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Abstract Machine learning approaches have shown potential to automate the creation of seismic cata-
logues, but their abilities and performance are still questioned and being tested. We here present the Petrinja
Earthquake Sequence Machine Learning Catalogue (PESMLC), generated using the EQTransformer seismic
phase picker trained on the INSTANCE dataset, PyOcto for phase association, andNonLinLoc for event reloca-
tion. Our study focuses on the 2020Mw 6.4 Petrinja earthquake sequence in Croatia, covering the period from
28 December 2020 to 30 November 2022, during which we detected 41,989 seismic events. PESMLC achieves
high matching rates — 96% for the first six months, and 85% over the complete study duration — when com-
pared with detailed manual catalogues. The seismic network densification in January 2021 significantly en-
hanced event detection reliability, highlighting the importance of network configuration in efficient seismic
monitoring. While our machine learning approach successfully identified previously undetected microseis-
micity and dramatically reduced processing time, we observed systematic limitations, including magnitude
estimation biases and difficulties in accurately distinguishing closely spaced events in time. Optimisation
of associator parameters remains essential, and should ideally be performed specifically for each network
configuration, particularly for fully automated seismic monitoring systems. We further demonstrate that raw
machine learning catalogues require quality filtering prior to seismological analysis: stricter magnitude of
completeness estimators result in artificially high thresholds for unfilteredmachine learning catalogues, and
Omori p exponents are biased downward by low-quality detections. Both effects are resolved when analysis
is restricted to a quality-filtered subset, which recovers parameters consistent with high-quality manual cat-
alogues. Nevertheless, PESMLC overall provides a detailed, comprehensive seismic dataset aligned closely
with manual catalogues, demonstrating the considerable potential of machine learning to support routine
seismicmonitoring, particularly in resource-limitedobservatories and/or for long seismic sequencesand large
datasets.

1 Introduction
Over the last decade, the seismology community saw an
accelerating growth in the volume of obtained seismic
data driven by the deployment of numerous new seis-
mic stations, arrays, and networks. This vast amount
of seismic data necessitates the implementation of au-
tomated algorithms to efficiently process earthquake
sequence recordings. The traditional method, reliant
on manual inspection and labelling of obtained wave-
forms, is grinding and, crucially, time consuming, es-
pecially in the case of dense seismic networks, long
seismic sequences, and smaller, underfunded institu-
tions. In recent years, machine learning (ML) has
emerged as a promising and widely used alternative for
seismic detection and phase picking. ML algorithms,
particularly convolutional neural networks (CNN), have
demonstrated an ability to automatically detect and
classify seismic phases (e.g., P wave, S wave) with high
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accuracy often comparable to manual picking perfor-
mance (e.g. Ross et al., 2018, 2019; ZhuandBeroza, 2018;
Mousavi et al., 2020). These neural network model ap-
proaches can process large volumes of continuous seis-
mic data and adapt to various noise conditions, making
them particularly useful for detecting low-magnitude
events resulting in more complete earthquake cata-
logues (Tan et al., 2021). In contrast, traditional auto-
mated approaches to earthquake phase-picking, such
as the amplitude-based short-term average to long-term
average (STA/LTA) method (Allen, 1978), are unreliable
in low signal-to-noise ratio (SNR) environments. Ex-
isting semi-automatic event detection approaches de-
signed to detect smaller events, such as templatematch-
ing, require signals of interest to be identified a pri-
ori, meaning that earthquakes with waveforms dissim-
ilar to any template will likely remain undetected. On
the other hand, ML models can generalise across var-
ious seismic networks with little to no manual adjust-
ment, provided that they are trained on representative
datasets. This is particularly advantageous when ex-
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panding or modifying a seismic network, as the mod-
els can continue to function effectively even with newly
deployed stations. Studies have explored application of
MLmethods in different geographic regions (e.g. China
(Jiang et al., 2021); New Zealand (Pita-Sllim et al., 2023);
Chile (Woollam et al., 2019); and Italy (Tan et al., 2021)),
in volcanic settings (e.g. Suarez et al., 2023; Kim et al.,
2022), by using ocean bottom seismometers (Niksejel
and Zhang, 2024), and even for studying deep Earth
(Zhou et al., 2024).
MLmethods are often employed as ‘black-boxes’, but

it is crucial to understand precisely what these mod-
els detect, how they reach their decisions, and how
they compare with the manual approach (Majstorović
et al., 2022). In this study, by comparing with two de-
tailed, manually obtained seismic catalogues, we ex-
plore how accurate ML-based methods are. We focus
on the 2020 Mw 6.4 Petrinja earthquake sequence in
Croatia, a still ongoing seismic sequence, during which
the seismic network underwent several changes. By
analysing the performance of the ML approach, this
study aims to evaluate the accuracy, limitations, and
advantages of ML-based seismic detection methods in
comparison with manual approaches, and to provide
insights into how seismic network configuration influ-
ences their reliability.

2 Case study - Petrinja earthquake se-
quence

2.1 Tectonic setting

The 2020Mw 6.4 Petrinja earthquake (Herak andHerak,
2023) occurred in central Croatia (Figure 1). The
Petrinja earthquake sequence started on 28 December
2020, with a Mw 4.9 foreshock at 05:28 UTC. The fol-
lowing morning, on 29 December at 11:19 UTC, the
devastating Mw 6.4 mainshock occurred causing great
damage in the greater epicentral area, and was strongly
felt throughout Croatia, in the neighbouring countries
Slovenia, Bosnia and Herzegovina, Serbia, and Hun-
gary, and in parts of Italy and Austria. The epicentre of
the earthquake was located approximately 6 km south-
west of the town of Petrinja and about 48 km south-
southeast of Zagreb, the nation’s capital. The causative
fault was identified as the Petrinja fault, a right-lateral
strike-slip fault, which lies within the broader KupaVal-
ley Fault Zone. This fault zone has been seismically ac-
tive in the past, including the significant 1909 Kupa Val-
ley earthquake, which played a key role in the discovery
of the Mohorovičić discontinuity (Mohorovičić, 1910,
1992; Herak and Herak, 2010). The region is located at
the contact between the Internal Dinarides and the Pan-
nonian Basin, which leads to a complex tectonic envi-
ronment. Prior to this earthquake sequence, the Euro-
peanDatabase of Seismogenic Faults (EDSF, Basili et al.,
2013) described this fault zone as transpressional com-
posite source with general fault dip towards NE. This
was later updated in the European Fault-Source Model
2020 (EFSM20, Basili et al., 2020) to be classified as right-
lateral fault with the same geometry. Herak (2025) cal-
culated fault-plane solutions (FPS) and showed that seis-

