader than the estimated 0.43 s to ensure robustness. This smearing is implemented by computing the245

local maximumwithin a sliding window of width terr (i.e.,± 1
2 terr) using the optimizedmove_max function from the246

bottleneck library (Alon and Yahav, 2021).247

The final similarity used for detection is defined as the sum of the smeared similarities divided by n, where n is248

the required number of components above the cross-correlatio (xc) threshold. If this condition is not met, the final249

similarity is set to zero. A detection is declared when the final similarity exceeds the xc n threshold. In particular,250

since detections can involve more than n stations, the resulting final similarity may exceed one. A standard ObsPy251

parameter, ’minimum time between detections’, is also used to prevent repeated detections of the same event. To252

incorporate similarity smearing into your ObsPy-based pipeline, modify the similarity_func used by the correlation253
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Figure 4 Workflow of Synthetic Template Matching - example of template matching between a real event ML0.63
2018/05/18 11:19:38 and a synthetic template with the epicenter 5 km apart. The detection threshold is set to 0.4, the required
number of components above the threshold is set to 5 (only for this example on LBC, NKC and KVC station). Left column: Real
event waveforms in blue, synthetic template in red. Both filtered 1-10 Hz. Central column: in blue are the similarities (from
-1 to 1) - the result of template matching. Similarities above 0.4 are highlighted by red points. The additional diagram at the
bottom shows the sum of these similarities divided by 5 - none exceeding the detection threshold 0.4. Right column: Smeared
similarities in blue (maximum similarity in a sliding window terr 0.5 s ie. ±0.25 s), values above 0.4 highlighted by red points.
Diagram at the bottom shows the final similarities that are created as a sum of smeared similarities divided by 5, but only
at time points where at least 5 stations have the smeared similarity above 0.4. This final similarity exceeds the threshold 0.4
only at few time points, but even so the seismic event is detected with similarity 0.64 by this synthetic template located 5 km
apart (the synthetic template detecting this event with the greatest similarity 1.3 has the epicenter only 600 m apart from
PEPiN location).

worker as shown in Listing 1.254

For better understanding of the Synthetic Template Matching workflow, an example detection is shown for three255

stations (LBC, NKC, and KVC) in Fig. 4. The detection threshold is set to 0.4, the required number of components256

above the threshold is set to 5. The workflow is presented on the real seismic waveforms of an event (filtered 1-10 Hz,257

left column in Fig. 4) giving similarities for each component (central column in Fig. 4). The smeared similarities258

(right column in Fig. 4) are created by the maximum in a sliding window ± 1
2 terr (= 0.5 s) and the final similarity259

in the bottom right corner of Fig. 4 shows a single event detection. Note the importance of the correct estimate of260

terr, because it influences the span of smeared similarities above the threshold and so the potential of overlap of261

the smeared similarities above the threshold. In other words, if terr was shorter, there would be no detection in262
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the example in Fig. 4. On the other hand, prolonging terr extends the ability to detect events by a single Synthetic263

Template.264

A Synthetic Template comprises three components (East, North and vertical) for each of the stations and it rep-265

resents one of the five basic focal mechanisms (Fig. 3) with epicentral location in one of the grid points. When a266

Synthetic Template detects, the detection is assigned the origin time andmagnitude derived from the template (both267

provided by the ObsPy function) and the exact location and focal mechanism of the template. During Synthetic Tem-268

plateMatching, hundreds of templates can be used for detection, many of which are successful in detecting the same269

event. The final catalog of detections contains only unique events (within 1 s window) which are assigned the param-270

eters of the template detection with the highest similarity, the number of detecting events and the interpreted focal271

mechanism (FM).272

The focal mechanism assigned to a detected event is interpreted from FM of templates detecting the event and273

having a hypocenter similar to that of the detecting template with the highest similarity. The resulting FM is a linear274

combination of FMs converted to moment tensors, weighted by similarity, reduced by the minimal similarity, and275

converted back to FM.276

The software is built to run on many cores in parallel to speed up the process using the multiprocessing package277

of Python (Van Rossum and Drake Jr, 1995).278

Listing 1 Implementation of similarity smearing into ObSpy code. The function similarity_func requires the parameters to

be set directly into it, making the code less transparent.

