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Abstract Accurately separating tectonic, anthropogenic, and geomorphologic seismic sources is essen-
tial for Pacific Northwest (PNW) monitoring but remains difficult as networks densify and signals overlap.
Prior work largely treats binary discrimination and seldom compares classical machine learning (feature-
engineered) and deep learning (end-to-end) approaches under a common, multi-class setting with opera-
tional constraints. We evaluate methods and features for four-way source discrimination – earthquakes, ex-
plosions, surface events, and noise – and identifymodels that are both accurate anddeployable. Using∼200k
three-componentwaveforms from>70kevents in anAI-curatedPNWdataset,we test random-forest classifiers
on TSFEL, physics-informed, and scattering features, and CNNs that ingest time series (1D) or spectrograms
(2D); we benchmark on a balanced common test set, a 10k-event network dataset, and out-of-domain data
(global surface events; near-field blasts). CNNs taking spectrograms lead with accuracy performance over
92% forwithin-domain (as a short-and-fat CNN SeismicCNN 2D) and out-of-domain (as a long and skinny CNN
QuakeXNet 2D), versus 89% for the best random forest; performance remains strong at low signal-to-noise ra-
tio (SNR) and longer distances, and generalizes to independent network and global datasets. QuakeXNet (2D)
is lightweight (70k parameters; 1.2MB) and integrated into SeisBench. On commodity hardware, it processes
a full day of 100Hz three-component data in 9 s. These results show spectrogram-based CNNs provide state-
of-the-art accuracy, efficiency, and robustness for real-time PNW operations and transferable surface-event
monitoring.

1 Introduction
The Pacific Northwest (PNW) region of the United
States, situated at the dynamic boundary between the
North American continental plate and the Juan de Fuca
oceanic plate, presents unique challenges and oppor-
tunities in seismic monitoring in a multi-geohazard-
prone landscape with a subduction-zone plate bound-
ary. The PNW experiences diverse seismic sources
(Fig. 1), including large megathrust earthquakes (e.g.,
Witter et al., 2003), intraslab (e.g., Ichinose et al., 2004)
and crustal earthquakes (e.g., Gomberg and Bodin,
2021), slow repeating earthquakes (e.g., Bartlow, 2020;
Rogers and Dragert, 2003; Wech and Bartlow, 2014),
tectonic tremors (e.g., Wech et al., 2010), and low-
frequency earthquakes (e.g., Royer and Bostock, 2014).
Beyond earthquakes, the region includes more than a
dozen potentially active Cascade volcanoes, and exten-
sive mountain ranges that experience frequent land-
slides and debris flows (e.g., Luna and Korup, 2022).
Anthropogenic activities, such as quarry blasts, gener-
ate ground motion intensities comparable to those of
small-magnitude earthquakes, further complicating the
source of this seismicity (Kramer et al., 2024). Such
a variety of seismic sources necessitates robust classi-
fication methods to accurately label and catalog these
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events.
The PNW Seismic Network (PNSN) (Hellweg et al.,

2020), a key component of the Advanced National Seis-
mic System (ANSS), has been operating since 1969 and
currently manages over 600 seismic stations in the
states of Washington and Oregon, providing essential
data for seismic event analysis. Current event detection
relies on traditional techniques such as the Short-Time
Average to Long-Time Average (STA/LTA) ratio algo-
rithm (e.g., Allen, 1982). While effective for basic event
detection, this approach has limited accuracywhen dis-
criminating between visually similar waveforms from
different event types, such as earthquakes, controlled
explosions, and mass wasting or slope failure events.
These limitations have become more pressing with the
expansion of seismic networks and the increasing vol-
ume of data (e.g., Carniel and Raquel Guzmán, 2021;
Kong et al., 2018), particularly in regions like the PNW,
where the simultaneous occurrence of multiple seis-
mic sources adds to the complexity of waveform in-
terpretation. Traditional discrimination techniques –
such as P/S spectral (amplitude) ratios and differential
magnitudes (e.g., ML–MC) – were largely developed for
binary earthquake–explosion classification (e.g., Koper
et al., 2016, 2024), but they also face several limitations.
First, the required parameters (reliable phasemeasure-
ments and stable magnitude estimates) are often un-
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Figure 1 Map of seismic events in the curated catalog by Ni et al. (2023). Earthquakes (blue circles) and explosions
(purple) are located by the PNSN. Surface events are only marked at the seismic stations where they are recorded (green
triangles). Major volcanoes are shown as red triangles and are numbered as follows: 1. Mt. Baker, 2. Mt. Rainier, 3. Mt. St. He-
lens, 4. Mt. Adams, 5. Mt. Hood, 6. Mt. Jefferson, 7. Three Sisters, and 8. Newberry Volcano.

available during preliminary processing, which limits
their utility for near–real-time classification. Second,
these discriminants can exhibit increased variability
and reduced robustness at local distances due to strong
path and site effects, often requiring region-specific cal-
ibration (e.g., Pyle and Walter, 2019, 2021). Finally,
some metrics – particularly ML-MC – can act primar-
ily as a depth/shallow-source discriminant rather than a
unique indicator of source type, which can complicate
interpretationwhen different source types occur at sim-
ilar depths (e.g., Koper et al., 2016, 2020, 2024).
Small magnitude earthquakes (ML<3) have been dif-

ficult to distinguish from mining and single-shot ex-
plosions recorded at local distances (<50–150 km) due
to similarities in their seismic waveforms and spectral
characteristics (Fig. 2), and particularly at frequencies

below 10Hz (e.g., Tibi et al., 2018; Pyle and Walter,
2019; Wang et al., 2020; Koper et al., 2020; Pyle and
Walter, 2021). Similarly, seismic signals generated by
mass movements on volcanoes, such as landslides, de-
bris flows, and lahars, closely resemble those associ-
ated with low-frequency volcanic seismicity and shal-
low volcano-tectonic earthquakes. These events are
characterized by emergent waveforms, indistinguish-
able P and S phases, and dominant frequencies be-
low 5Hz (e.g., Wassermann, 2012; Allstadt et al., 2014,
2018). Furthermore, seismic signals from rockfalls with
a significant free-fall component can exhibit similari-
ties to small earthquakes when recorded locally (Hibert
et al., 2011, 2014). In volcanic regions near populated
areas, volcano-seismic signals, including those related
to low-frequency volcanic events or shallow volcano-
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tectonic earthquakes, can also be misinterpreted as an-
thropogenic noise (Wassermann, 2012).
Many studies have focused on the binary classifica-

tion of seismic events, particularly distinguishing be-
tween earthquakes and explosions (e.g., Koper et al.,
2020; Kong et al., 2022), or other sources such as slope
failures (e.g., Wenner et al., 2020; Chmiel et al., 2021;
Hibert et al., 2017) or icequakes (e.g., Pirot et al., 2023;
Kharita et al., 2024). Binary classification is often sim-
pler because it requires separating only two classes and
learning a single decision boundary, and it is frequently
studied in settings where the target classes have rela-
tively distinct features. As a result, reported perfor-
mance in binary earthquake–explosion problems is of-
ten high, with many studies reporting accuracies ex-
ceeding 95% (e.g., Wang et al., 2020; Koper et al., 2020).
By contrast, in complex environments such as vol-

canic regions, where seismic signals from landslides,
pyroclastic flows, and low-frequency volcanic events
share similar waveforms, multi-class classification is
necessary and considerablymore difficult (e.g.,Wasser-
mann, 2012; Allstadt et al., 2014, 2018). Discriminat-
ing amongmultiple event types is more challenging be-
cause the boundaries between classes can be less dis-
tinct, and performance is typically lower, often in the
range of 75–90% (e.g., Hibert et al., 2014, 2017, 2019).
Classical Machine Learning (CML) and Deep Learn-

ing (DL) have shown promise in seismic event classi-
fication by enabling automated feature extraction and
effective discrimination between event types, even in
noisy environments. CML techniques, which use en-
gineered features as input (see Fig. 3), may offer inter-
pretability and have shown success in distinguishing
between event classes such as earthquakes, explosions,
and glacier seismicity (e.g., Koper et al., 2016; Zeiler and
Velasco, 2009; Kharita et al., 2024; Hibert et al., 2017;
Pirot et al., 2023; Domel et al., 2023; Wang et al., 2022).
However, these approaches often require extensive and
computationally costly feature engineering, whichmay
limit adaptability to new event types. DL methods, on
the other hand, automatically extract features from raw
data through neural network optimization (see Fig. 3),
resulting in good classification performance for more
nuanced differences in seismic signals (e.g., Mousavi
and Beroza, 2022; Bergen et al., 2019). Studies have typi-
cally chosen either CMLorDL approaches andused var-
ied data sets, which limits our ability to draw a general
understanding of feature extraction andmachine learn-
ing classification on multi-class discrimination.
Interpretability is crucial for understanding model

behavior and generalizability. In CML, it is often as-
sessed via feature importance, which identifies the
waveform attributes most responsible for separating
classes and can guide physical interpretation of the un-
derlying source processes. The interpretability of deep
learningmodels is less straightforward, mostly because
isolating parts of the feature space that most contribute
to the classification is buried in neural networks. There
exist methods today to estimate feature importance in
seismological applications. For example, Kong et al.
(2021) and Kong et al. (2022) used amethod called Grad-
CAM to trace back regions (time and feature space) of

the seismic waveforms that most contribute to classifi-
cation, Linville et al. (2019) used attention mechanisms
to identify key temporal patterns in seismic signals, and
Clements et al. (2024) directly visualized a given feature
value after activation to isolate the wave types that con-
tribute to improving shaking intensity forecast for early
warning. A comprehensive comparison between CML-
based and DL-based methods is still lacking.
Accurate multi-class classification in the PNW is not

only a technical challenge but also a scientific and op-
erational priority. The region’s overlapping seismic
sources generate visually similar signals, making them
difficult to distinguish in real time for the PNSN ana-
lysts. Improving classification reduces analyst work-
load, enhances the reliability of catalogs, and supports
downstream applications such as hazard assessment,
early warning, and tomography. Beyond operations,
clean catalogs enable new scientific insights, for in-
stance, clarifying the physical differences between ex-
plosions, earthquakes, andmassmovements, or quanti-
fying the seasonal and climatic controls on surface pro-
cesses. In particular, building the first comprehensive
catalog of PNSN “surface events” – a catch-all analyst la-
bel near volcanoes dominated by mass-movement sig-
nals (e.g., rockfalls/avalanches), and sometimes includ-
ing glacier-related or low-frequency volcanic activity –
would provide a baseline for future research on land-
slide frequency–magnitude statistics and volcano–geo-
morphic interactions.
The unique contribution of this work is a compre-

hensive evaluation of engineeredwaveform feature sets
and model architectures (classical machine learning
and deep learning) for multi-class seismic event classi-
fication. We compile and curate diverse datasets span-
ning tectonic, anthropogenic, and geomorphological
sources (including curated data from Ni et al. (2023), an
exotic event catalog from Bahavar et al. (2019), and ad-
ditional data prepared for model development and test-
ing), and evaluate model performance, generalization
to unseen data, and interpretability through feature-
importance analyses.