mic sources in the Kupa Valley Fault Zone have a Di-
naric strike (SE-NW). Both foreshock and mainshock
of this sequence exhibit pure lateral strike-slip motion
(Figure 1) on a subvertical Petrinja fault which was ac-
tivated in the length of 20 km (Herak and Herak, 2023).
Althoughmost of the seismicity showed strike-slip FPS,
Herak (2025) finds some smaller events with reverse
faulting. This complements the EFSM20 model which
classifies Kupa Valley fault as right lateral strike-slip,
with expected dip between 55◦ and 70◦, and rake be-
tween 120◦ and 170◦, meaning significant reverse mo-
tion is also plausible. Further, for this earthquake se-
quence, Herak andHerak (2023) locate the depth of seis-
mic activity in the region ranging from 7 to 18 km. As
this is an area with a high geothermal gradient, Herak
and Herak (2023) suggest that the presence of ophiolite-
dominated crust may have allowed brittle deformation
at higher-than-usual temperatures where deeper after-
shocks were estimated.
Seismological data that were mainly used in Petrinja

earthquake studies were the (preliminary) aftershock
locations that came from two different sources - the
Croatian Seismological Survey (CSS) (e.g. Markušić
et al., 2021; Tomac et al., 2021; Baize et al., 2022) and
Herak and Herak (2023) (e.g. Sardeli et al., 2024). Žilić
et al. (2025), using broadband data to create empirical
Green’s functions, derived a kinematic rupture model
revealing a relatively small rupture length of less than
10 km, with amaximum slip of 5 m, and relatively short
rupture duration of 5 s. This is consistent with the
earlier results from Xiong et al. (2021), who used In-
SARSentinel-1 interferograms toderive a rupturemodel
with a rupture length of 8.3 km and maximum slip of
3.5m.

2.2 Seismic network

Before the start of the Petrinja earthquake sequence,
the Croatian seismic network had a relatively sparse
configuration. Permanent stations operated by the De-
partment of Geophysics at the University of Zagreb and
the CSS covered the country, but the closest stations
to the epicentre of the Petrinja earthquake were ap-
proximately 32 (RUJC) and 36 (MOSL) km away. Ini-
tially, the seismological monitoring of this earthquake
sequence was hindered for several reasons – available
instruments were already used to cover the Zagreb area
following the March 2020 Mw 5.3 earthquake (Herak
et al., 2022) and due to the COVID-19 pandemic and in-
ternational travel restrictions, installation of new, tem-
porary stationswas delayed. Consequently, the network
was densified on 4 January 2021 when the Department
of Geophysics and colleagues from Italy’s National In-
stitute of Oceanography and Applied Geophysics (OGS)
installed a temporary network (OP-Net) of five short-
period instruments (Stipčević et al., 2021). Later, be-
tween mid-January and March 2021, an additional pool
of 20 broadband instruments (and 20 accelerometers)
were installed in the wider epicentral area by the CSS
(PM-Net).
The deployment of OP-Net and PM-Net had a pro-

found impact on data quantity and station coverage
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Figure 1 Seismic network in Croatia (left) before the onset of the Petrinja earthquake sequence and (right) after the tempo-
rary networks in Petrinja regionwere installed. OP-Net was installed on 4 and 5 January 2021. PM-Net was installed between
mid January and March 2021. Locations of the foreshock (orange star), mainshock (red star), and historical 1909 earthquake
(grey star) are plottedwith their fault-plane solution FPS (Herak, 2025). Red line indicates Kupa Valley Fault Zone (Basili et al.,
2020) while black line indicates causative Petrinja fault from Herak and Herak (2023).

quality. Herak and Herak (2023) report reducing loca-
tion uncertainties by as much as 50% and show that
before these deployments, the median confidence ra-
dius for epicentral coordinateswas approximately 1 km,
with focal depth uncertainties of up to 5 km. After the
first additional stations were operational (OP-Net), the
depth uncertainty dropped to around 2 km, and epicen-
tral location errors were reduced to less than 0.7 km.

2.3 Seismic catalogues
This studybenefits considerably from twovery detailed,
manually picked catalogues: the Croatian Earthquake
Catalogue (CEC) (Herak et al., 1996), which represents
the authoritative national seismic record for Croatia,
compiled using routinely located epicentres by the CSS,
and a catalogue covering the first six months of the
sequence from the study by Herak and Herak (2023),
referred to in the text as the Herak & Herak Cata-
logue (HHC). Notable differences exist between these
two catalogues in the number of earthquakes located
during the first six months of the sequence monitor-
ing. This discrepancy can be attributed to the differ-
ences in methodology and analyst expertise: the CEC
was compiled by multiple analysts with varying levels
of experience, whereas theHHCwas curated by a single

experienced analyst who deliberately excluded events
that were evidently challenging to locate with high cer-
tainty. These differences between manually curated
catalogues highlight the advantages of ML-generated
catalogues. Firstly, the amount of time it takes to cre-
ate a manual catalogue for a months- to years-long ac-
tive earthquake sequence is several months to a year
while ML catalogue for the same earthquake sequence
is produced in a matter of days, and secondly, ML tech-
niques eliminate individual analyst biases and provide
the ability to quantify the probability associated with
each phase arrival, enhancing the overall reliability of
the catalogue.

3 Data &Methods

3.1 Data

The continuous data used in this study come from the
permanent Croatian Seismograph Network (CR) (Uni-
versity of Zagreb, 2001), which at the time consisted
of 35 broadband, three-component stations, as well as
two temporary networks: OP-Net and PM-Net, consist-
ing of five short-period and sixteen broadband three-
component stations, respectively. At its peak, the to-
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tal number of stations reached 56, as the OP-Net instru-
ments were removed on 21 April 2021. Data from the
permanent network stations were mostly sampled with
50 Hz, while the temporary network stations sampled
with 250 Hz (OP-Net) and 100 Hz (PM-Net). The anal-
ysedperiod spans from28December 2020, to 30Novem-
ber 2022. For each available station, the raw waveforms
are only pre-processed by removing the mean and fill-
ing the data gaps with zeros.

3.2 Phase picking and associator
For earthquake and seismic phase detections we em-
ploy a widely used EQTransformer picker (Mousavi
et al., 2020) trained on the INSTANCE dataset (Michelini
et al., 2021) through Seisbench (Woollam et al., 2022), a
toolbox which allows us to easily use different pickers
with their ‘non-native’ training datasets. The probabil-
ity thresholds for earthquake detection, P waves, and S
waves were set to 0.05, meaning if our picker has a con-
fidence value above 0.05 assigned to a pick, it treats it
as a phase arrival. Further, EQTransformer processes
60-s-longdata segments usingmovingwindowswith ad-
justable overlaps, and Pita-Sllim et al. (2023) showed
that detection of P and S arrivals strongly depend on the
phases’ start time within this 60 s window. We there-
fore set the overlap length of 50 s, which, in combina-
tion with P- and S-probability thresholds, should bal-
ance detection rate and false positives (Pita-Sllim et al.,
2023). The lowP- and S-probability thresholds do lead to
the increase in false positive detections; however, these
picks will later be filtered out by association and reloca-
tion process. For phase association we use the PyOcto
phase associator (Münchmeyer, 2024) based on space-
time partitioning. The preliminary event locations are
calculated using a homogeneous halfspace with vp =
6.0 km/s and vs = 3.42 km/s. The homogeneous half-
space assumption should work as a first step as it is
sufficient for regions with shallow seismicity (Münch-
meyer, 2024). Since the number of stations in the net-
work changed during the analysed period, we used two
sets of parameters for the association process. For the
first 8 days of the sequence (28 December 2020 – 4 Jan-
uary 2021), i.e. before first stations of the temporary
networkOP-Netwere installed, we required aminimum
of five picks per event with at least two stations with P
and S picks. After 4 January 2021, we increased this re-
quirement to a minimum of seven picks out of which
there is a minimum of three P and three S picks per
event and at least three stations should have both P and
S waves detected.