import bottleneck as bn279

280

def similarity_at_subset_stations(ccs, xc_threshold=0.4, nr_components_above_threshold=3,281

sliding_window=0.1):282

""" Calculates mean similarity in a sliding window at 3 (nr_components_above_threshold)283

components with the greatest max(similarity) in the window284

:param ccs: stream - similarity functions for each station and component285

:param xc_threshold: xc threshold both for individual component and final similarity286

:param nr_components_above_threshold: min nr of components required to be above the287

threshold288

:param sliding_window: size of the sliding window in seconds289

:return: Trace with similarity function """290

window_len_samples = round(sliding_window / ccs.traces[0].stats.delta)291

data_array = np.array([tr.data for tr in ccs]) # converts traces into array292

header = dict(sampling_rate=ccs[0].stats.sampling_rate,293

starttime=ccs[0].stats.starttime)294

# fast way of calculating max in a sliding window:295

moveMax = bn.move_max(data_array, window_len_samples, axis=1)296

comp_thres = np.sum(moveMax > xc_threshold, axis=0) >= nr_components_above_threshold297

similarity = np.sum(moveMax, axis=0) / nr_components_above_threshold * comp_thres298

return Trace(data=similarity, header=header)299

300

def similarity_func (ccs):301
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""" Wrapper for the similarity function to set parameters.302

:param ccs (dict): Similarity values for each station and component.303

:return: Resulting similarity score. """304

return similarity_at_subset_stations(ccs, xc_threshold=0.4, nr_components_above_threshold305

=9, sliding_window=0.5)306

307

def correlation_worker(args):308

""" Worker function for processing a chunk of the stream or template. """309

stream_chunk, template, height, distance, template_names, template_magnitudes,310

similarity_func = args311

return correlation_detector(stream_chunk, template, height, distance, template_names=312

template_names, template_magnitudes=template_magnitudes, plot=None, similarity_func=313

similarity_func )314

4 Results315

The results of Synthetic TemplateMatching are presentedwith twodetection thresholds: the higher cross-correlation316

threshold (xc 0.4) that ensures zero false detection, and the lower (xc 0.35) improving themagnitude of completeness317

fromMC -0.1 toMC -0.3 (red points for xc 0.4 and orange points for xc 0.35 in Fig. 5a).318

(a)

(b)

Figure 5 (a) Gutenberg Richter distribution of seismic catalogs by Synthetic Template Matching (red points xc 0.4, orange
points xc 0.35), PEPiN (blue crosses) and Neural Network (green crosses) with interpreted magnitudes of completeness MC .
Magnitude of completeness MC is determined using the maximum curvature method (Pavlenko and Zavyalov, 2022). Mag-
nitude is derived by PEPiN or extrapolated from it. (b) Number of Synthetic Templates detecting an event vs. event’s ML

(Detecting with xc 0.4). Red points represent events detected by both Synthetic Template Matching and PEPiN. Black dashed
line is linear interpolation of the red points; it curves due to logarithmic display of the y axis.

For testing Synthetic Template Matching technique, we chose daily seismograms from the period 2008 - 2018 for319

which focal mechanisms were available (Vavryčuk et al., 2022). The test day is chosen to be 18th May 2018 (Julian320

day 2018.138), with a focal mechanism available for 7 events 1.2 < ML < 3.1 (Vavryčuk et al., 2022): 3 located in321
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the Southern cluster slightly outside the test network of eight stations (see the minor activity in South cluster NW of322

station MAC in Fig. 1), and 4 in the North seismic cluster North of the NKC station and East of LBC station; see the323

major activity in Fig. 1. The depth of these events is 8.2 - 10 km.324

There are 507 seismic events detected by PEPiN (−0.55 < ML < 2.7) on 18th May 2018, automatically located325