2 Data
This study utilizes multiple datasets to train and test
the models. The first is a subset of the comprehensive
dataset curated by Ni et al. (2023), which spans 21 years,
from 2002 to 2022, and additional waveforms we col-
lected (as described later in the section). The curated
dataset comprises approximately 200 000 seismic wave-
forms and associated metadata, corresponding to ap-
proximately 70 000 events. The source types of these
events are primarily classified into four distinct cate-
gories: earthquakes, explosions, surface events, and
noise, with other categories only having a few sam-
ples. PNSN only locates the sources of earthquakes and
explosions, which we show in Fig. 1. PNSN analysts
only identify the surface events at one or two stations;
thus, their locations are assumed to be close to the seis-
mic station that records them, as shown in Fig. 1. The
classes are not balanced (see Supp. Fig. S1): About 90%
(163 064 out of the 185 081 labeled seismic records) are
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earthquakes, which is expected given the PNSN’s man-
date to monitor earthquakes. The noise class is artifi-
cially generated by Ni et al. (2023) to provide sufficient
examples and was verified using the transfer-learned
earthquake transformer model (Mousavi et al., 2020) to
ensure that it does not contain earthquake waveforms.
There are over 8000 examples of surface events and
15 000 examples of explosions. Note that this dataset
was manually classified by PNSN analysts. Through our
preliminary analysis, we found that a small portion of
the data may have been mislabeled (shown later in Sec-
tion 6.1).
We refer to traces as fixed-length, three-component

time series. We use the curated Pacific Northwest
dataset of Ni et al. (2023), in which waveforms from
mixed sampling rates (commonly 40Hz for BHE/BH-
N/BHZ, and 100Hz for EHE/EHN/EHZ and HHE/HH-
N/HHZ) are resampled to 100Hz to support deep neural
networks with fixed input sizes (including upsampling
of BHE/BHN/BHZ channels). For stations with only a
vertical component available (e.g., EHZ), the missing
horizontal components are filled with zeros to main-
tain a consistent three-component input representation
across stations. In the following, we describe the char-
acteristics of each class.

2.1 Earthquakes
Earthquakes within the dataset are those whose infor-
mation is sent to the ANSS Comprehensive Earthquake
Catalog (ComCat) from the PNSN. Ni et al. (2023) col-
lected the waveform data and associated attributes in
a metadata table that encompasses event-related at-
tributes, such as source location, depth, local or du-
ration magnitudes, and station-specific terms, includ-
ing P and S picks, which PNSN analysts have gener-
ated. Their magnitudes span from -0.3 to 5 (local mag-
nitude for most events after 2014, duration/coda mag-
nitude for events before 2014, Ni et al., 2023); with a
peak around 1 to 3. The PNW subduction zone hosts a
diverse range of earthquake sources, including shallow
crustal events, deeper intraslab earthquakes that ex-
tend to depths of ∼100 km, and volcano-tectonic earth-
quakes. The depth distribution is bimodal: while the
majority of earthquakes occur at shallow depths, a sec-
ondary concentration is found between 30–50 km, indi-
cating the presence of intraslab seismicity. The corre-
sponding seismic waveforms exhibit distinct P and S ar-
rivals (Fig. 2), characterized by an impulsive onset and
relatively higher frequencies exceeding 5Hz (Fig. 2).
The duration of thesewaveformsmostly varies between
10 and 30 seconds (Fig. 2) (see Supp. Fig. S2). For each
event sent to the ANSS ComCat catalog, Ni et al. (2023)
selected events with both P and S picks, which pre-
selects for high-quality data. Each waveform in the cu-
rateddataset spans 150 seconds, sampled 50 secondsbe-
fore and 100 seconds after the source origin time. The
label for earthquakes is referred to as eq.

2.2 Explosions
PNSN analysts classify events similar to shallow quarry
blasts and those occurring near recognized quarry blast

sites as “probable explosions”, “shots”, or simply “explo-
sions”. While these mechanisms differ, they are collec-
tively categorized as “explosions”. In our dataset, it is
dominated by probable quarry blasts (∼99%), which are
typically routine industrial single-shot chemical explo-
sions. We treat this as anoperational explosion category
and do not further subtype explosions here; a dedicated
analysis of waveform similarity across explosion sub-
types is left for future work. These events are charac-
terized by a prolonged coda (Fig. 2) and relatively lower
andmonochromatic frequency content, with dominant
frequencies typically fallingwithin the range of 1 to 3Hz
(Fig. 2). The label for explosions is referred to as px.

2.3 Surface Events

Surface events are identified at the PNSN near volca-
noes, seemingly as emergent ground motions, and cat-
egorized by PNSN analysts as “surface events”. This
category typically includes a variety of mass-movement
sources likely associated with rockfalls and avalanches,
although some may also resemble low-frequency vol-
canic earthquakes or glacier-related activity, depend-
ing on the setting. First arrivals are typically picked
at one or two stations per event and stored in the
ANSS Quake Monitoring System (AQMS) database (Re-
nate Hartog et al., 2019). Given the unknown source
origin time of the surface events, waveforms are sam-
pled from70 seconds before the first arrival pick, as des-
ignated by PNSN analysts, and extend to 110 seconds
post-P-wave pick to accommodate potentially longer-
duration events. The waveforms of these events exhibit
a wide range of characteristics, lasting from 20 seconds
to several minutes for the longest, but rare, debris flows
(Fig. 2). The waveforms are less broadband than earth-
quake waveforms, typically falling within the range of
1 to 15Hz, and they often feature emergent onset (Fig. 2)
(see Supp. Fig. S1). While the origin time and location
of these events are not confirmed, the PNSN analysts
have mostly labeled these events at stations near vol-
canoes. The most active places for such labeling are
Mt. St. Helens and Mt. Rainier. A thorough characteri-
zation of these events, including their origin andmech-
anism, is worthy of investigation and will not be ad-
dressed in this paper. In the curated dataset, surface
events were initially underrepresented, with waveform
data available for only about 5200 events (or 8912 traces).
This imbalancehashinderedmodel performance in our
preliminary exploration, limiting its ability to learn dis-
tinctive characteristics of surface events. To overcome
this, we expanded the dataset by incorporating three-
component waveform data from additional stations lo-
catedwithin 30 kmof each event. Although phaseswere
not always picked and reported on these nearby sta-
tions, they often recorded strong signals due to their
proximity to surface sources. This augmentation added
6495 new three-component traces, increasing the to-
tal count to 15 407 traces and thereby enhancing the
dataset’s diversity, while improving the model’s capac-
ity to generalize surface event patterns. The label for
surface events is referred to as su.
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Figure 2 Example of a tapered single-component waveform, its corresponding spectrogram, and Fourier Am-
plitude spectrum of (a) earthquake, (b) explosion, (c) noise, and (d) surface event.

2.4 Noise

The “noise” class includes 150 s waveforms extracted
immediately preceding the P-wave of a ComCat event.
These recordings come from the curated dataset of Ni
et al. (2023), where automated screening with a re-
trained EarthquakeTransformerwas applied to exclude
hidden seismic events, resulting in very few cases iden-
tified. Given the dataset’s large size (>50 000 traces),
comprehensive visual inspection of all noise records is
impractical, but the deep learning picker used in the cu-
ration has demonstrated near 100% accuracy on bench-
mark datasets, providing high confidence that the noise
class contains minimal contamination. Nonetheless,
we acknowledge the possibility that a small number of

unusual or unpicked events may remain. Some of the
noise recordings are characterized by numerous impul-
sive arrivals and non-typical impulsive earthquake sig-
nals, exhibiting a substantial amount of high-frequency
content with peak frequencies typically falling within
the range of 6 to 10Hz. This distinctive waveform signa-
ture distinguishes them from typical seismic signals as-
sociatedwith earthquakes or explosions, further under-
lining their classification as ambient noise within the
dataset. The label for noise is referred to as no.

2.5 Training, Validation, and Test Data
We designed separate training and validation datasets
for classical machine learning (CML) and deep learn-
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ing (DL) models, while using a shared testing dataset
to ensure a fair comparison across approaches. In
preliminary experiments, we found that CML models
achieved their strongest performance using the verti-
cal component alone, whereas DL models improved
when trained on three-component (3C) inputs. We at-
tribute this improvement to the additional information
available in multi-component waveforms – particularly
polarization and the relative distribution of P- and S-
wave energy across components – which can be infor-
mative for discriminating earthquakes and explosions
(e.g., Kong et al., 2022). Because the curated dataset
contains relatively few fully 3C traces, we supplemented
the surface-event class with additional 3C recordings as
described in Section 2.3.
To evaluate models on an equal basis, we created

a common test dataset composed entirely of three-
component (3C) traces. We randomly selected 10 000
traces per class. For earthquakes, explosions, and
noise, the curated dataset provided sufficient 3C traces.
As mentioned in Section 2.3, for surface events, we
augmented the curated dataset with 6500 additional 3C
traces from nearby stations, yielding a sufficient pool
for balanced sampling. From the 10 000 traces avail-
able for each class, we randomly split the data into train-
ing, validation, and testing subsets using an 80:20 ratio.
This produced 2000 traces per class for testing (total of
8000 traces) and reserved the remaining 8000 per class
(total of 32 000) for DL training and validation. We en-
sured that no event data was split between the training
and testing datasets by verifying that no event identi-
fiers were found in both the testing and the training/-
validation datasets.
We generated the CML training/validation datasets

using all events in the curated dataset, excluding the
common test dataset. The training data set uses ran-
domly sampled 6000 traces per class. The validation
data set uses the remaining 2000 traces that do not share
event ID from the training data set. If fewer than 2000
traces were available for a class, we sampled with re-
placement. To account for variability, we repeated the
validation sampling process 50 times with different ran-
dom seeds and averaged the results across iterations.
For theDL training and validation data sets, we used

the remaining 8000 3C traces per class that remained af-
ter the common test data were set aside, and split them
into 6000 (training) and 2000 (testing) sets, also ensuring
that event ID did not leak between both subsets.