3.3 Earthquake location and relocation
The preliminary PyOcto earthquake locations are fur-
ther refined using NonLinLoc (NLL) (Lomax et al.,
2000), applying source-specific station travel-time cor-
rections (SSST, Lomax and Savvaidis, 2021) to improve
location accuracy. In addition, the probability output of
the EQTransformer for each pick was used so that picks
with higher probabilitywere assigned smaller pick time
uncertainties during event location. For initial NonLin-
Loc, we used the one-dimensional (1D) velocity model

based on Herak and Herak (2023), which is tailored to
the seismic characteristics of the study region. For
the NLL-SSST relocations, we iteratively generate SSST
corrections, which vary smoothly within a 3D volume
to provide a source-position dependent correction for
each station and phase type. We use smoothing dis-
tances of 64, 32, 16, and 8 km and only use events in
our final catalogue which have arrival data at one of
the nearby temporary networks (PM and OP-Net), pick
probability higher than 0.6, and have a number of read
phases ≥ 15. We further utilised HypoDD (Waldhauser
and Ellsworth, 2000) to improve relative accuracy of
event locations, however no substantial improvements
in relative locations were achieved. This indicates that
the initial locations, obtained using source-specific sta-
tion terms, already provide a self-consistent represen-
tation of the relative event geometry. Finally, in our cat-
alogue, we only include events from our study region
(15.7◦–17.0◦E, 44.9◦–46.0◦N) (Figure 1).

4 Results

4.1 Petrinja Earthquake Sequence Machine
Learning Catalogue (PESMLC)

EQTransformer analysis detected a total of 8,948,261
seismic phases, consisting of 6,588,039 P phases and
2,365,691 S phases. After applying association crite-
ria to the detected phases, we retained 711,251 valid
picks (51% P phases, 49% S phases), demonstrating a
balanced detection capability for both seismic phases.
From these associated picks, the Petrinja Earthquake
Sequence Machine Learning Catalogue (PESMLC) was
made consisting of 41,989 events. Figure 2 illustrates
the number of events in our catalogue compared to the
total number of initial picks detected byEQTransformer
and the number of associated picks that were ultimately
used to build the catalogue. It can be observed that, af-
ter the initial weeks of the sequence, there is a signifi-
cant decrease in both the number of detected and asso-
ciated picks, reflecting the stabilization of the seismic
activity over time. A notable peak in initial picks dur-
ing April 2022 corresponds to correctly identified seis-
mic arrivals most likely from the Berkovići earthquake
sequence in Bosnia and Herzegovina (Dasović et al.,
2024), which occurred at that time. However, as this se-
quence is outside the scope of our studied region, these
picks were not associated. The temporal distribution of
events in the PESMLC follows the expected aftershock
decaypattern (Figure 2). This suggests that ourmachine
learning model successfully captures the temporal evo-
lution of the aftershock sequence, providing a valid and
comprehensive dataset.
Figure 3 shows detailed spatial and magnitude distri-

bution of events in the PESMLC. Several distinct seis-
micity clusters emerge from our catalogue. The ma-
jority of the seismicity is clustered around the primary
Petrinja fault zone. We identify additional four smaller
clusters (Figure 3a), three of them (I–III) associatedwith
Petrinja earthquake sequence and the aftershock se-
quence of the 22 March 2020 Zagreb Mw 5.3 earthquake
(Herak et al., 2022) (IV). The main cluster exhibits a
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Figure 2 Number of events in the Petrinja Earthquake Sequence Machine Learning Catalogue (PESMLC) (blue, left vertical
axis) with superimposed number of initial (black, right vertical axis) and associated (orange) picks.

clear separation along NE–SW axis, distinctly visible in
cross-section views (Figure 3c,d), with the NW segment
showing slightly deeper seismicity.
Toquantify the spatial concentrationof seismicity, we

computed the mean latitude, longitude, and depth for
all events in the catalogue, alongwith their standard de-
viations. Our analysis reveals that 64% of the seismicity
is situated within one standard deviation of these mean
earthquake locations, i.e. between 16.08◦–16.38◦E,
45.27◦–45.53◦N, and between 4.5 and 14 km depth as
shown by the kernel density estimates (KDE) adjacent
to the cross-section plots, suggesting a shallow-crustal
earthquake sequence. KDEof the longitude distribution
also indicates two distinct clusters. Figure 3b shows the
local earthquake magnitude distribution of the events
in the catalogue in time. Local earthquake magnitudes
were calculated using the formula

MCR,L = log A + 2.094 log(∆◦) + 2.190, (1)

where A is the maximum S-wave amplitude of ground
velocity measured in µm/s, and ∆◦ is hypocentral dis-
tance in degrees (Herak, 2020). This empirical relation-
ship has been calibrated for the wider area of Croa-
tia and is standardly used to estimate local magnitude
in the Croatian Seismic Catalogue. Local magnitudes
were calculated for each station, and the final event
magnitude was estimated as the mean value across all
stations. Mean and median magnitudes are 0.66 and
0.71, respectively, suggesting that themajority of events
in the catalogue have magnitudes below 1, which is
to be expected, especially when using machine learn-
ing algorithms. It is noteworthy that events with mag-

nitudes as low as −2 are detected only during the de-
ployment period of the OP-Net temporary network (Fig-
ure 3b), highlighting the enhanced sensitivity achieved
by installing instruments in close proximity to the fault
zone. Note that magnitudes were calculated automat-
ically across all 41,989 events without individual qual-
ity verification of each amplitude pick. This automatic
approach likely results in an underestimation of local
magnitudes, primarily due to potential inaccuracies in
automatically picking maximum amplitudes, particu-
larly in low signal-to-noise conditions.

4.2 Validation
To validate our catalogue, we compare it with manual
catalogues from Herak and Herak (2023) and from the
CSS. In our comparison, we define a matched event as
one for which the time difference between PESMLC and
the manually detected event’s origin time is less than
2 seconds. Missed events are events present in man-
ual catalogues but absent in PESMLC. Finally, events
present in PESMLC but absent in the manual catalogue
are regarded as new identifications.