mainly in the North cluster, few in the Southern cluster. The magnitude of completeness of PEPIN isMC -0.5 (blue326

crosses in Fig. 5a).327

The Artificial Neural Network (ANN) detects 724 events on 18thMay 2018. Since the ANNdoes not provide location328

or magnitude, the magnitude of completeness is determined when the ANN catalog is matched to PEPiN’s and the329

magnitudes are extrapolated for unmatched events based on maximum recorded amplitude, with the awareness330

that an exceptionally highmagnitude can be result of a noise spike. Consequently, the magnitude of completeness is331

determinedMC -0.7 (green crosses in Fig. 5a). The ANN catalog is not compared to catalogs by PEPiN and Synthetic332

Template Matching on one-to-one match because several of the ANN event-detection comprises of multiple events.333

The results of the Synthetic TemplateMatching are examined in greater detail in the following subsections. Specif-334

ically, we explore:335

1. Howmany templates are typically associated with the detection of a single event?336

2. How does the performance of the Synthetic Template Matching compare to that of the PEPiN approach, partic-337

ularly in terms of missed and false detections for events withML > 0?338

3. How do the event locations compare?339

4. Furthermore, we assess whether the Synthetic Template Matching can provide insight into focal mechanisms,340

and how these inferred mechanisms align with those presented by Vavryčuk et al. (2022).341

4.1 Single event detected by grid of Synthetic Templates342

How a single event detection looks like when a network of Synthetic Templates is used for detection? To examine343

the effect, we select an eventML1.8 from the central cluster (depth 10 km) that occurred at 3:23:10.96 at night on 18th344

May 2018, with focal mechanism strike 348◦, dip 87◦, rake 31◦ (respectively 256◦, 59◦, 176◦; Vavryčuk et al., 2022).345

This eventwasdetectedby 1353 Synthetic Templates (similarity 0.68-1.37, origin timeassigned3:23:11.67 - 3:23:14.2),346

being one of the most pronounced seismic events on 18th May 2018, see Fig. 5b. The template that showed the great-347

est similarity is located horizontally 1.3 km from the location associated with the focal mechanism (Vavryčuk et al.,348

2022), 924 m from manual location by IG CAS (Institute of Geophysics, 2024), and 477 m from PEPiN location. All349

four are lined on the NNE line, see stars in Fig. 6a. The depth by Synthetic Template Matching is 8 km being 1.6 -350

2.0 km shallower than the other locations (stars in Fig. 6b). The uncertainty in depth by Synthetic TemplateMatching351

is great, since all 25 templates of the particular horizontal coordinates detect this event with high similarity (1.06 -352

1.37); it implies that the focal mechanism has limited effect on the similarity and so on the detection.353

4.2 Synthetic Templates Matching results354

We compare the performance of the Synthetic Template Matching using two detection thresholds, xc 0.4 and xc 0.35355
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(a) (b)

Figure 6 Single event detection by multiple Synthetic Templates. Event ML1.8 3:23:10.96 18th May 2018. (a) Map view of
West Bohemia region, zoom of Fig. 1. Black rings - locations of templates detecting the event, rings’s size reflect similarity
between template and the event. Yellow filled star - template with greatest similarity = assigned event location. Red star -
PEPiN location. Magenta star - location from focal mechanism catalog (Vavryčuk et al., 2022). Blue star - manual location by
IG CAS (Institute of Geophysics, 2024). (b) Projection of all the locations to North-South plane, depth cross-section. Symbols
similar to (a).