2.6 Network-Testing Dataset

To evaluate model performance in routine network op-
erations, we generate a network testing dataset that dif-
fers in several key ways from the curated dataset. Un-
like the curated dataset, which is balanced and based on
carefully reviewed analyst picks, the network dataset re-
flects the realities of day-to-day operations: incomplete
analyst picks, class imbalance, and heterogeneous sta-
tion coverage. This dataset was designed to test the ro-
bustness of models beyond controlled conditions.
We selected the most recent events within the PNSN

authoritative boundary, reviewed by the same analyst

to ensure consistency across classes. A balanced set
of 10 000 events was assembled, with 3333 earthquakes,
3333 explosions, and 3334 surface events; noise was ex-
cluded. For each event, waveform data from up to ten
stations with the earliest picks were included. Because
surface events often lack locations and multi-station
coverage, only a small fraction (n=187) were located at
more than one station. To address this, most surface
events were supplemented with up to nine nearby sta-
tions that have historically recorded such events, typi-
cally within a 40 km radius. One more distant station,
UW.JCW (>100 km, near Mt. Baker), was also included
because of its frequent surface-event detections.
The resulting dataset captures the natural variabil-

ity of routine operations. Earthquakes generally had
magnitudes between 0 and 2, epicentral distances be-
low 50 km, and SNR values ranging from 0 to over 20
(capped at 20 to avoid skewing). Explosions showed
similar magnitudes and SNR ranges but occurred at
slightly larger distances, clustering around 50 km. Sur-
face events lacked magnitude estimates but were typ-
ically recorded at distances of less than 25 km, with a
few extending to ∼150 km. These long-distance cases
may reflect eithermisclassified artifacts or genuine sur-
face events at Mt. Baker, where volcano–station separa-
tions are larger (see Supp. Fig. S12). By including these
variations in class balance, SNR, and station coverage,
the network testing dataset provides a realistic bench-
mark for assessing model performance in operational
settings.

2.7 Generalization Datasets
An important property for models is to generalize be-
yond the trainingdatasets. Because training, validation,
and testing data sets were compiled for the PNWregion,
we generated three additional datasets: (1) the Exotic
Seismic Event Catalog (ESEC), which provides verified
global surface events (Bahavar et al., 2019), (2) a near-
field explosion dataset, designed to test distance effects,
and (3) incrementally expanded training datasets that
incorporate additional surface events and near-field ex-
plosions. Together, these datasets allowed us to probe
the limits of model generalization and to iteratively re-
fine the training set when systematic misclassifications
were observed.

2.7.1 Exotic Seismic Event Catalog Testing
Dataset

The Exotic Seismic Event Catalog (ESEC; Bahavar et al.,
2019) is an expanding global database of non-tectonic
seismic events verified using independent, non-seismic
observational evidence (e.g., field/visual reports and
remote-sensing products). The catalog includes surface
processes such as rock and debris avalanches, rock/de-
bris/ice falls, debris flows/lahars, and snow avalanches,
and while it is global in scope, many events are concen-
trated in North America and Europe. Each entry pro-
vides event metadata including origin time, location,
and source type.
To assess generalization beyond the Pacific North-

west, we tested our classifier on 245 ESEC events.
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For each event, we extracted 270 s of three-component
waveform data (70 s before to 200 s after the catalog ori-
gin time) from stations within 100 km of the event lo-
cation; larger radii led to poorer performance due to in-
creased noise levels andwaveformdispersion. We addi-
tionally required a signal-to-noise ratio (SNR)>10, com-
puted as the ratio between themean absolute amplitude
in a signal window (start time +30 s) and themean abso-
lute amplitude in a pre-event noise window (start time
−50 s to −20 s).

2.7.2 Near-Field Explosion Test Dataset

We report that model performance when testing mod-
els on the ESEC dataset indicated that surface events
were often misclassified as explosions at larger epi-
central distances. To test whether this confusion was
due to distance-dependent signal characteristics, we
constructed a dedicated near-field explosion test set
(0–50 km). We downloaded approximately 10 000 wave-
forms from∼1100 explosion eventswithin the PNSNau-
thoritative boundaries and saved in the ANSS catalog,
restricting the data to 2023–2025 to ensure no overlap
with the training set. This dataset allowed us to directly
test whether models trained primarily on far-field ex-
plosion signals could generalize to near-source record-
ings.

2.7.3 Incrementally Improved Training Data Sets

The systematicmisclassifications observed on the ESEC
and near-field datasets motivated an iterative, data-
centric expansion of the curated training set to improve
generalization. We developed two successive versions.
Version 2 improved robustness to background noise
and variability in explosion signals by adding randomly
sampled noise-onlywaveforms, effectively doubling the
dataset to ∼12 000 traces per class. Version 3 further
expanded the data with targeted additions: (1) 1866
surface-event waveforms from ESEC (excluding lahars,
debris flows, and low-SNR events previously misclassi-
fied as earthquakes), and (2) 2502 near-field (<50 km)
explosion waveforms from the ANSS catalog within the
PNSN authoritative boundary. These additions were de-
signed to address dominant confusions seen in prelim-
inary tests – surface events being mistaken for explo-
sions at larger distances and some true explosions being
misclassified as surface events – by exposing the mod-
els to more representative surface-event and near-field
explosion examples.

3 Methods
We explore the two main branches of machine learn-
ing in classification, which we summarize in Fig. 3.
CML algorithms utilize engineered features (Jordan and
Mitchell, 2015) that may be automatically generated us-
ing time series toolboxes such as tsfresh (Christ et al.,
2018) and TSFEL (Barandas et al., 2020; Kharita et al.,
2024), or chosen based on physical models (e.g., Chmiel
et al., 2021). The DL approach learns feature represen-
tations as part of the optimization (Zheng and Casari,

2018; Kong et al., 2021). In addition to performance and
robustness, we will consider the computational cost of
deploying either strategy as part of our evaluation.

Figure 3 (a) Twomain approaches to supervisedma-
chine learning in event discrimination: Classical Ma-
chine Learning (CML) requires feature engineering before
classification. Deep Learning (DL) encompasses feature
extraction and classification within a single optimization
framework. Input data may be the raw time series, the
Fourier Amplitude Spectrum, or the short-time Fourier am-
plitude spectrum (i.e., spectrograms). Features are either
extracted and selected or transformed before CML classifi-
cation, or they are solved in a single network using deep
learning (DL). Finally, the four classes are predicted: eq
(earthquake), px (explosion), no (noise), and su (surface
events). Neural network architectures: (b) QuakeXNet
and (c) SeismicCNN. The abbreviations and full forms are as
follows: Conv. –Convolutional Layer, BN–BatchNormaliza-
tion, DO – Dropout, andMaxPool – MaximumPooling Layer.

3.1 Classical Machine Learning

3.1.1 Data Processing

Raw seismic data are typically high-dimensional, mak-
ing them unsuitable for direct use in conventional ma-
chine learning (ML) algorithms. Feature engineering
– the process of creating, transforming, and selecting
new features from raw data – is therefore critical for
reducing dimensionality and improving model perfor-
mance of CML algorithms. The goal is to extract es-
sential information that enhances the model’s ability to
identify patterns andmake accurate predictions (Zheng
and Casari, 2018).
In this study, we extracted a comprehensive set of

features commonly employed in ML applications for
seismological analysis. Drawing on both established
time-series toolboxes and prior seismological studies,
we grouped features into the following categories:
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1. TSFEL features: Extracted using the Time Se-
ries Feature Extraction Library (TSFEL) in Python
(Barandas et al., 2020), consisting of 390 features
calculated from time, Fourier, and wavelet do-
mains. TSFEL categorizes these features into sta-
tistical, temporal, and spectral domains; we did not
use the recently introduced fractal domain. We se-
lected TSFEL for its simplicity and broad coverage
of features that have proven effective in prior seis-
mological studies (e.g., Kharita et al., 2024; Mal-
fante et al., 2018).

2. Physical features: Designed based on seismolog-
ical observations and physical models of mass
movements, these features capture characteristics
that distinguish slope failures (surface events) from
earthquakes (Hibert et al., 2017; Provost et al.,
2017; Maggi et al., 2017; Hibert et al., 2014; Domel
et al., 2023; Kharita et al., 2024; Huynh et al.,
2024). Examples include the ratio of ascending
to descending time, which differentiates impul-
sive fault sources (peaks at onset) from granular
flows such as landslides (peaks mid-event) (e.g.,
Allstadt et al., 2018; Hibert et al., 2011). Other
features include dominant and centroid frequen-
cies, which provide information on source type,
andkurtosis and skewness across frequencybands,
which indicate impulsiveness. We do not include
explicit P/S-ratio features (Kong et al., 2022) or
magnitude-based estimates (Koper et al., 2024)
because computing them consistently across all
classes – particularly surface events and phase-
poor/emergent signals – requires phasewindowing
or picks that are not uniformly defined. Instead, we
use phase-agnostic proxies (e.g., frequency-band
energy partitions (E1–E4 FFT), time-frequency fea-
tures, and envelope-shape/timing features as listed
in Supp. Table 1) that capture related discrimina-
tory information.

3. ScatNet features: Derived from scattering con-
volutional neural networks (ScatNet) (Anden and
Mallat, 2014), these higher-order wavelet trans-
forms have recently proven effective in distin-
guishing seismic sources (Seydoux et al., 2020;
Moreau et al., 2022; Köpfli et al., 2024; Stein-
mann et al., 2023). Scattering transforms pro-
vide translation-invariant, noise-robust features by
convolving input waveforms with wavelets across
scales, forming first- and second-order scattering
coefficients. We selected wavelet parameters fol-
lowing the guidelines in Seydoux et al. (2020).
Details of feature extraction are provided in the
Supp. Section S1.

4. Manual features: To account for anthropogenic
patterns relevant to explosions, we added temporal
descriptors such as Hour of Day (HOD) (local time),
Day of Week (DOW), and Month of Year (MOY).
These features reflect human activity schedules
and complement the physicallymotivated features.