4.2.1 Validation -ComparisonwithHerak&Herak
(2023) Catalogue

We first compare our catalogue with the Herak and
Herak (2023) catalogue (referred to as HHC). The com-
parison spans the first 6 months of the sequence (28
December 2020 – 28 June 2021), and, for consistency,
our catalogue was spatially filtered to match the geo-
graphic extent of the HHC, selecting only events within
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Figure 3 (a) Map view, (b) magnitude distribution, and (c and d) vertical cross sections of events in PESMLC. The vertical
cross sections showkernel density estimation (blue curves, right andbottom) for depth vs longitude (c), anddepth vs latitude
(d) distribution.

the region bounded by 15.7◦–16.7◦ E, 44.9◦–45.75◦ N. In
this time window and region, there are 28,060 events in
PESMLC and 13,770 events in HHC.

Our comparative analysis results in 13,188 matched
events (96% of HHC events), 582 missed, and 14,872
newly identified events. Among the 582 events thatwere
missed, 110 events inHHCwere originally located using
fewer phases than required by our association criteria
(5 phases before 04/01/2021, 7 phases after 04/01/2021).
If we exclude these 110 events from our comparison, we
arrive at a remarkable 97%confirmedmatchof theHHC
catalogue. Map view of seismic events for both cata-
logues (Figure 4a) shows that PESMLC correctly locates
and clusters seismic activity, both around themain fault
and for the smaller clusters (I–III in Figure 3). We see
that themajority ofmissed events (Figure 4b) happened
in the first few days of the sequence—primarily due to
the sheer amount of the events and the sparser network
during the initial phase of the sequence. The latitude
distribution of seismicity in PESMLCandHHC is consis-
tent. Similarly, the longitude distributionmatches well;
however, the clear bimodal patternobserved inHHCap-
pears slightly smoothed in PESMLC. Additionally, the
depth distribution inPESMLC is both shallower andnar-
rower than that in HHC.

Further, we analysed the statistical differences in
matched events for latitude, longitude, depth, andmag-

nitude. The mean differences in latitude and longi-
tude are relatively small, at 0.8 km (0.007◦) and 0.6 km
(0.008◦), respectively, indicating good horizontal agree-
ment between catalogues. The observed mean depth
difference of 2.16 km, suggests slightly shallower event
locations than reported in HHC. This difference is pri-
marily a result of variations in the number and rela-
tive proportion of S-wave arrivals between the two cata-
logues. The PESMLC contains a comparable number of
P- and S-wave picks (259,494 P and 257,923 S), whereas
the manual catalogue is dominated by P-wave arrivals
(174,526 P and 79,419 S). This more balanced phase dis-
tribution in the PESMLC better constrains hypocentral
depth, resulting in a higher-quality catalogue. A similar
effect has been reported by Fonzetti et al. (2025). The
mean magnitude difference of 0.1 suggests that magni-
tudes in HHC are, on average, slightly higher than those
in PESMLC, likely due to the automated amplitude pick-
ing in PESMLC compared to manual amplitude selec-
tion in HHC. Additionally, Table 1 shows the improve-
ments of our results after the installation of the addi-
tional stations on 4 January 2021, with the event location
aligning with the uncertainty range reported in Herak
and Herak (2023).
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Figure4 Comparisonwith theHerakandHerak (2023) catalogue (HHC) for the first sixmonthsof the sequence. (a)Mapview
of the seismic events from the Petrinja Earthquake SequenceMachine Learning Catalogue (PESMLC; blue) andHHC (orange).
(b) Temporal distributionof thenumber of events inPESMLC (blue) andHHC (red)with overlaidmatchedevents (green). Each
bin represents the number of events per day. (c), (d) vertical cross sections comparing the depth distribution of the events in
both catalogues against (c) longitude and (d) latitude. Kernel density estimates adjacent to the panels show the difference in
the event density between PESMLC (blue) and HHC (orange).

HHC CEC
Before
04/01/21

After
04/01/21

Before
04/01/21

After
04/01/21

∆lat (km) 1.11 0.81 1.70 0.63
∆lon
(km)

0.68 0.56 0.45 0.39

∆depth
(km)

4.07 1.62 1.66 0.73

∆mag -0.05 0.16 0.03 0.15

Table 1 Effect of network densification on mean latitude,
longitude, depth, and magnitude differences for matched
events between manual catalogues (HHC and CEC) and the
Petrinja Earthquake SequenceMachine Learning Catalogue
(PESMLC).

4.2.2 Validation - Comparison with Croatian
Earthquake Catalogue (CEC)

Next we compare PESMLC with the most recent Croa-
tian Earthquake Catalogue (referred to as CEC) from
the CSS, covering the full duration of our study period
and study region (15.7◦ – 17.0◦ E, 44.9◦–46.0◦ N). In
this time window, CEC consists of 22,958 events. Our

analysis results in 19,489 matched events (85%), 3474
missed, and 22,500 new events. Out of the 3474 missed
events, 629 were originally located using fewer phases
than our association requirements. Excluding these
events increases the match rate to 87% between the
two catalogues. We again see a strong agreement be-
tween the two catalogues in spatial and temporal dis-
tribution (Figure 5), consistent with our previous com-
parison toHHC.Notably, the distinct bimodal longitudi-
nal distribution of seismicity clearly visible in the CEC
catalogue is again smoothed in the PESMLC. The ap-
parent smoothing of the bimodal longitudinal distribu-
tion observed in PESMLC compared to CEC and HHC
results from PESMLC’s additional detections, which ef-
fectively populate the spatial gaps between previously
distinct clusters. The depth distribution of events in
PESMLC again appears slightly shallower and narrower
compared to CEC. We further assessed the agreement
between 19,489matched events in the PESMLC andCEC
by analysing statistical differences in latitude, longi-
tude, depth, and magnitude. Horizontal differences in
event locations are generally small, with mean latitude
and longitude differences of 0.85 km (0.007◦) and 0.4 km
(0.005◦), respectively. Themean depth difference is 0.93
km, indicating slightly shallower event locations com-
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Figure 5 Comparison between PESMLC and the Croatian Earthquake Catalogue (CEC). (a) Spatial distribution map. (b)
Temporal distribution comparison. (c,d) Vertical cross-sections highlighting differences in depth distributions. Kernel den-
sity estimations (KDE) adjacent to each panel illustrate event-density differences between PESMLC (grey) and CEC (orange),
highlighting spatial variations in event detections.

pared to the manual catalogue, with overall improve-
ments in location and magnitude agreement following
the installation of the temporary network (Table 1).