The initial output of Synthetic Template Matching is a detection catalog which comprises all detections by all356

the templates. This initial catalog is later converted to a catalog of unique seismic events: The location, magnitude,357

and detection time of the template with the highest similarity is assigned to each event detection. An event’s focal358

mechanism is based on the focal mechanism of all the templates with the final location (more details are given in the359

following section: FocalMechanismeffect ondetection). Themagnitude of an event assignedby the cross-correlation360

technique is converted to ML by PEPiN (see the following paragraph). Each event is also assigned the number of361

templates that detected it. Events in the Synthetic Template Matching catalog are than associated to events in the362

PEPiN’s catalog based on similarity of origin times.363

As the Q-factors are only rough estimates (Tab. 1), the synthetic waveforms do not provide realistic amplitudes364

in terms of the absolute values inm/s. Consequently, also the magnitude (Mw) determined by the cross-correlation365

detector is misled and the conversion toML by Káldy and Fischer (2025,ML = 1.41 ∗Mw − 0.78, Eq. 4, green line in366

supplement Fig. ML_vs_MW) had to be replaced byML = 0.790 ∗Mw(SyntTempl)− 2.204 (black line in supplement367

Fig. ML_vs_MW). This relation comes from comparingML andMw(SyntTempl) of events detected both by PEPIN368

and by Synthetic Template Matching with xc threshold 0.4 (red points in the supplement Fig. ML_vs_MW).369
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4.2.1 Detection with xc threshold 0.4370

Detection by 2 975 Synthetic Templates (varying in location and focal mechanism) resulted in 97 400 detections when371

the xc threshold is set to 0.4 and the minimum time between detections is 3 s. Many of individual events were de-372

tected by hundreds of templates (up to 1 495 templates), and only 17 were located by a single template (Fig. 5b).373

Consequently, these nearly 100 thousands detections resulted in the detection of 264 unique seismic events: 244 of374

them were matched with PEPiN detections, 20 were detected only by Synthetic Template Matching. The time - mag-375

nitude distribution of detection both by the Synthetic Template Matching and PEPiN is shown in Fig. 7a; the events376

detected by Synthetic Template Matching (in red points and black stars) envelope the activity detected only by PEPiN377

(in blue) with several exceptions. The magnitude of completenessMC−0.1 is less favorable byML0.4 thanMC−0.5378

by PEPiN (Fig. 5a).379

(a) XC threshold 0.4:

(b) XC threshold 0.35:

Figure 7 Detection performance: Synthetic Template Matching vs PEPiN, different xc threshold. (a) XC threshold 0.4: 19
detected only by Synthetic Template Matching (black stars), 244 events detected by both Synthetic Template Matching and
PEPiN (red points). 263 events detect uniquely by PEPiN (blue crosses). (b) XC threshold 0.35: 96 detected only by Synthetic
Template Matching (black stars, 56 are real local events), 351 events detected by both Synthetic Template Matching and PEPiN
(orange points). 157 events detected uniquely by PEPiN (blue crosses). Purple circles refer to the seven strong events with
manual locations and focal mechanisms.

The Synthetic TemplateMatchingmissed 15 eventsML ≥ MC−0.1, 9 eventsML ≥ 0.0 (only 4 of themwere located380

by PEPiN within the network). On the other hand, the Synthetic Template Matching provided 20 seismic events in381

addition to PEPiN detection (14 ML ≥ MC(−0.1), 8 events ML ≥ 0.0); all visually examined and recognized real382

without a doubt. See Fig. 8 for an example event detected by both PEPiN and the Synthetic Template Matching (a),383

an event detected only by PEPiN (b), and an event detected only by Synthetic Template Matching (c).384

More than 85% (227 of 264) of events were detected with 10 or more Synthetic Templates (Fig. 5b), which implies385

that the number of templates could be reduced without affecting the detection ability noticeably, leaving out mostly386

ML < 0 events.387

With thedetection threshold 0.4 thedetectionby Synthetic TemplateMatchingdoesnot outperform the automated388

detection by amplitude-based PEPiN, but it does not create a single false detection.389
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(a) (b) (c)

Figure 8 Example of detected seismic events. (a)ML0.3detected both by PEPiN & Synthetic Template Matching (b)ML−0.5
detected only by PEPiN (c) ML−0.3 detected only by Synthetic Template Matching. All band-pass filtered 1-10 Hz, displayed
by Snuffler (Pyrocko).