For the CML approach, we extracted features from
vertical-component waveforms only, thereby maximiz-

ing the dataset size, as many PNSN stations record only
a single component. After feature extraction, we per-
formed standard data cleaning, removing samples with
NaNs, Inf values, or identical constant values. We fur-
ther reduced dimensionality by removing highly corre-
lated features (Pearson correlation coefficient>0.95). Fi-
nally, we standardized each feature using z-score nor-
malization (zero mean, unit variance) and then applied
a threshold-based filter to remove outliers, discarding
samples with any feature value exceeding ±5 standard
deviations.
To investigate the impact of time windowing and pre-

filtering on extracted features and classification perfor-
mance, we constructed six feature sets (M1–M6) with
varying window lengths and frequency bands. For
earthquakes and explosions, windows were aligned rel-
ative to the P arrival, while for surface events, theywere
aligned to the analyst-defined first arrival in the curated
dataset. Noise windows were extracted using the same
time spans and frequency bands. The models are de-
fined as follows:

• M1: 40-s window (P−10 to P+30 s), filtered 1–10Hz

• M2: 40-swindow (P−10 to P+30 s), filtered 0.5–15Hz

• M3: 110-s window (P−10 to P+100 s), filtered
1–10Hz

• M4: 110-s window (P−10 to P+100 s), filtered
0.5–15Hz

• M5: 150-swindow (P−50 to P+100 s), filtered1–10Hz

• M6: 150-s window (P−50 to P+100 s), filtered
0.5–15Hz

3.1.2 Architecture Descriptions

We systematically compared seven widely used ma-
chine learning algorithms for seismic event classifica-
tion: Logistic Regression (LR, Hosmer et al., 2013),
Multi-Layer Perceptron (MLP), Support Vector Classi-
fier (SVC, Hearst et al., 1998), K-Nearest Neighbors
(KNN, Cover and Hart, 1967), Random Forest (RF,
Breiman, 2001), XGBoost (XGB, Chen and Guestrin,
2016), and LightGBM (LGBM, Ke et al., 2017). Our
evaluation resembled an automated ML approach in
scope but was implemented manually and transpar-
ently: we defined parameter ranges for each algo-
rithm, performed initial hyperparameter searches, and
directly compared their performance.
Each algorithm was assessed using five-fold cross-

validation, with the macro F1 score as the optimization
metric. This stage of analysis was intended to identify
which algorithm families consistently performed well
on our data. Results are shown in Supp. Figs. S3–S4,
with tested parameter ranges and optimal values sum-
marized in Supp. Section S2. Tree-based algorithms
(RF, XGB, and LGBM) consistently outperformed oth-
ers. LGBM achieved the highest averagemacro F1 score
(∼89%), followed by RF (∼85%). However, training
LGBM was at least 20 times slower than RF under com-
parable settings, and runtime scaled steeply with larger
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grids. Because our study required hyperparameter tun-
ing across 48 feature sets andmultiple validation seeds,
tuning was computationally exhaustive. RF offered
a more practical balance: strong performance, lower
computational costs in training, and the ability for in-
terpretable feature importance estimation. In addition,
RF is widely used in seismology because of its robust-
ness, relatively simple hyperparameter space, and in-
tuitive feature-importance measures (e.g., Hibert et al.,
2014, 2017; Provost et al., 2017; Kharita et al., 2024). For
these reasons, we selected RF as the primary CML algo-
rithm for the rest of the study.

3.1.3 Training and Tuning

After selecting RF, we ran a second, more extensive hy-
perparameter search tailored to each of the 48 feature
sets. For each set, we randomly sampled ∼300 RF con-
figurations varying the number of trees (n_estimators),
maximum tree depth (max_depth), and the minimum
samples required to split and form a leaf (min_sam-
ples_split, min_samples_leaf ). Each candidate configura-
tion was evaluated using five-fold cross-validation, and
the best-performing combination (macro F1) was se-
lected. To control runtime, we tuned on a balanced sub-
set of 3000 samples per class. Across feature sets, this
deeper optimization typically yielded limited additional
1–2% improvement in macro F1 compared to the ini-
tial broad search. Detailed parameter ranges are avail-
able in the public software repository linked in the code
availability section. (Supp. Section S2, Supp. Figs. S3,S4)

3.2 Deep Learning
3.2.1 Data Processing

For deep learning models, we prepared three-
component waveform traces using a standardized
preprocessing pipeline. For each trace, we extracted a
100-s window, with the window start chosen randomly
between 5 and 20 seconds before the analyst’s pick
time. All waveform traces were preprocessed before
model training and evaluation. Each trace was first
linearly detrended to remove baseline offsets and
then tapered with a 1% cosine taper to minimize edge
effects introduced during filtering. We applied a band-
pass filter between 1–20Hz to suppress long-period
noise as well as high-frequency artifacts, ensuring
the retention of the frequency content most relevant
for seismic event discrimination. Finally, each trace
was normalized by its standard deviation, following
common practice in deep learning applications for
seismic data, so that all channels contribute com-
parably during training. To ensure data quality, we
only retained traces with an SNR greater than 1, com-
puted following the same procedure described by
Ni et al. (2023). In addition to raw waveform inputs,
we generated spectrogram representations of each
three-component trace. Spectrograms provide a joint
time–frequency characterization of the signals, which
has been shown to improve classification performance
in many deep learning applications. We implemented
a PyTorch-based spectrogram computation function

(compute_spectrogram), which transforms each
input batch of waveforms (B, C, T ) into power spectral
density representations (B, C, F, Tspec). Waveforms
were segmented into overlapping windows using a
Hann taper, with each segment set to 256 samples
(nperseg = 256) and 50% overlap. Each segment
was then mean-centered, tapered, and transformed
into the frequency domain using the real-valued Fast
Fourier Transform (FFT). Power Spectral Density (PSD)
estimates were obtained by normalizing the squared
magnitudes of the Fourier coefficients by the window
power and sampling rate. To ensure energy conserva-
tion under the Parseval convention, one-sided spectra
were produced by doubling all frequencies except
the DC and Nyquist components. Finally, frequency
and time axes were derived from the FFT length and
hop size, providing consistent alignment across all
traces. The resulting spectrograms preserve three
channels per trace (E, N, Z), while adding frequency
and time dimensions, producing an input well-suited
for convolutional neural networks (Yeck et al., 2020).
By combining both waveform- and spectrogram-based
representations, we ensured that the deep learning
models had access to both temporal and spectral
features of the seismic signals.

3.2.2 Architecture Descriptions

In recent years, deep learning methods, particularly
Convolutional Neural Networks (CNN, LeCun et al.,
2015), have emerged as powerful algorithms for seismic
event classification, leveraging their ability to extract hi-
erarchical features from raw waveform data automati-
cally. CNNs excel in learning complex patterns directly
from the data, making them particularly effective for
distinguishing between events such as earthquakes, ex-
plosions, surface events, and noise. In recent studies,
CNNs have been successfully applied to process seis-
mic signals, demonstrating superior performance over
conventional methods in both accuracy and scalability
(e.g., Mousavi and Beroza, 2022). The multi-layered ar-
chitecture of CNNs allows them to capture both local
and global features in seismicwaveforms,making them
well-suited for detecting subtle variations in seismic sig-
natures. Moreover, CNNs can be extended to incorpo-
rate multi-channel inputs, such as combining signals
from different seismic components, which further en-
hances their classification capability (e.g., Mousavi and
Beroza, 2022; Ross et al., 2018; Perol et al., 2018; Linville
et al., 2019). As a result, CNNs have become a valuable
tool in seismic monitoring, aiding in the real-time de-
tection of events and enhancing the accuracy of seismic
discrimination systems.
Designing an optimal CNN architecture is a com-

plex task, primarily due to the many hyperparameters
that must be tuned for best performance. These hy-
perparameters include the number and size of filters,
the configuration of the convolutional, fully connected,
dropout, and pooling layers, as well as the choice of ac-
tivation functions. The search for an ideal hyperparam-
eter combination is computationally intensive and far
more demanding than traditional machine learning ap-
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proaches, often requiring heuristic optimization meth-
ods, such as random search or grid search, to explore
the vast parameter space (e.g., Network Architecture
Search (NAS), Elsken et al., 2019). Alternative methods
may reuse the architecture of foundation models (e.g.,
VG16).
Each study employs a specific model architecture,

topology, and dataset, making inter-comparison chal-
lenging. To remediate this, without undergoing a full
NAS, we propose representing diversity in architecture
by utilizing two canonical architectures and two types
of inputs: time series and spectrograms. We design a
wide/fat shallow network (SeismicCNN) and a skinny
deepnetwork (QuakeXNet), whichwe illustrate in Fig. 3.
For each architecture, we have a (1D) and a (2D) version,
where (1D) refers to taking time series input data and
(2D) refers to taking spectrograms as inputs. The time
series has a dimension of 3x5001 points, and the spec-
trograms have a dimension of (3x129x38). Each archi-
tecture is designed to address the unique characteristics
of seismic waveform data, aiming to improve classifica-
tion performance.
The SeismicCNN architecture consists of two convo-

lutional layers, each followed by a batch normalization
layer and a max pooling layer. The architecture begins
with a 1D convolutional layer that extracts features from
the seismic waveforms. The first layer applies 32 fil-
ters, each with a kernel size of five, followed by a batch
normalization and ReLU activation. The second convo-
lutional layer expands to 64 filters, again with a kernel
size of five, followed by batch normalization and ReLU
activation. Both convolutional layers are followed by
max-pooling layers with a kernel size of two, which re-
duces the temporal dimension and focuses on key fea-
tures. Dropout layers with a rate of 0.2 are integrated af-
ter each pooling operation to prevent overfitting during
training. The final layers are fully connected and out-
put four class logits, which are converted to class prob-
abilities using a Softmax activation (i.e., probabilities
sum to 1 across classes for each input window). Seis-
micCNN (2D) has the same architecture but instead uses
spectrograms as input and 2D convolutions. However,
the size of the models has a significant difference: Seis-
micCNN (1D) has 10 227 340 parameters, whereas Seis-
micCNN (2D) has 1 986 572 parameters, primarily due to
the difference in input size.
The QuakeXNet (1D) architecture consists of seven

convolutional layers, each followed by batch normal-
ization layers and two max pooling layers. The archi-
tecture begins with sequential 1D convolutional layers,
each followed by batch normalization and ReLU activa-
tion. The first convolutional layer uses eight filters with
a kernel size of nine and padding to preserve input di-
mensions, while subsequent layers gradually increase
the number of filters to 64 and alternate between stride
lengths of one and two. This progressive increase in
the number of filters is thought to allow the model to
capture more complex features at deeper layers. A max
pooling operation is applied after every second convolu-
tional layer to reduce the temporal resolution, enabling
the network to focus on the most salient features, and
is a form of blur pooling layer (Zhang, 2019) and has

been utilized in denoising CNNs (e.g., Yin et al., 2022).
The classifier takes the flattened output of features from
the convolutional layers and passes it through a fully
connected layer with 128 neurons, followed by batch
normalization and ReLU activation, and another fully
connected layer that outputs class logits. Dropout lay-
ers with a rate of 0.2 are inserted after pooling layers
and fully connected layers to mitigate overfitting. The
QuakeXNet (2D) architecture, adapted for 2D seismic
spectrogram inputs, mirrors the QuakeXNet (1D) struc-
ture but uses 2D convolutional layers. QuakeXNet (1D)
has 657 716 parameters, whereas QuakeXNet (2D) has
70 708 parameters.
For evaluation on curated/test datasets, we assign the

predicted class by the maximum-probability (argmax)
output; we do not apply a fixed probability threshold for
classification.