5 Discussion
The comprehensive comparison of PESMLCwithmanu-
ally curated catalogues (HHC and CEC) has highlighted
the capabilities and limitations of ML-based seismic
event detection. The analysis confirms that automated
approaches capture a significantly larger number of
events (e.g. Becker et al., 2024; Sugan et al., 2023;
Cianetti et al., 2021; Fonzetti et al., 2025), including pre-
viously undetected microseismicity, while maintaining
strong agreement with manually analysed data, espe-
cially for moderate magnitude events. However, in-
herent limitations related to overlapping events, min-
imum associator criteria, and phase-picking accuracy
warrant consideration for future methodological im-
provements.

5.1 Matched events
Encouragingly, for both catalogues, there is a high num-
ber of matched events, with 96% and 85% for HHC and
CEC, respectively, indicating that our approach success-
fully detects a high percentage of significant events. No-

tably, when we compare HHC and CEC in the same
way, i.e. characterising an event as matched if it is
within 2 seconds of an event in HHC, focusing only on
the study area from Herak and Herak (2023), CEC only
matches 75% of the events. Low average differences in
latitude and longitude between the PESMLC and man-
ual catalogues support the decision to prioritise tem-
poral, rather than strict spatial, matching in the com-
parison. Although a small number of matched events
exhibit larger spatial offsets, these are retained in the
catalogue. Such outliers likely reflect increased location
uncertainty, primarily due to the limited station geome-
try, particularly during thefirst fewdays of the sequence
when only stations of the initial network configuration
were available. Nevertheless, theML-based picking and
association successfully identify these events and con-
strain their origin times, justifying their inclusion de-
spite less well-resolved hypocentral locations. In total,
out of the 41,989 events in PESMLC, there are 22,553
events that are matched with events in either HHC or
CEC. In addition to horizontal agreement, systematic
differences on the order of 2 km are also observed in
hypocentral depth. For events matched with the cata-
logue ofHerak andHerak (2023), depths obtained in this
study are generally shallower, predominantly ranging
between 4.5 and 14 km, compared to depths extending
to 18 km reported in themanual analysis. This discrep-
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Figure 6 Example ofmissed event detection: MCR,L3.08 event (shaded red) representing the largestmissed event. Shown
are one minute seismogram across nine stations showing three closely spaced events (Event A,B,C). Vertical lines indicate
manual phase arrivals fromHHC. Coloured dots represent associated P (blue) and S (red) picks used for PESMLC and crosses
represent identified P (grey) and S (yellow) phases by EQTransformer. Matched events (Event A and C) between HHC and
PESMLC are marked as green and the missed event, Event B, is shaded red.

ancy likely reflects differences in phase picking, station
coverage, and location methodology, particularly the
improved balance of P- and S-phase picks in theML cat-
alogue, which enhances depth resolution. The result-
ing shallower depth distribution reduces the need to in-
vokeunusually deep seismicity or elevated-temperature
brittle behaviour, as previously suggested (Herak and
Herak, 2023), and instead indicates that seismicity dur-
ing the sequence may be largely confined to the upper
crust.

5.2 Missed events

Further, looking at the magnitude distribution of
missed events, we see that out of 582 missed events

from HHC, there are two missed events with magni-
tude greater than MCR,L3, 6 events with magnitudes
2 ≤ MCR,L < 3, 63 events with 1 ≤ MCR,L < 2 , 136
events with 0 < MCR,L < 1, and 375 events for which
HHC gives magnitude 0 (i.e. could not be estimated).
The largest missed event is a MCR,L3.08 earthquake on
29 December 2020 at 17:28:54 (UTC), before additional
stations were installed. There are two possibilities for
these missed events. This could occur due to the EQ-
Transformer failing to detect them or to their exclusion
duringourphase associationprocess because theydon’t
meet our minimum requirements. Figure 6 shows the 1
min seismogram from nine stations. During this 1 min,
there are three events in HHC – Event A (MCR,L2.97)
with origin time at 17:28:50, Event B (MCR,L3.08) occur-
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Figure 7 Distribution of time differences betweenmanual and ML picks. (a), (b) Comparison between picks for (a) P phase
and (b) S phase used for HHC and associated ML picks. (c), (d) Comparison between manual picks in CEC with associated
ML picks. Blue bars indicate cases where manual picks precede ML picks, while red bars show cases where ML picks precede
manual picks.

ring at 17:28:54, and Event C (MCR,L3.66) at 17:29:04.
Events A, B, and C are closely located, with mutual
distances ranging from approximately 1.4 to 3.1 km,
depths of 7.72, 24.32, and 1.79 km, respectively, indi-
cating that they originated from the same area. We can
see that Event C, dominating the seismograms, is cor-
rectly matched. However, phases from two distinct,
closely spaced events (Events A and B) are combined
by PESMLC into a single associated event and matched
with Event A fromHHC. For stations RUJC and CERK, P
phases for all three events are correctly identified,while
S phases are only identified and associated for Events A
and C. For station MOSL, P phases are again correctly
identified for all three events; however, the S phase is
only correct for Event C. For stations KASN, PTJ, SLNJ,
andPLIT, Pphases of EventsB andCare identified; how-
ever, P phases of Event B are incorrectly associatedwith
the event that was matched with Event A. Nevertheless,
EventB couldnot be associated and included inPESMLC
because it does not satisfy our minimum associator re-
quirements, as no S phases are identified for this event.
Event A, even if we remove the incorrectly associated
picks, still satisfies the minimum association require-
ments. This example highlights a common challenge
for automated algorithms during a dense seismic se-
quence, particularly within short inter-event intervals

with overlapping codas which was common in the first
few days of this sequence. It underscores the critical
importance of training ML pickers on datasets that in-
clude overlapping events (Kim et al., 2022), crucial to
study seismic swarms. However, most missed events
from manual catalogues occur due to not meeting the
minimum phase association requirements, suggesting
that improving network density is an effective solution,
as it allowsmore events tomeet theminimumphase as-
sociation requirements regardless of whether picks are
generated automatically or manually. This is supported
by our finding that, out of 71 missed events with mag-
nitudes greater than MCR,L1 in HHC, only 21 occurred
after the OP-Net temporary network became fully oper-
ational on 5 January 2021. In the case of a continuously
sparse seismic network, lowering minimum phase as-
sociation requirements can be a solution; however, it
comes with an increase in the number of new identi-
fications, often with poor quality solutions.
Similarly, for the complete time period of the study,

when comparing with CEC, there are 3,469 (15%)
missed events. Out of these, less than 1% (23 events)
have magnitudes greater than MCR,L2, 26% (914) have
magnitudes between MCR,L1 and MCR,L2 and approx-
imately 73% (2,532) of missed events have magnitudes
below MCR,L1.
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Figure 8 Spatial andmagnitude distribution of 14,274 new events in PESMLC that satisfy our quality criteria and are unde-
tected in the manual catalogues.