4.2.2 Detection with xc threshold 0.35390

The time - magnitude distribution of detection both by the Synthetic Template Matching with xc 0.35 and PEPiN is391

shown in Fig. 7b; the events detected by Synthetic Template Matching (in orange points and black stars) envelope392

and overlap the activity detected only by PEPiN (in blue). The magnitude of completenessMC−0.3 is less favorable393

byML0.2 thanMC−0.5 by PEPiN, but it improved the detection with xc 0.4 byML0.2 (Fig. 5a).394

The template matching on the grid of Synthetic Templates with the detection threshold decreased to 0.35 created395

more than twice detections (223 364) than with xc 0.4, resulting in 446 unique seismic events (1.8 times more than396

with xc 0.4, similarities 0.63 - 1.48). As such, it performs closer to PEPiN , sharing 350 detections and missing 157397

PEPiN detections (5 of 6 withML > 0 are located outside the network).398

There are 96 unique events detected by Synthetic Template Matching, with −0.14 < ML < 0.98 (similarity 0.63 -399

1.2). The visual examination of these unique events by Synthetic Template Matching shows that half of them (49) are400

real local events, 11 distant or low-frequency (LFE) events, and 36 noise or highly uncertain detections. The highML401

of these unique events does not ensure that they are real or local (two events withML > 0.7 are noise, one is a distant402

seismic event), but due to Synthetic Template Matching there are 9 extra real local events with 0 < ML < 0.7 (of 16403

proclaimed ones) that were not detected by PEPiN. That is not improvement to xc 0.4 which detected 8 additional404

events withML < 0.405

Although detection with Synthetic Template Matching with the xc threshold 0.35 provides a more complete cata-406

log, it also generates false detections, some of them of relatively high interpreted magnitude (0.7 < ML < 1).407
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4.3 Location by Synthetic Template Matching408

The location of each detected event is assigned based on the template that yielded the highest similarity score. Given409

that the template grid spacing is 1 km, this imposes a minimum horizontal location uncertainty of ± 1√
2
km. An410

example of a multi-template detection for a single event (Fig. 6) indicates that, for high-magnitude events, the epi-411

central location uncertainty lies within this expected range when compared tomanual and PEPiN-derived locations.412

In contrast, the same comparison highlights that the depth estimates are subject to considerably greater uncertainty.413

When epicentral locations are compared for all the 244 mutual events detected by PEPin and Synthetic Template414

Matching (xc 0.4, Fig. 9a) the average epicentral difference is 1.2 km (median 1.0 km, 90th percentile 2.1 km and415

max 8.0 km). The depths interpreted by Synthetic Template Matching are slightly deeper, with the average absolute416

difference being 1.4 km (median 1.3 km, 90th percentile 2.3 km and max 8.0 km, differences pointed by gray lines in417

Fig. 9b).418

(a) (b)

Figure 9 Locations by Synthetic Template Matching vs. by PEPiN (xc threshold 0.4). (a) Map view of West Bohemia region
with seismic stations used in this study. Red points - events detected by Synthetic Template Matching - locations by PEPiN.
Black rings - events detected by Synthetic Template Matching - locations from detecting templates. For other details see
Fig. 6. (b) Projection of all the locations to North-South plane, depth cross-section. Comparison of locations by PEPiN and
Synthetic Template Matching: Light gray lines connect the two locations of a single event detection. Symbols similar to (a).

The locations were also compared for the 7 strong seismic events with manual locations 1.3 < ML < 2.7 (purple419

circles in Fig. 7). The epicentral location varies in average 0.5 km (0.3 - 0.8 km) from PEPiN, and 1.2 km (1.0 - 1.5 km)420

from location used for focal mechanisms (Vavryčuk et al., 2022) when the event is located in the Northern cluster421

(center of the network). The difference in epicenter is 2.8 km (1.2 - 5.9 km) vs. 1.7 km (all 1.7 km) when located in the422
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Southern cluster, outside the seismic network, and at the edge of the template grid. With an exception of a single423