3.2.3 Training and Tuning

For training, we used the Adam optimizer (Kingma and
Ba, 2014), an initial learning rate of 0.001, and a cross-
entropy loss. We train on a single NVIDIA RTX3090
24GB RAM. We trained the models with a batch size
of 128 for up to 100 epochs, implementing early stop-
ping if validation performance did not improve within
30 epochs. This approach allowed us to fine-tune the
model’s ability to generalize while avoiding overfitting
on the training set. We assess the performance of each
model by comparing the training and validation losses,
along with the validation accuracy, as the number of
epochs increases.
The training loss of the SeismicCNN (1D) architec-

ture showed a smooth and consistent decline over the
epochs, indicating effective learning during training. In
contrast, the validation loss exhibited a more irregular
decay with the number of epochs, characterized by an
initial increase followedby a gradual decrease. Training
SeismicCNNachieved apeak validation accuracy of 89%
(Supp. Fig. S6). In comparison, QuakeXNet (1D) demon-
strated improved stability in the training, with the train-
ing loss steadily decreasing from0.75 to 0.15 and the val-
idation loss dropping from0.9 to 0.45. The validation ac-
curacy improved significantly, rising from 60% to 92%,
indicating that this architecture was highly effective for
the given task (Supp. Fig. S6).
Given the highly variable performance on the vali-

dation test while training a model on 1D waveforms
(Supp. Fig. S6), we shifted our focus to 2D spectrogram-
based architectures. We did not attribute this limi-
tation specifically to window length or event magni-
tude; rather, we interpret it as an empirical advantage
of the 2D representation, which makes discriminative
time–frequency structure more explicit and facilitates
learning with CNNs. The SeismicCNN (2D) architecture
demonstrated that both training and validation losses
decreased smoothly, with the training loss falling from
0.75 to 0.15 and the validation loss dropping from 0.75
to 0.25. The accuracy improved from 75% to 94%, high-
lighting the model’s effectiveness in discriminating be-
tween classes. Similarly, the QuakeXNet (2D) architec-
ture showed consistent improvement, with both train-
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ing and validation losses decreasing from 0.9 to 0.3. The
accuracy increased steadily from 78% to 92%, although
the validation loss was slightly lower than the training
loss. Overall, our findings suggest that transitioning
from 1D to 2D architectures improves the model’s abil-
ity to distinguish between various seismic event classes
(Supp. Figs. S7, S8).

3.3 Model Deployment Workflows

To explore how our models could be applied in oper-
ational and research settings, we designed several de-
ployment workflows. These workflows span real-time
and retrospective use cases, ranging from integration
with existing software ecosystems to large-scale cloud-
ready pipelines. The following subsections describe the
implementation details of each workflow.

3.3.1 Integration with SeisBench

We first implemented our deep learning classifiers
in the SeisBench ecosystem (Woollam et al., 2022),
enabling seamless integration into catalog-building
workflows. The models are compatible with the
model.classify and model.annotate functions,
which return class labels, timestamps, and probability
traces for use in real-time or retrospective analysis.

Listing 1 Read an obspy stream and classify or annotate
with seisbench

# importing the dependencies
import seisbench.models as sbm
import obspy
# load the model
model = sbm.QuakeXNet.from_pretrained()
model.eval() # Set to evaluation mode
# reading the data
z = obspy.read("file.mseed")
# classify the data
results = model.classify(z)
# anotate the data
annotations = model.annotate(z)

3.3.2 Deployment on the Network-Testing
Dataset (Retrospective)

To evaluate model performance under controlled con-
ditions, we applied our classifiers to the network test-
ing dataset (Section 2.6). For each event, we retrieved
waveforms from the 10 nearest stations and extracted
141-s windows (30 s before to 111 s after origin), resam-
pled to 50Hz. We then ran two DL models (QuakeXNet
and SeismicCNN) and two ML models (M2_30 and
M2_110) with a 5-s stride. Station-level probabilities
were averaged and filtered using quality-based criteria
(SNR thresholds, probability thresholds, probability–
distance thresholds). Event-level predictions were ob-
tained bymajority vote across high-confidence stations.
To assess robustness, we conducted a grid search over
threshold values.

3.3.3 Deployment on Continuous Data (Cloud-
readyWorkflow)

Finally, to test how to run this continuously and deploy
these on cloud data archives (e.g., Ni et al., 2025b,a), we
developed a pipeline to scan daily waveform archives
stored on Amazon Web Services (AWS) Simple Storage
Service (S3). Day-long miniseed files were read, rele-
vant channels (e.g., any HH or BH channels) extracted,
and data preprocessed (filtering, trimming, spectro-
gram computation). We deployed the model using 100-
s windows with a 20-s stride. Probability traces were
smoothed with a moving average (window size=5). De-
tections were initiated when the smoothed probabil-
ity exceeded 0.15 and ended when it dropped below,
with valid detections requiring a maximum probabil-
ity above 0.5. Each detection was assigned the class
with the highest peak probability, and outputs included
labels and timestamps. A quantitative comparison of
continuous-data detections to the curated/test datasets
is not included here. Such an evaluation would require
catalogmatching and/or analyst validation to character-
ize false positives/negatives and to tune detection and
association thresholds, which is beyond the scope of
this study.

4 Model Performance Results

Our performance evaluation proceeds in four stages.

1. We first benchmark all CML and DL models on a
balanced test set derived from the curated dataset
(Section 2.5) to enable a controlled comparison be-
tween feature-based and end-to-end approaches.

2. Based on this benchmark, we select the top can-
didates (CML: M2 and M4 with Physical + Man-
ual features; DL: QuakeXNet and SeismicCNN) and
evaluate them on the network-testing dataset (Sec-
tion 2.6), which reflects more realistic conditions
(class imbalance, variable SNR, and heterogeneous
station coverage).

3. We then probe generalization of the best DL mod-
els using two independent datasets: the Exotic Seis-
mic Event Catalog (ESEC) and a near-field explo-
sion dataset. These tests reveal systematic confu-
sions, most notably between surface events and ex-
plosions.

4. Finally, we address these failure modes through
data-centric retraining with progressively ex-
panded training sets (Versions 2 and 3). Version 3
provides the best overall trade-off between accu-
racy, robustness, and computational efficiency.

4.1 Evaluation Setup
We evaluated model performance using standard clas-
sification metrics. Precision is the proportion of true
positive predictions out of all predicted instances for
a given class, while recall (or sensitivity) is the propor-
tion of true positives out of all actual instances of that
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class. At a broader level, accuracy is the ratio of cor-
rectly predicted instances (true positives and true nega-
tives) to the total number of instances, and the F1 score is
the harmonic mean of precision and recall, providing a
balancedmeasure that accounts for both false positives
and false negatives. F1 is particularly informative when
datasets are imbalanced.
Model outputs were evaluated at two levels. At the

station level, predictions were generated independently
for each waveform trace, with the assigned class corre-
sponding to themaximumpredicted probability among
the four classes (earthquake, explosion, surface event,
or noise). At the event level, predictions from all avail-
able stations were aggregated by averaging class prob-
abilities across stations, and the event was assigned to
the class with the highest mean probability. For the
balanced curated test dataset, station coverage was of-
ten limited – particularly for surface events, so we re-
port only station-level performance. For the network
testing dataset, where more complete station cover-
age was available, both station- and event-level perfor-
mance were assessed (see Section 2.6). This evaluation
frameworkprovides the basis for the performance com-
parisons presented in the following sections.

4.2 Performance on the Curated Test Dataset
Wefirst evaluated the performance of classicalmachine
learning (CML) models trained on engineered features
and deep learning (DL) models trained on waveform
time series or spectrogram inputs. This controlled test
set provided a benchmark for comparing the two ap-
proaches under balanced conditions.

4.2.1 CML Performance

We evaluated eight feature sets and their combinations
to classify seismic traces using CMLmodels (Supp. Sec-
tions S1 and S2): Scatnet features (110), Scatnet + Man-
ual features (113), TSFEL (390), TSFEL + Manual (393),
Physical (62), Physical + Manual (65), Physical + TSFEL
(454), and Physical + TSFEL + Manual (457).

Precision Precision results shown in Fig. 4 highlight
the importance of certain feature groups. Feature sets
with Scatnet-derived features alone showed moderate
precision, which improved when combined with Man-
ual features. TSFEL-based features outperformed Scat-
net. Combining Physical features with others consis-
tently achieved the best precision, especially for earth-
quakes and explosions. Longer waveform windows
(110–150 s; M3–M6) showed a slight improvement in
precision for explosions and surface events compared
to shorter windows (40 s; M1–M2), although the dif-
ferences were generally small (on the order of 1–2%).
For the best-performing feature set (Physical +Manual),
shorter 40 s windows (M1–M2) performed marginally
better than longer ones, underscoring that window
length did not have a consistent effect across all feature
sets. Broader frequency ranges (0.5–15Hz;M2,M4,M6)
tended to yield marginally higher precision than nar-
rower bands (1–10Hz; M1, M3, M5), but again the gains

were minor. Noise precision remained stable across all
configurations, with Physical + Manual features consis-
tently achieving the highest values overall.

Recall Hybrid feature sets that included Physical fea-
tures yielded higher recall across all classes (Fig. 4).
Longer windows again improved recall for explo-
sions and earthquakes, and broader frequency ranges
(0.5–15Hz) contributed to stronger performance com-
pared to narrower filters. Noise recall was consis-
tently high, reflecting its distinctive spectral content.
For Physical features, a negligible difference in perfor-
mance was observed.