Figure 6 also highlights the difference in phase arrival
picking times betweenmanual andMLmethods. These
differences, combined with differences in the velocity
model and location method, affect the estimated earth-
quake locations. The comparative analysis between
manual and ML picks (Figure 7) shows these system-
atic differences in picking times. We compare manual
picks and associated ML picks at each station, and our
analysis shows that ML picks, both P and S phase, ap-
pear slightly delayed compared toHHCandCECmanual
picks. When comparing with manual picks from HHC,
P phases are picked on average 0.11 s earlier by human
analyst, and S phases, on average, 0.23 s earlier. Picks
are slightly closer when we compare themwith manual
picks used for CEC, with ML P phases on average 0.08 s
delayed, and S phases 0.19 s delayed. It is worth noting
that HHC was picked by one experienced analyst and
CEC was picked by several analysts from the CSS with
varying level of experience. This could explain themore
consistent time discrepancy, especially in picking the S
phase. These time delays are not uncommon for ML al-
gorithms. Sugan et al. (2023) report P phase differences
within ±0.1 s, and S phase delays by around 0.1 to 0.3 s
compared to manual picks.

5.3 New events

A primary concern when usingML algorithms is the re-
liability of (newly) identified events, particularly the dis-

tinction between genuine earthquakes and false detec-
tions. Here, this issue is mitigated by the availability of
two detailed manual catalogues, which serve as a ref-
erence for validation. However, the new identifications
more than double the number of detected events, both
in comparison with HHC for the first six months of the
sequence and compared with CEC for the entire period
of our study. This increase in detected events is con-
sistent with previous studies employingML techniques,
which typically report at least two to three times more
detected events compared to manual catalogues (e.g.,
Becker et al., 2024; Sugan et al., 2023; Cianetti et al.,
2021). To isolate likely genuine events and reduce noise,
the newly identified events are filtered based on qual-
ity criteria from the location process: an azimuthal gap
smaller than 180◦, a depth shallower than 20 km, and a
major axis length of the 3D confidence ellipsoid of the
hypocentral location of less than 10 km. Following this
filtering, out of the 19,436 events in the PESMLC that are
considered newly identified, 14,274 events satisfy these
criteria (Figure 8).
The spatial distribution of newly identified events

provides compelling evidence that these are genuine
seismic events rather than false detections. New iden-
tifications overwhelmingly concentrate along the same
fault structures and clusters defined by the manually
verified matched events, with smaller-magnitude new
events (Figure 8b) filling in spatially between larger,
manually detected ones rather than appearing at ran-
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dom locations. Random false detections — whether
from noise, instrument artefacts, or associator er-
rors — would not be expected to reproduce this fault-
controlled spatial pattern. The consistency between the
spatial distribution of new and matched events there-
fore strongly supports the physical reality of the newly
detected (micro)seismicity and suggests that PESMLC
is recovering genuine small-magnitude seismicity that
was below the detection threshold of manual analysis,
rather than introducing noise into the catalogue.

5.4 Magnitude of completeness

The magnitude of completeness (Mc) of a seismic cat-
alogue defines the minimum magnitude above which
the seismic catalogue is considered complete, mean-
ing that all earthquakes of equal or greater magni-
tude are consistently detected by the seismic network.
Mc is typically determined by analysing the frequency-
magnitude distribution (FMD) of recorded events and
identifying the point where the catalogue becomes
complete, usually where the distribution begins to
follow the expected Gutenberg-Richter law. As ML-
generated seismic catalogues, in general, are expected
to detect more seismicity than their manual counter-
parts, especially lower magnitude seismicity, we would
expect Mc values for such catalogues to be signifi-
cantly lower than for manual ones. However, manu-
ally curated catalogues may also achieve lower Mc val-
ues, as analysts can identify and associate very small
events recorded on only a limited number of stations.
This is reflected in our comparison, where 110 missed
HHC events and 629 missed CEC events were associ-
ated using fewer phases than required by our associ-
ation criteria. To evaluate this, Mc is estimated using
three methods implemented in the SeismoStats pack-
age (Mirwald et al., 2026) – the b-value stability (MBS)
method (Cao and Gao, 2002), the Maximum Curvature
method (MAXC) (Wiemer and Wyss, 2000; Woessner
and Wiemer, 2005), and the Kolmogorov-Smirnov (K-
S) method (Clauset et al., 2009; Mizrahi et al., 2021)
– for the complete PESMLC, a quality-filtered subset
of PESMLC (retaining only matched events and newly
identified events satisfying our quality criteria; see Sec-
tion 5.3), HHC, and CEC (Figure 9).
For the first six months of the sequence, results are

consistent with expectations: b-values are consistent
across catalogues (b = 0.87 for complete PESMLC, b =
0.86 for filtered PESMLC, and b = 0.88 for HHC), and
Mc values obtained using all three methods are lower
for bothPESMLCvariants than forHHC. Specifically, for
the complete PESMLC, Mc ranges from 0.90 (MAXC) to
1.05 (MBS) and 1.10 (K-S), and for the filtered PESMLC
from 0.80 (MAXC) to 1.05 (MBS) and 1.10 (K-S), whereas
for HHC all three methods converge on Mc ≈ 1.1. The
slightly lower MAXC estimate for the filtered catalogue
(0.80 vs 0.90) reflects the removal of low-quality detec-
tions that artificially inflate the peak of the FMD, shift-
ing the maximum toward lower magnitudes.
When considering the full study period, a more com-

plex pattern emerges. For CEC, Mc,MAXC = 1.10,
Mc,MBS = 1.06, and Mc,KS = 1.30 (b = 0.95). For the

complete PESMLC, the estimated Mc is highly method-
dependent. While MAXC remains low at Mc,MAXC =
0.90, the MBS and K-S methods produce substantially
higher values (Mc,MBS = 1.79, Mc,KS = 1.20, b =
0.86), exceeding even the manual catalogue results.
However, when the analysis is repeated on the quality-
filtered PESMLC, this discrepancy largely disappears
(Mc,MAXC = 0.90, Mc,MBS = 1.02, Mc,KS = 1.10, b =
0.91), with all three methods now converging to values
comparable to, or lower than, those of the manual cat-
alogues. This demonstrates that the elevated Mc esti-
mates for the complete PESMLC are primarily driven by
low-quality detections rather than genuine network in-
completeness. Once these are removed, the filtered cat-
alogue is statistically more complete than the raw one,
despite containing fewer events.
The fact that the three methods still do not fully con-

verge in the filtered catalogue (Mc,MAXC = 0.90 vs
Mc,KS = 1.10) is consistent with the known statistical
behaviour of these estimators. Both the MBS and K-
S methods impose criteria that become progressively
stricter with increasing catalogue size (Mirwald et al.,
2026), as the theoretical uncertainty of the b-value de-
creases with the square root of the number of events,
and the K-S test becomes sensitive to minor deviations
from the idealised exponential distribution that areneg-
ligible in practical terms. This sensitivity is an inher-
ent property of the methods rather than a reflection of
true catalogue incompleteness, and its effect is ampli-
fied in large ML-generated catalogues. Consequently,
we adopt Mc = 1.10 as a conservative working thresh-
old for the filtered PESMLC, consistent across the K-S
and MBS estimates for both time periods, and use this
value for subsequent analyses.
These results highlight two important practical