PEPiN location, the epicentral location by Synthetic TemplateMatching is closer to PEPiN, which uses a similar set of424

seismic stations, than to location for FM, which uses 22 - 23 stations. The depths interpreted by Synthetic Template425

Matching are shallower (with a single exception) in average 1.2 km compared to PEPiN and 1.5 km compared to FM426

locations.427

In conclusion, the Synthetic Template Matching method demonstrates robust horizontal localization, the accu-428

racy is inherently limited by the template grid resolution, but depth estimations remain less constrained.429

4.4 Focal Mechanism effect on detection430

To check what is the effect of template’s focal mechanism (FM) on detection, we show in Fig. 10a the contribution of431

different FM to event detection. It turns out that this effect is limited: if only a single FMwas chosen for all grid points,432

it would detect an average of 220 (194 - 234) events instead of 264 events when all templates are used. Interestingly,433

the FM with the highest detection rate (pure strike-slip: strike 0◦, dip 90◦ and rake 0◦) is similar to FM of four strong434

events in the North cluster (Vavryčuk et al., 2022, strike-slip: strike 348◦, dip 87◦, rake 31◦).435

(a) (b)

Figure 10 (a) Contribution of templates according to focal mechanisms (FM): total number of detections in light blue and
unique events in red. The red dashed line points the number of unique events that are detected using all templates with all
focal mechanisms (xc 0.4). (b) Focal mechanisms interpreted by Synthetic Template Matching in black vs. focal mechanism
manually determined for 7 strongest events of the day by Vavryčuk et al. (2022) in color. Events from the center of the seismic
network - the North Region - in i) and iii), manual FM in red. Events from outside the seismic network - the South region - in
ii) and iv), manual FM in blue.

In Fig.10b(i), the focal mechanisms (FMs) interpreted via Synthetic Template Matching for events with ML >436

0 are plotted atop each other and compared to those reported by Vavryčuk et al. (2022), all originating from the437

Northern cluster. The Synthetic Template Matching solutions (shown in black) reveal two distinct patterns: the first438

group of FMs closely matches the strike-slip mechanisms published by Vavryčuk et al. (2022) (in red), while the439

second group corresponds to reverse faulting, exemplified by a representative solution with strike 253◦, dip 43◦,440

and rake 134◦. Notably, one of the fault planes of the reverse solutions is nearly aligned with the nodal plane of441

the aforementioned strike-slip events. This reverse-faulting pattern is also observed for the four strongest events442
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within the Northern region, as indicated by the black mechanisms in Fig.10b(iii). In contrast, the Southern seismic443

cluster exhibits predominantly reverse to low-angle reverse faultingmechanisms (Fig. 10b(ii,iv), which show limited444

agreement with the cataloged FMs by Vavryčuk et al. (2022).445

Interestingly, when the number of detected events in Fig. 10a is used as weights for estimating the overall FM, the446

interpreted FM is reverse fault (strike 242◦, dip 39◦, rake 121◦) similar to the interpreted FM of strong events (strike447

253◦, dip 43◦, rake 134◦, one of black FMs in Fig. 10b(iii)).448

Although the initial observations of FM’s effect on detection did not imply the interpretability of FM , FM could be449

interpreted consistently and in alignmentwith FMbyVavryčuk et al. (2022) for events located in theNorthern cluster,450

i.e. inside of the seismic network. The interpretation of FM of the Southern cluster, located outside the network, was451

also quite consistent, but did not align with FM by Vavryčuk et al. (2022) and should be interpreted with care.452

5 Summary and discussion453

The study aims to test the performance of synthetic seismograms as templates for templatematching detection using454

cross-correlation, and to compare it with two algorithms routinely detecting seismicity in West Bohemia: First, the455

automated seismic detector and locator PEPiN (Fischer, 2003; Káldy and Fischer, 2025). Second, the Artificial Neural456

Network (ANN) detection (Doubravová and Horálek, 2019). Last, Synthetic Template Matching was found capable of457

estimating the focal mechanism, which is compared to the focal mechanism by Vavryčuk et al. (2022).458