Accuracy Accuracy values ranged from moderate
(70–73% for Scatnet features) to strong (86–88% for
physical-based features). TSFEL features significantly
improved accuracy (83–86%), especially when com-
binedwithManual features (up to 87%). Overall, feature
type was the dominant factor for CML performance,
followed by waveform window length, while prepro-
cessing choices had smaller effects (Fig. 4). The best
accuracy (88.5%) was achieved by Physical + Manual
features, underscoring the value of physically inter-
pretable descriptors.

4.2.2 DL Performance

We next evaluated four DL models: SeismicCNN (1D,
2D) and QuakeXNet (1D, 2D) with waveform time series
(1D) or spectrograms (2D) as input.

Precision Precision results shown in Fig. 5(top) vary
across models and classes. SeismicCNN (1D) achieved
high precision for surface events (95%) andnoise (99%),
but struggled with earthquakes (75%) and explosions
(74%). Using spectrograms improved results substan-
tially: SeismicCNN (2D) reached 90–96% precision
across all classes. QuakeXNet (1D) performed well for
noise (99%) and earthquakes (88%) but showed lower
precision for surface events (84%). QuakeXNet (2D)
achieved the strongest and most balanced precision
(90–98%) across all classes.

Recall Recall values shown in Fig. 5(middle) showed
similar trends. SeismicCNN (1D) recalled earthquakes
(94%) and noise (99%) well, but misclassified many
surface events (58%). SeismicCNN (2D) delivered bal-
anced recall across classes (90–97%), excelling in sur-
face event detection (95%). QuakeXNet (1D) achieved
high recall for surface events (94%) and noise (99%)
but lagged on explosions (82%). QuakeXNet (2D) again
provided the best balance (89–99%), with strong perfor-
mance across all classes.

Accuracy Accuracy is shown in Fig. 5(bottom) and
further highlights the advantage of spectrogram in-
puts. SeismicCNN (1D) achieved 84.2%, while Seis-
micCNN (2D) reached 93.7%. QuakeXNet (1D) reached
91.6%, and QuakeXNet (2D) 92.4%.
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Figure 4 CMLmodel performance on the curated test set. Precision (a), recall (b), and overall accuracy (c) for random-
forest classifiers trained on eight engineered feature sets across six waveform configurations (M1–M6). Colors denote feature
sets: Scat (ScatNet), Scat+Man (Manual), Tsf (TSFEL), Tsf+Man, Phy (Physical), Phy+Man, Phy+Tsf, and Phy+Tsf+Man; hatch
patterns denote waveform configuration (window length and bandpass setting; M1–M6). Across metrics, feature type domi-
nates performance: Scat-only features show the lowest scores, Tsf features improve substantially, and feature sets including
Phy consistently yield the strongest precision/recall for earthquakes and explosions, and the highest overall accuracy. Man
features provide modest gains when added to Scat or Tsf, while differences among waveform configurations are compara-
tively small (typically ∼1–2%) and most apparent for explosion/surface precision and recall. Noise is consistently classified
with high precision and recall across all feature sets/configurations.

4.2.3 Comparison of CML and DL Approaches
Within Domain

DL models, particularly spectrogram-based architec-
tures (SeismicCNN 2D and QuakeXNet 2D), consistently
outperformed CML models across all metrics (preci-
sion, recall, and accuracy). While CML models bene-
fited from carefully engineered features, their perfor-
mance plateaued below the best DL models. In con-
trast, DL approaches leveraged end-to-end learning to
capture subtle waveform differences – especially be-
tween surface events and explosions – leading to su-
perior generalization. Overall, these results establish
DL spectrogram-based models as the strongest candi-
dates for deployment, setting the stage for further eval-
uation on more challenging and realistic datasets (e.g.,
see Fig. 6).

Model Accuracy F1 score
SeismicCNN (1D) 84% 84%
QuakeXNet (1D) 92% 92%
SeismicCNN (2D) 94% 94%
QuakeXNet (2D) 92% 92%
Phy+Man (M2) 89% 87%
Phy+Man (M4) 88% 88%
Phy+Man (M6) 87% 89%

Table 1 Performance of different models on the common
test sets from the curated catalogs described in Section 2.5.

4.3 Performance on the Network Testing
Dataset

From the balanced curated test dataset, we identified
three models that achieved the best overall perfor-
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Figure5 DLvs. engineered-featurebaselines on the curated test set. Precision (top), recall (middle), andoverall accu-
racy (bottom) for deep-learningmodels (hatched bars) and classical ML baselines trained on engineered features (solid bars)
using the same waveform configuration (M2). DL models include SeismicCNN and QuakeXNet with 1D waveform inputs and
2D spectrogram inputs. Engineered-feature baselines include Scat (ScatNet), Tsf (TSFEL), and Phy (Physical) feature sets and
their combinations with Manual features. Across classes, 2D spectrogram-based DLmodels provide themost consistent and
highest performance, with SeismicCNN (2D) and QuakeXNet (2D) achieving uniformly strong precision and recall (typically
∼90–99%) and the highest accuracies.

mance: two deep learning classifiers (SeismicCNN 2D
and QuakeXNet 2D) and one classical machine learn-
ing model (RF trained on Physical + Manual features
with a 40 s, 0.5–15Hz window, hereafter referred to as
ML_40). These models capture both end-to-end feature
learning (DL) and engineered feature-based approaches
(CML), providing complementary perspectives on event
classification. In this section, we evaluate these top-
performing models on the network testing dataset to
assess how well they generalize under realistic opera-
tional conditions.
The two deep learning models performed robustly,

with accuracy and F1 scores only slightly lower than on
the curated test set (Supp. Fig. S13). SeismicCNN (2D)
achieved nearly equal performance across classes, with
precision/recall/F1 of 96%/95%/95% for earthquakes,
98%/93%/95% for explosions, and 92%/97%/95% for
surface events. QuakeXNet (2D) performed compara-
bly overall but showed a noticeable drop in precision
for surface events (87%), indicating greater confusion
between surface events and explosions.
By contrast, the ML_40 model underperformed rel-

ative to the deep learning approaches, particularly for
surface events. It correctly classified only about three-
quarters of su cases (recall=77%), roughly 10% lower
than the CNNs inmean F1 score. This performance gap
underscores the advantage of end-to-end feature learn-
ing, which appears better suited to the heterogeneous
and lower-quality records typical of routine operations.
To further investigate the causes of misclassifica-

tion, we analyzed classification probability as a func-
tion of SNR and epicentral distance (Supp. Fig. S14).
For both CNNs, high-confidence predictions (P > 0.9)
were maintained for traces with SNR>5 out to distances
of ∼20 km. Confidence declined sharply for low-SNR
waveforms and for distances greater than ∼60 km. We
did not stratify by magnitude because many surface
events lack consistent magnitude estimates, and be-
cause station-level SNR is strongly influenced by dis-
tance and noise conditions in addition to event size;
thus, SNR provides a more direct indicator of signal
quality for classification confidence.
Surface eventsweremost vulnerable to this decline in

performanceover SNRanddistance,whichwe interpret
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Figure 6 Performance comparisons of various ML
and DL models in terms of (a) station-day classification
time and (b) trainedmodel sizes.

as a greater attenuation of signals in shallowwave prop-
agation, explaining the precision shortfall observed for
QuakeXNet (2D).
These results demonstrate that while DLmodels gen-

eralize well from curated to network data, their per-
formance remains bounded by physical SNR–distance
trade-offs inherent to the network geometry and noise
environment, rather than by model bias.

4.4 Performance on the Generalization
Datasets

Performance degraded on out-of-domain datasets, with
systematic confusion between surface events and ex-
plosions (Fig. 7). On the ESEC dataset, SeismicCNN(v1)
labeled most station-level records as noise (420) and
only 100 as surface events (Fig. 7a). After noise augmen-
tation, SeismicCNN(v2) increased surface-event assign-
ments to 235 and reduced noise assignments to 270. At
the event level, the number of ESEC events classified as
surface events increased from 5 (v1) to 19 (v2) and 18
(v3) (Fig. 7c).
On the near-field explosion dataset, Seismic-

CNN(v1/v2) showed strong confusion between explo-
sions and surface events at the station level (explosion
540 vs. surface 385), whereas QuakeXNet(v3) increased
explosion assignments to 675 while reducing the num-
ber of explosions mislabeled as surface events to 225
(Fig. 7b). Event-level results showed the same trend:
QuakeXNet(v3) increased explosions classified as ex-
plosions from 99 (v1/v2) to 130 and reduced explosions
classified as surface events from 82 to 33 (Fig. 7d),
albeit with a modest increase in explosion→noise
assignments.
Closer inspection of probability curves revealed sys-

tematic patterns: surface event probabilities tended to
peak early in the waveform, while explosion probabil-
ities peaked later, consistent with similarities in their
physical sources (surface waves, explosive or detach-

ment phases). By aggregating probabilities across en-
tire traces and assigning labels based on the dominant
class, Version 3 achieved improved event-level accuracy
on both datasets. QuakeXNet (2D), when analyzed with
the same procedure, generalized better than Seismic-
CNN (2D), suggesting that architectural differences in-
fluence out-of-domain robustness.
Despite these improvements, some confusion be-

tween surface events and explosions persisted, partic-
ularly for cases with emergent arrivals, extended co-
das, or low signal quality. This ambiguity may also re-
flect similarities in shallow-source radiation and propa-
gation effects, since both surface processes and many
explosions are exceptionally shallow. These observa-
tions underscore the need for diverse training data and
robust evaluation across global datasets.

4.5 Overall Performance
Across all stages of evaluation, deep learning mod-
els consistently outperformed classical machine learn-
ing approaches. On the balanced curated test dataset,
spectrogram-based architectures (SeismicCNN 2D and
QuakeXNet 2D) achieved the highest precision, recall,
and accuracy, clearly surpassing feature-engineered
CML models. On the network testing dataset, both
CNNs maintained strong performance under realistic
operational conditions, thoughQuakeXNet (2D) showed
a modest loss of precision for surface events compared
to SeismicCNN (2D).
Generalization tests revealed the limitations of train-

ing only on curated data sets: both CNNs struggled
when applied to out-of-domain datasets, such as the
Exotic Seismic Event Catalog (ESEC) and near-field ex-
plosions, frequently confusing surface events with ex-
plosions. These systematic errors motivated iterative
augmentation of the training data. Version 2 incor-
porated noise-only records, yielding modest improve-
ments, while Version 3 further expanded the dataset
with 1866 ESEC surface event traces and 2502 near-field
explosion traces (see Fig. 7).
QuakeXNet (2D) Version 3 emerged as the best-

performing model overall. It provided the strongest
balance of accuracy, robustness, and computational
efficiency, outperforming SeismicCNN (2D) on out-of-
domain tests while maintaining high performance
on curated and network datasets. Importantly,
QuakeXNet (2D) is lightweight, requiring only 70 708
parameters and ∼1.2MB of memory (Fig. 6), with a full
day of continuous data processed in ∼9 s (Table 2) at
a stride of 10-s (Fig. 6). This combination of accuracy,
robustness, and efficiency makes QuakeXNet (2D) v3
the most reliable classifier developed in this study and
themost suitable candidate for deployment in real-time
network operations.