lessons for Mc estimation in ML-generated catalogues.
First, raw event counts should not be used as input to
completeness analysis without prior quality filtering,
as low-quality detections can influence strict estima-
tors, such as MBS and K-S, to produce artificially high
Mc values. Second, when multiple methods disagree
substantially, quality filtering provides a diagnostic:
if filtering resolves the disagreement, the cause was
detection quality rather than network incompleteness;
if disagreement persists, the catalogue may genuinely
be incomplete at lower magnitudes.
This highlights the importance of carefully selecting

the Mc estimation method when analysing large, ML-
generated catalogues, as different approachesmay yield
substantially different completeness thresholds. Fur-
ther investigations of similarly long and well monitored
earthquake sequences, particularly those analysed us-
ingMLmethods, are therefore needed to refine and im-
prove current Mc estimation methods.

5.5 Aftershock decay
The temporal decay of aftershock activity is analysedus-
ing the Omori–Utsu law (Utsu et al., 1995), also referred
to as the modified Omori law:

n(t) = K

(t + c)p
, (2)
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Figure 9 Magnitude of completeness (Mc) and b-value analysis for all three catalogues. Cumulative number of events is
plotted in blue and number of events per magnitude bin is plotted in red. Vertical dashed lines indicate Mc estimates from
theMaximumCurvature (MAXC, black), b-value stability (MBS, light grey), andKolmogorov-Smirnov (K-S, dark grey)methods.
Top row shows results for the complete PESMLC for the first six months of the sequence (a) and for the full study period (b).
Middle row shows results for the quality-filtered PESMLC (QF) for the first six months (c) and for the full study period (d).
Bottom row shows results for HHC over the first six months (e) and for CEC over the full study period (f)
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Sliding window MLE

Catalogue Region / duration Mc N K c (days) p tcut (days) K c (days) p

HHC spatial extent, first 6 months

HHC HHC / 6 months 1.95 933 118.98 0.057 0.931 0.19 99.8 0.000 0.919
PESMLC HHC / 6 months 1.95 1061 139.94 0.048 0.971 0.19 120.3 0.000 0.965
PESMLC filtered HHC / 6 months 1.95 1072 141.40 0.046 0.964 0.20 120.4 0.000 0.959
CEC HHC / 6 months 1.95 1176 169.40 0.084 0.981 0.30 143.9 0.007 0.972

PESMLC† HHC / 6 months 1.10 6529 1523.00 0.450 1.093 0.30 1147.1 0.188 1.068
PESMLC filtered† HHC / 6 months 1.10 6514 1482.26 0.450 1.072 0.30 1092.5 0.157 1.047

Full study region, full duration

CEC Full / full 1.95 1497 158.83 0.063 0.937 0.25 135.3 0.000 0.929
PESMLC Full / full 1.10 11115 909.77 0.105 0.802 0.10 700.5 0.000 0.797
PESMLC filtered Full / full 1.10 8939 1112.71 0.246 0.932 0.23 816.5 0.000 0.908

Table 2 Omori–Utsu law parameter estimates for all catalogue and method combinations. Sliding window (SW) fits use a
window of 15 earthquakes with a 5 earthquake shift, with rates fitted in log-space following Herak and Herak (2023). MLE
fits follow (Ogata, 1983) on unbinned event times; tcut is the post-mainshock incompleteness cutoff determined by the pa-
rameter sensitivity analysis (see Supplementary Material). Rowsmarked † are not reported as reliable estimates due to non-
convergence of c within the tested parameter range, where c remained non-zero across all tested tcut values when fitting at
Mc = 1.1. N denotes the number of events used in each fit.

where n(t) is the aftershock rate at time t after the
mainshock, K is a productivity parameter, c is a char-
acteristic time offset, and p governs the rate of decay.
Herak and Herak (2023) analysed the aftershock decay
of the Petrinja sequence using events with ML ≥ 1.95
from HHC, applying a sliding window of 15 consecu-
tive earthquakes shifted by 5 events, with the resulting
rates fitted in log-space, and reported p = 0.92. We
extend this analysis in two ways. First, we reproduce
and validate their approach across all four catalogues
(HHC, PESMLC, quality-filtered PESMLC, and CEC) us-
ing the same method, magnitude threshold, and time
window. Second, we apply maximum likelihood esti-
mation (MLE) following Ogata (1983), which operates
on unbinned event times and provides a more statisti-
cally rigorous parameter estimation than least-squares
fitting to windowed rates. The post-mainshock incom-
pleteness cutoff tcut is determined objectively for each
catalogue via a parameter sensitivity analysis described
in the SupplementaryMaterial. Results for all catalogue
and method combinations are summarised in Table 2.

Comparison with HHC. Applying the sliding window
log-space method to HHC at Mc = 1.95 over the first six
months of the sequence gives p = 0.931, consistent with
the published value of 0.92 (Herak and Herak, 2023).
MLEon the samecatalogue andcompleteness threshold
gives p = 0.919, a difference of 0.012, indicating that the
choice of fittingmethod introduces only a small system-
atic offset at this magnitude threshold. Across all four
catalogues, the sliding windowmethod consistently ob-
tains a slightly higher p than MLE (by 0.009–0.030), re-
flecting the greater weight the slidingwindow approach
assigns to later data points through log-space fitting.

Comparing catalogues at the same Mc = 1.95 and 6-
month window, PESMLC and CEC obtain higher p val-
ues than HHC by 0.04–0.05 (MLE: p = 0.965, 0.959,
and 0.972 for PESMLC complete, filtered, and CEC re-
spectively, vs p = 0.919 for HHC). We attribute this dif-
ference to the conservative nature of HHC, which was
compiled by a single experienced analyst who deliber-
ately excluded events of uncertain location (Herak and
Herak, 2023). The additional events in PESMLCandCEC
above Mc = 1.95 are predominantly concentrated in
the early post-mainshock period, steepening the appar-
ent decay rate and increasing the inferred p. The near-
identical results for PESMLC complete and filtered at
Mc = 1.95 (0.965 vs 0.959) confirm that quality filter-
ing has negligible effect at this high magnitude thresh-
oldwhere the fraction of low-quality detections is small.