Synthetic TemplateMatching utilizes a grid of templates that vary in hypocenter locations and focalmechanisms.459

The locations are to cover the area of interest; the focal mechanisms are the five elementary focal mechanisms (FM)460

(Zahradník and Sokos, 2018), which are independent of the FM expected in the region. The resulting catalog of461

events detected by Synthetic Template Matching comprises the origin time, similarity,Mw (later converted toML),462

and location (longitude, latitude, and depth) taken from the template of highest similarity; in the catalog there is also463

the number of templates detecting the event and focal mechanism interpreted from detecting templates of similar464

hypocenter.465

In the WEBNET test scenario where the epicentral distance and depth are up to 10 km (seismograms band-pass466

filtered 1-10 Hz) and the Synthetic Templates created with the 1D velocity model, the Synthetic Template Matching467

detected 264, resp. 446 seismic events with the xc threshold 0.4 resp. 0.35 (Fig. 7a, resp. b); the magnitude of com-468

pleteness beingMC−0.1, resp.MC−0.3 (red, resp. orange points in Fig. 5). In the xc 0.4 scenario are all the detected469

events real and local, but in the xc 0.35 case, there are many false detections, two even with magnitudesML > 0.7,470

and some detected events are distant or low-frequency ones (LFE).471

Although Synthetic Template Matching detects hundreds of events per day, confidently with magnitude below472

zero, it does not outperform the automated detector and locator PEPiN or Neural Network in terms ofMC (Fig. 5).473

Another study on detection using synthetic seismograms as templates is done by Chamberlain and Townend (2018).474

It claimed that synthetic templates can serve for the detection of several real earthquakes on the local scale, outper-475

forming energy detectors in swarm detection and detecting 29 of 41 events detected with real templates (TS − TP ∼476

0.7 s). In contrast on the regional scale, in the aftershock sequence of theM6.0Wanaka earthquake (TS − TP ∼ 5 s),477

the synthetic template served to detect 248 events compared to 1 678 and 682 events by the real template and sta/lta478
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method. The synthetic templates in Chamberlain and Townend (2018) mimicked the real templates in terms of loca-479

tion and focal mechanism; this is not the case in this study, which is probably the reason for the lower performance480

on the local scale.481

The location assigned to an event detected by Synthetic Template Matching is limited to the grid points, spaced482

by 1 km. Compared to locations by other methods, the epicenters vary in average by 1.2 km from PEPiN’s locations,483

and 0.5 km from manual location of strong events (Vavryčuk et al., 2022). This applies when within the network,484

twice more when outside. The assigned depths should be interpreted with caution, although they vary from others485

only by 1.5 km. If the need for a more precise location arises, interpolation between grid points based on similarity486

is possible.487

The interpretation of focal mechanisms (FMs) using Synthetic Template Matching on eight WEBNET stations re-488

veals a consistent and mostly geologically plausible pattern for events inside the network; two dominant FM types489

emerged: one closely matching the strike-slip mechanisms reported by Vavryčuk et al. (2022), and another corre-490

sponding to reverse faulting with nodal planes adjacent to those of the strike-slip solutions. These FM’s are different491

in geological interpretation, but much alike in terms of polarity and amplitude variations.492

The Python codes performing Synthetic TemplateMatching are based on packagesObsPy (Beyreuther et al., 2010)493

andPyrocko (Heimann et al., 2017, 2020, 2019) and processing one day’sworth of data fromeight seismic stationswith494

2 975 Synthetic Templates requires around five hours on a systemwith 4 CPU cores. The code for Synthetic Template495

Matching is made available, together with the daily seismograms, Synthetic Templates, and the input and resulting496

catalogs for the test day.497

In conclusion, although Synthetic TemplateMatching is outperformed by PEPiN and Artificial Neural Network in498

terms of themagnitude of completeness (MC difference 0.2 - 0.6), it delivers great value in deriving focalmechanisms499

and in relatively precise epicentral locations.500
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