5 Feature Importance

5.1 Feature Importance from CML
Focusing on the CML model that includes TSFEL, Man-
ual, and Physical features, we now explore the impor-
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Figure 7 Performance of different models on the ESEC dataset (a, c) and the near-field explosion dataset (b, d), shown
at both the station level (a, b) and the event level (c, d).

Model Number of
parameters

Memory
usage
(MB)

Deploying
on 1 day
of 100-Hz
data (s)

QuakeXNet (1D) 657 716 4.55 6.17
SeismicCNN (1D) 10 227 340 46.39 6.22
SeismicCNN (2D) 1 986 572 11.61 10.07
QuakeXNet (2D) 70 708 1.22 9.13

Table 2 Computational performance of selected deep
learning models.

tance of the feature calculated by the RandomForest al-
gorithm and show the feature importance in Fig. 7. In
Random Forest models, the importance of a feature is
typically measured by the decrease in a performance
metric, such as Gini impurity or accuracy, when the fea-
ture is used to split the data in a tree. To estimate feature
importance, RF models aggregate the impact of each
feature across all trees. The more a feature reduces un-
certainty in predictions, the higher its importance score
will be. This approach has several advantages: it han-
dles large datasets and high-dimensional spaces easily
and provides a measure of feature importance without
the need for feature scaling or normalization.
Fig. 8 shows the feature importance of runningmodel

M2 with a combination of Physical + Manual features.
The analysis of the feature set revealed that kurtosis-
based features were the most important (Fig. 8). Kur-
tosis is a statistical measure that indicates the flatness
of the signal amplitude distribution compared to a nor-
mal distribution. Signals with lower kurtosis values
have flatter distributions and shorter tails, indicating
fewer extreme values. The feature Kurt_3_10 (kurtosis
in the 3–10Hz frequency band)was found to be themost
important among all time-series features, followed by
KurtoSig (kurtosis of the entire signal, filtered be-
tween 0.5–15Hz), Kurto_10_20 (kurtosis in the 10–20Hz

Figure 8 Feature importance for model configura-
tion M2 using the Physical + Manual feature set, aver-
aged across 10 iterations. Feature names correspond to
the engineered-feature glossary provided in Supp. Table S1.

band, though our data was pre-filtered to 15Hz), and
Kurto_1_3 (kurtosis in the 1–3Hz band) (Supp. Fig. S9).
These kurtosis-related features highlight the signifi-
cance of amplitude distribution in different frequency
bands for classifying seismic events. When looking
at histograms of the distribution of the kurtosis val-
ues over the four classes, we see that noise is well
separated from the event classes, while earthquakes,
explosions, and surface events show partial overlap
in the marginal distributions of individual kurtosis-
based features; class discrimination emerges when
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these kurtosis-based features are combined with other
complementary features in the multivariate model: the
noise kurtosis ranges between -0.01 and 1, the surface-
event kurtosis between 1 and 20, the explosion kurto-
sis varies between 2 and 25, and the earthquake kurto-
sis varies between 6 and 60. These kurtosis-based fea-
tures provided a strong separation between each class
(Supp. Fig. S9). In addition to kurtosis-based features,
the manual feature “hod” (hour of day) was found to be
the most important feature. This was expected, as ex-
plosions typically occur during the day,making this fea-
ture highly informative for discriminating explosions
from other events (Supp. Fig. S11). Although “hod”
ranks highly in feature importance, it is a contextual,
region-specific proxy for quarry blast timing. Its stan-
dalone predictive power is limited (Supp. Fig. S10), and
adding Manual features yields only a modest gain over
Physical features (Fig. 4), indicating that classification is
primarily driven bywaveform-derived attributes. Other
notable features included the “Average envelope am-
plitude”, which effectively shows the shaking duration
and provides a good way to distinguish long-duration
surface events from shorter-duration earthquakes and
explosions, and “Envelope rise time”, where surface
events demonstrate a slower growth.
WhileRandomForest is a powerful algorithmfor clas-

sification and explainability, it has some limitations.
There is a bias toward high cardinality features as de-
cision trees tend to assign higher importance to fea-
tures with many unique values (high cardinality), re-
gardless of whether they are truly informative. When
features are correlated, the model tends to distribute
importance across them. This can result in underesti-
mating the importance of the more influential feature,
but it is addressed here by removing one feature from
highly correlated pairs (Supp. Table S2), retaining Fea-
ture 1 and removing Feature 2. Finally, the importance
scores may vary significantly across different runs, es-
pecially if the dataset contains noise or irrelevant fea-
tures. We mitigated this by averaging the importance
calculated over ten iterations.

Feature Selection To identify the minimum number
of features required for comparable performance to the
full set of features, we computed the performance of
our model with a progressively increasing number of
the most important features. We find that the 20 most
important features suffice to predict with an F1 score of
89%, which is as much as a model that includes 62 fea-
tures (Supp. Fig. S10). Further, using just a single fea-
ture provides an F1-score of 60%, whereas using just the
20most important features provides anF1-score of 90%.
This results in a reduction of computational time by ap-
proximately 1.5, while providing similar performance
(Supp. Fig. S10).

5.2 Feature Importance from DL
Difficulties in the interpretability of neural networks
have been a major limitation for the broad adoption of
deep learningmethods in seismic discrimination. Kong
et al. (2022) was among the first to utilize a gradient-

based method to explore feature importance in deep
learning feature extraction for event classification be-
tween earthquakes and explosions. Recently, Clements
et al. (2024) showed activation featuremaps to reveal the
parts of the seismograms thatweremost contributing to
predicting shaking intensity.
We chose to use the Integrated Gradients (IG) attribu-

tionmethod provided by the Captum Python library, of-
fering a robust way to interpretmodel predictions (Sun-
dararajan et al., 2017; Alzubaidi et al., 2021). IG attri-
bution assigns importance scores to input features by
computing thepath integral of gradients alonga straight
line between a baseline input and the actual input. This
method ensures that the attributions satisfy key proper-
ties such as completeness and sensitivity, making it par-
ticularly suitable for complex models like neural net-
works (Sundararajan et al., 2017; Alzubaidi et al., 2021).
We apply IG on QuakeXnet (2D) to four representative
cases for eachof the four classes, presenting the seismo-
grams, spectrograms, and IG maps in Fig. 9. For earth-
quakes, the most critical features are concentrated in
the 5–15Hz frequency band. They are primarily asso-
ciated with the arrival of S-waves, consistent with the
dominance of these wave phases in earthquake signal
detection and classification. In contrast, the model’s
attributions for explosions concentrate more strongly
in the 1–5Hz band and are largely time-locked to P-
wave onsets. We emphasize that this reflects the most
informative time–frequency regions for the classifier,
not necessarily the peak spectral energy of explosions;
other studies (e.g., Kong et al., 2022) report dominant
explosion bands at higher frequencies depending on re-
gion, distance, and preprocessing. Noise shows diffuse
attribution across thewide rangeof frequencies, reflect-
ing the broad and low-frequency nature of background
or anthropogenic noise sources.
For surface events, the model highlights features pri-

marily in the lower frequency range (below 5Hz). Un-
like earthquakes and explosions, surface events do not
exhibit a clear S-wave phase, as analysts typically only
pick the onset of such events (e.g., Ekström and Stark,
2013). Instead, the identified attribution intensity may
correspond to emergent or prolonged energy release
patterns, which are characteristic of surface processes.
Volcanic seismicity often consists of high-frequency P-
and S-waves from deeper sources or low-frequency (LF)
events, where the frequency content is primarily con-
trolled by the source mechanism rather than surface
wave excitation (e.g., Chouet, 1996; Chouet andMatoza,
2013; Allstadt et al., 2014; Hürlimann et al., 2019). It is
important to note that the “surface event” classification
used by the PNSN is broad, encompassing a diverse set
of mass-movement and volcanic processes with corre-
spondingly varied waveforms. This diversity likely con-
tributes to the difficulty of training machine learning
models on a single unified su class, and should be rec-
ognized as an inherent limitation of this label.

6 Discussion
This study provides a comprehensive analysis of seis-
mic event classification through the application of CML
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Figure 9 QuakeXNet (2D) time–frequency attributions. Representative examples for each class: (a) earthquake, (b)
explosion, (c) surface event, and (d) noise. For each class, the top panel shows the input waveform amplitude, the middle
panel shows the corresponding spectrogram, and the bottom panel shows the model attribution map. Intensity (middle
panels) denotes the log-scaled spectrogram power (in dB) of the input signal as a function of time and frequency. Attribution
Intensity (bottom panels) denotes the Integrated Gradients attribution value per time–frequency pixel with respect to the
predicted class; larger absolute values indicate regions of the spectrogram thatmost strongly influence themodel’s decision
(red/blue indicate positive/negative contribution, respectively).

and DL approaches, leveraging a diverse feature set de-
rived from seismic waveforms. Our findings under-
score the importance of feature selection in CML mod-
els and reveal the nuanced strengths andweaknesses of
DL architectures in real-world seismic monitoring ap-
plications.

6.1 Analysis of Misclassified Events
We evaluate our best-performing model,
QuakeXNet (2D) v3, on the held-out portion of the
curated three-component dataset (excluded from
training; 33 719 earthquakes with 109 687 traces; 3490
explosions with 5075 traces; 769 surface events with
902 traces; and 28 074 noise traces). We report both
trace-level and event-level accuracy. To identify likely

catalog issues, we additionally flag high-confidence
disagreements, defined as cases where the predicted
non-catalog class attains P > 0.9 (and, when avail-
able, remains high-confidence after averaging across
multiple stations).