Full duration and optimal completeness threshold.
Extending the analysis to the full study duration and
region, and applying the optimal completeness thresh-
old of Mc = 1.1 identified from the sensitivity analysis,
reveals a pronounced effect of event quality on the in-
ferred decay exponent. For the complete PESMLC,MLE
gives p = 0.797 (tcut = 0.10 days, c = 0), whereas the
quality-filtered PESMLC gives p = 0.908 (tcut = 0.23
days, c = 0). This difference of ∆p = 0.111 directly
demonstrates that low-quality detections in the com-
plete catalogue bias the inferred decay exponent down-
ward, analogous to their effect on Mc estimates dis-
cussed in Section 5.4. The longer incompleteness win-
dow required for the filtered catalogue (tcut = 0.23 vs
0.10 days) reflects the disproportionate removal of early
post-mainshock detections by quality filtering, as low-
quality events are most prevalent immediately after the
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mainshock when waveform overlap and coda interfer-
ence are most severe.
Notably, the filtered PESMLC result of p = 0.908 is

in close agreement with the HHC and CEC results at
Mc = 1.95 (0.919 and 0.929 respectively), despite using
a lower completeness threshold and a richer catalogue.
This consistency across different catalogues,magnitude
thresholds, and time windows suggests that p ≈ 0.91
represents a robust estimate of the true decay exponent
for the Petrinja sequence. The CEC result over the full
duration (p = 0.929) being nearly identical to the 6-
month result (p = 0.972 sliding window, p = 0.929 MLE
at full duration) further confirms that the decay rate
is stable across the two-year study period with no evi-
dence of accelerated or slowed aftershock activity after
the first six months.
In all reliable fits — those where the sensitivity analy-

sis confirms c = 0 — the time offset collapses to zero,
indicating no detectable delay in the onset of Omori
decay once catalogue incompleteness is properly ac-
counted for. This is consistent with the view that non-
zero c values in unconstrainedOmori fits are artifacts of
post-mainshock catalogue incompleteness rather than
a physical feature of aftershock sequences (Utsu et al.,
1995). We note that the full study region includes a dis-
tal cluster of residual aftershocks from the March 2020
Mw 5.3 Zagreb earthquake (cluster IV in Figure 3), which
is a separate fault system. However, given the 9-month
interval between the Zagreb mainshock and the start of
the Petrinja sequence, the contribution of Zagreb after-
shocks to the observed decay rate is expected to be neg-
ligible, particularly at Mc = 1.1 where the Petrinja af-
tershock rate dominates throughout the study period.

5.6 Processing time
Finally, the main advantage of the ML approach is the
significant reduction in time required to produce seis-
mic catalogues. While the manual approach typically
takes several months of dedicated picking and review-
ing, our final version of the ML-based catalogue cov-
ering the entire study period of 22 months was com-
pleted in approximately 3 days. For instance, process-
ing 6 months of seismic data for a single station took
roughly 15 minutes, using a batch size of 4,096 on a
16 GB NVIDIA RTX 4060 GPU. This remarkable acceler-
ation enables seismological observatories, particularly
those understaffed, to efficiently and accurately gener-
ate (preliminary) catalogues, allowing analysts to focus
exclusively on manually verifying events above a spe-
cific magnitude and quality threshold.

6 Conclusions
The use of machine learning for seismic phase picking
and earthquake catalogue creation in the 2020 Mw 6.4
Petrinja earthquake sequence has demonstrated both
the potential and challenges of automated approaches.
The deployment of EQTransformer, combined with
phase association and location using PyOcto and Non-
LinLoc SSST respectively, allowedus to construct a com-
prehensive seismic catalogue—Petrinja Earthquake Se-

quence Machine Learning Catalogue (PESMLC) — that
successfully captures the temporal and spatial charac-
teristics of the seismic sequence. PESMLC contains
41,989 events and exhibits excellent matching rates
with existing manual catalogues, achieving 96% match
rate with the catalogue by Herak and Herak (2023)
and an 85% match rate with the Croatian Earthquake
Catalogue. Our catalogue detects about two times
more events than manual catalogues, identifying pre-
viously undetected (micro)seismic events, significantly
enhancing our understanding of the seismicity associ-
ated with the Petrinja fault zone. However, our analy-
sis also highlights specific limitations inherent to auto-
matedmethods, particularly event detection challenges
for closely timed seismic events. Missed events pre-
dominantly occurred due to the inflexible phase associ-
ation criteria or overlapping seismic phases, underscor-
ing the necessity of training machine learning models
on datasets containing overlapping events. The effect
of network density on detection capabilities was clearly
illustrated by the deployment of temporary networks
(OP-Net and PM-Net), which led to a notable improve-
ment in location precision, microseismicity detection,
and missed-event reduction.
We also show a counter-intuitive result formagnitude

of completeness, where, when using either the b-value
stability method or the Kolmogorov-Smirnov method,
our ML-generated catalogue has higher values for Mc
than manual ones. However, we demonstrate that this
effect is driven by low-quality detections rather than
genuine network incompleteness. When applied to a
quality-filtered subset of PESMLC, the three methods
converge to values comparable to or lower than those
of themanual catalogues, demonstrating that quality fil-
tering is essential prior to completeness assessment of
ML-derived catalogues. Extending the analysis to after-
shock temporal decay, we demonstrate that the quality-
filtered PESMLC obtains p = 0.908, consistent with
manual catalogue estimates across different complete-
ness thresholds and time windows, while the unfiltered
catalogue gives p = 0.797, directly showing that the
low-quality detections push the inferred decay expo-
nent downward by a comparable magnitude to their ef-
fect on Mc estimates
Beyond the Petrinja sequence itself, this study high-

lights three broader implications for ML-based seismic
monitoring. First, the performance of ML approaches
is fundamentally constrained by network geometry, as
no algorithm can fully compensate for insufficient sta-
tion coverage; consequently, the expected source dis-
tribution should be considered explicitly during net-
work design. Second, large ML-generated catalogues
require quality filtering prior to both completeness as-
sessment and aftershock decay analysis, as low-quality
detections cause stricter Mc estimators to produce ar-
tificially high completeness thresholds and simultane-
ously bias Omori decay exponents (p) downward — two
effects that, left uncorrected, can have important im-
plications for b-value estimates and aftershock forecast-
ing. Third, the observation that the two manual ref-
erence catalogues agree on only 75% of events dur-
ing their overlapping period emphasises the limitations
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of treating any single manual catalogue as definitive
ground truth, suggesting that multi-catalogue valida-
tion approaches are preferable when possible. Collec-
tively, these findings indicate that reliable automated
seismic monitoring depends not only on advances in
ML algorithms, but also on optimised network design
and robust validation strategies. Overall, our results
strongly support the integration of ML methods into
routine seismic monitoring, as it provides a rapid, de-
tailed, and comprehensive seismic catalogue essential
for seismic hazard assessment and mitigation strate-
gies. However, it must be used as a tool, rather than as a
replacement for humananalysts. Futurework is needed
and can be focused on refining association parameters
in the context of specific regional seismic characteris-
tics and network configurations. Future network geom-
etry planning should also take into account our results
— the distribution of sources and the possible weight
each station location could have in providing accurate
seismic catalogue.
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