Surface events The model achieves 81% trace-level
and 84% event-level accuracy. Among 120 misclassi-
fied surface events, 65 (54%) are high-confidence dis-
agreements, and 22 (18%) remain high-confidence af-
ter two-station averaging. These 22 candidates were re-
viewed by PNSN analysts: 8 were confirmed as earth-
quakes mislabeled as surface events, and 4 additional
cases were flagged as likely shallow volcano–tectonic
(VT) events (sharp onsets, distinct phases, short dura-
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tions, often at low SNR). This suggests a non-negligible
surface-event label error rate in the curated catalog.

Explosions The model achieves 80% trace-level and
84% event-level accuracy. Of the misclassified explo-
sion events, 233 are high-confidence disagreements;
17 persist across more than two stations and were re-
viewed by six PNSN analysts. Five were unanimously
judged to be earthquakes mislabeled as explosions;
only four were unanimously confirmed as true explo-
sions, and several others resembled volcanic deep low-
frequency (DLF) events not represented in the training
taxonomy, indicating potential label noise and/or miss-
ing classes.

Earthquakes The model achieves 84% trace-level and
87% event-level accuracy. Most errors are predicted as
explosions; 1652 (36%) are high-confidence disagree-
ments and 288 (6%) remain high-confidence across >2
stations. Three senior PNSN analysts reviewed up to
50 such cases, unanimously confirming 9 as true explo-
sions, identifying 5 as possible DLF events from Mount
Baker, and validating the remainder as earthquakes (of-
ten teleseismic or near known quarries).
Overall, the dominant error patterns are consistent

with label leakage in the curated catalog (e.g., shallow
VT-like events within the surface-event label; explo-
sions labeled as earthquakes and vice versa; and DLF-
like signals absent from the taxonomy), rather than
purely model failure. These audits indicate that modest
targeted relabeling (on the order of ∼0.2–8% by class)
could meaningfully affect downstream analyses, and
that ML-based screening can support iterative catalog
refinement. Recent work suggests similar mislabeling
in phase picking data sets (Suarez and Beroza, 2025).

6.2 Model Performance Relative to Other
Published Models

To the best of our knowledge, this study is the first to ad-
dress classification across the three event classes most
encountered at seismic networks from tectonic, anthro-
pogenic, and geomorphologic events. Model perfor-
mance in the literature is highly sensitive to choices
such as the number of classes, the balance of train-
ing and testing datasets, and the architecture employed.
Direct comparisons are therefore not straightforward,
but placing our results in context highlights both the
progress and the challenges in seismic event classifica-
tion.
Most prior work has focused on binary classification;

reported performance is often higher, although diffi-
culty depends on class overlap, variability, and dataset
complexity. For example, Perol et al. (2018) reported
94.9% accuracy for discriminating earthquakes from
noise, and Meier et al. (2019) achieved precision and
recall above 99% for the same task. Quarry blast ver-
sus earthquake discrimination has also reached near-
human accuracy, with Linville et al. (2019) obtaining
accuracies above 99% and Kong et al. (2022) obtain-
ing 95.2% accuracy by combining physics-based and

learned features to discriminate earthquakes and ex-
plosions. Other binary classifiers targeting noise ver-
sus earthquakes or specific volcanic signals similarly
report accuracies exceeding 95–98% (Wu et al., 2018;
Chakraborty et al., 2022).
Extending to multi-class problems is more challeng-

ing. Canário et al. (2020) achieved 96–98% accuracy
across multiple volcanic seismicity classes. More re-
cently, Maguire et al. (2024) trained CNNs across di-
verse U.S. regions and achieved station-level accuracies
of ∼90% on previously unseen areas, underscoring the
difficulty of robust generalization.
Our CNN-based models achieve accuracy and F1

scores of 92–94% on a balanced curated dataset
spanning four classes, and retain high performance
(F1≈0.95) undermore realistic network conditions. This
places our work at the high end of reported accu-
racies for multi-class classification, while tackling a
more complex data and problem than most binary ap-
proaches. Importantly, our results highlight not only
the feasibility of four-class discrimination but also the
limits of choosing a region-specific training dataset,
motivating the need for iterative dataset augmentation
and generalization testing.

6.3 Deployment on Continuous Data

A key goal of this study is operational deployment:
applying classifiers not just to curated test sets but
to continuous waveform archives and real-time
streams. We integrated our best deep learning model,
QuakeXNet (2D) v3, into the open-source SeisBench
ecosystem (Woollam et al., 2022), extending its API
to support multi-class classification in parallel with
existing phase pickers.
Our classifier takes raw three-component seismic

waveforms as input, performs preprocessing internally,
and outputs four probability traces – one for each event
class. The temporal resolution of these traces depends
on the stride: for example, a 400 s input with a 5-s stride
produces 61 probability values per class, each repre-
senting the likelihood that the following 100 s belong to
that class. To convert probability traces into discrete
detections, we smooth the outputs with a five-sample
moving average to suppress spurious peaks. A detec-
tion is triggeredwhen the smoothedprobability exceeds
0.15, terminated when it falls below, and validated if
the within-window maximum exceeds 0.5. If multiple
classes peak in the same window, the class with the
highest maximum probability is assigned. The 0.15 on-
set/offset threshold was chosen empirically by sweep-
ing candidate values on development data and select-
ing a value that balanced missed detections and false
positives in continuous/network-style scans. We fur-
ther integrated the classifier into QuakeScope (https:
//github.com/SeisSCOPED/QuakeScope) , enabling joint
operationwith phase pickers on cloud-hosted data (e.g.,
SCEDC (Yu et al., 2021), NCEDC, EarthScope archives),
expanding to the earlier datamining work fromNi et al.
(2025a). This parallel design allows detection and dis-
crimination to inform each other, an important feature
since phase pickers are not trained on surface events.
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We do not report a quantitative continuous-detection
benchmark within QuakeScope here; evaluating detec-
tion performance across different onset characteristics
(including less-emergent events) requires event associ-
ation and catalog/analyst validation and is left for future
work. Finally, we benchmarked computational perfor-
mance. QuakeXNet (2D) v3 requires only ∼5 s to pro-
cess a full day of three-component data at 100Hz with a
20-s stride. This cost is comparable to PhaseNet, under-
scoring that integratingmultipleDLmodels into routine
workflows is computationally feasible. Together, these
results highlightQuakeXNet (2D) v3 as not only themost
accurate but also an operationally practical solution for
large-scale cataloging and real-time monitoring.

6.4 Implications and Recommendations

Our experiments show that while classical machine
learning approaches can provide seismologically inter-
pretable insights, they are ultimately limited compared
to deep learning models. CML performance depends
heavily on feature design, with Physical + Manual fea-
tures emerging as the most important. Shorter win-
dows improved earthquake recall, whereas longer win-
dows benefited explosion and surface event detection.
Broader frequency ranges consistently improved per-
formance across classes. These findings align with
seismological expectations and validate the utility of
feature-based approaches for exploring signal char-
acteristics. However, even with extensive hyperpa-
rameter tuning and feature engineering, CML models
plateaued below the performance of DL classifiers and
struggled to generalize to the network testing dataset.

In contrast, DL models bypass the need for interme-
diate feature extraction, learning directly from wave-
form or spectrogram representations. They consis-
tently achieved higher accuracy, precision, and recall,
while also being more computationally efficient at in-
ference (or deployment) time. This efficiencymakes DL
approaches better suited for operational deployment,
where throughput and robustness are critical.

Among the DL architectures tested, QuakeXNet (2D)
emerged as the most reliable model across all evalua-
tion stages. It generalized better than SeismicCNN (2D)
to network and out-of-domain datasets, whilemaintain-
ing high performance on curated test sets. Crucially,
QuakeXNet (2D) is also lightweight and fast, requiring
only 70k parameters (∼1.2MB memory) and process-
ing a full day of continuous data in ∼9 s. This combi-
nation of accuracy, robustness, and efficiency makes
QuakeXNet (2D) the recommended model for all use
cases considered in this study: earthquake monitoring,
explosion detection, and surface event cataloging.

Overall, these results highlight that while CML mod-
els remain valuable for interpreting seismic features,
DL models – and QuakeXNet (2D) in particular – pro-
vide the most practical and scalable solution for mod-
ern seismic event classification.

7 Conclusions

In this study, we developed and evaluated classical ma-
chine learning and deep learningmodels for classifying
dominant seismic events in the Pacific Northwest. Our
results indicate that while deep learning models, such
as QuakeXNet (2D) and SeismicCNN (2D), perform well
on test datasets and offer higher classification confi-
dence for the Pacific Northwest data, classical machine
learningmodels have also demonstrated relatively good
performance and can be used in an ensemble fashion.
Our analysis highlighted the key features that distin-

guish different seismic event types. Classical machine
learning models emphasized kurtosis-based features,
which provided clear separation among noise, surface
events, explosions, and earthquakes. In particular, kur-
tosis in specific frequency bands (e.g., 3–10Hz) proved
highly informative, while contextual features such as
time-of-day helped discriminate explosions from other
classes. We also note that time-of-day is a region- and
source-dependent contextual proxy (e.g., quarry/min-
ing activity) and may not transfer to other explosion
types (e.g., volcanic explosions) or to regions with-
out diurnal blasting patterns. Deep learning attribu-
tion maps offered complementary insights, showing
that earthquakes are characterized by energy concen-
trated in the 5–15Hz band and linked to S-wave ar-
rivals, whereas explosions emphasize lower-frequency
energy (1–5Hz) associated with P-wave onsets and ex-
tended codas. Noise showed broad, diffuse patterns,
while surface events exhibited energy concentrated at
low frequencies without distinct S-wave phases, reflect-
ing emergent or prolonged release processes. Together,
these findings demonstrate that both engineered and
learned features converge on physicallymeaningful sig-
nal properties, and that integrating multiple perspec-
tives improves our ability to discriminate between event
types.
Our analysis also shows that combining data from

multiple stations improves classification performance
by averaging out noise and reducing the impact of in-
dividual station biases – another common form of net-
work seismology and association. Deep learning mod-
els performed better than classical machine learning
models both in terms of classification performance as
well as computational costs on the curatedPNWdataset.
Further, we enhanced the generalizability of the origi-
nal deep learning models by training them with an in-
crementally enriched out-of-domain dataset. Overall,
we found that QuakeXNet (2D) v3 is the best model in
terms of performance, computational costs, and gener-
alizability. This model performed well on the curated
PNWdatasets and out-of-domain surface events and ex-
plosions, and should be utilized for large-scale detec-
tion of surface events.
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