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Abstract—Traditional seismic monitoring is often limited by
the high cost of instrumentation and logistical barriers, hindering
the expansion of earthquake monitoring networks especially in
under-resourced regions. Low-cost MEMS-based sensors offer
a scalable alternative, but require specialized datasets to train
machine learning models adapted to their unique noise charac-
teristics and sensitivity profiles. To address this, we systemati-
cally collected waveforms from approximately 4,000 earthquakes
(magnitude 2.7 to the highest recorded) recorded across 89
Raspberry Shake stations in New Zealand from 2020-2025.
Events were matched to nearby stations based on epicentral
distance criteria (100 km for M 2.7-5.5, 150 km for M>5.5).
A staged filtering pipeline using PhaseNet, EQTransformer, and
GPD models, cross-validated with theoretical TauP arrivals, was
applied to ensure phase pick quality across three confidence
tiers. The final curated dataset comprises 918 high-confidence
waveforms with validated P and S wave arrivals, alongside
approximately 16,035 total waveform records spanning all quality
tiers. This dataset addresses the critical scarcity of labeled
training data for low-cost seismic instrumentation, enabling the
development of phase pickers specifically calibrated for MEMS
Sensors.

Index Terms—MEMS, seismic dataset, Raspberry Shake,
earthquake monitoring, machine learning, phase picking, New
Zealand

I. INTRODUCTION

Earthquake research increasingly relies on high-quality seis-
mic datasets. Established databases such as STEAD [1] and
INSTANCE [2] provide comprehensive collections from tradi-
tional seismometers, but are limited to high-cost instruments.
Additional regional benchmark datasets including DiTing [3]
for China and the curated Pacific Northwest (PNW) dataset
[16] have further demonstrated that geographically and instru-
mentally diverse training corpora are essential for robust ma-
chine learning phase pickers. Low-cost MEMS accelerometers
have emerged as promising alternatives for seismic monitoring
[8]-[11], offering affordability and ease of deployment for
large-scale networks. The Raspberry Shake network exempli-
fies this approach, employing MEMS-based sensors for real-
time seismic monitoring globally [17].

Deep learning has become the dominant paradigm for
seismic signal processing [1], [6], yet models trained on
traditional broadband data often generalize poorly to MEMS
recordings, underscoring the need for sensor-specific training
corpora. In New Zealand, CRISiSLab maintains a dense sensor
distribution across Wellington and surrounding areas. A recent
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study demonstrated that Raspberry Shake data can augment the
national GeoNet network to improve local earthquake location
and characterization [13], illustrating the potential of citizen-
science seismometers for operational monitoring.

Despite growing adoption of MEMS sensors [12], a criti-
cal gap remains: the lack of publicly available, high-quality
MEMS-based earthquake datasets. New Zealand’s frequent
seismic activity, monitored by the comprehensive GeoNet
network [13], and driven by its position at the boundary of
the Pacific and Australian tectonic plates including the active
Hikurangi subduction zone and Alpine Fault system makes it
an ideal region for developing such resources, as most of the
Raspberry Shake sensors are distributed along the Alpine Fault
line. Hence we fill this gap by generating a comprehensive
MEMS-based earthquake dataset from the Raspberry Shake
network.

II. LITERATURE REVIEW
A. Benchmark Seismic Datasets for Machine Learning

Large labeled seismic datasets have been the primary driver
of machine learning progress in seismology. STEAD [1], the
most widely used global benchmark, contains over one million
broadband three-component waveforms with annotated P and
S picks. INSTANCE [2] extended this to Italy with ~1.2 mil-
lion waveforms from 54,000 events across 620 stations. DiTing
[3] contributed 2.7 million traces from Chinese regional events
(M 0-7.7), while the Pacific Northwest (PNW) dataset [16]
provides a 21-year Al-ready collection of ~190,000 wave-
forms. All four benchmarks rely exclusively on high-cost
broadband or strong-motion instruments, leaving a critical gap
for low-cost MEMS sensor data.

B. Deep Learning Phase Pickers and MEMS Sensors

PhaseNet [6] introduced a U-Net architecture producing
per-sample P, S, and noise probability distributions, achieving
near-expert analyst performance. EQTransformer [4] employs
hierarchical attention for simultaneous detection and pick-
ing, demonstrating superior event recovery on single-station
data. GPD [5] trained convolutional networks on millions of
Southern California waveforms, yielding a body-wave detector
that is robust to high background noise. These three models
are used here as complementary cross-validation tools. On
the sensor side, low-cost MEMS accelerometers have been
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extensively reviewed for seismological use [8]; MEMS ar-
rays have been shown to enhance early warning [11], and
labeled MEMS datasets from Italian seismic sequences have
confirmed the scientific value of low-cost recordings even
under elevated noise [9], [10]. The Raspberry Shake network,
the largest citizen-science seismic network globally [17], has
been validated against national networks in Bucharest [14] and
New Zealand [13], establishing that systematic quality control
can produce research-grade MEMS waveforms suitable for
machine learning development.

III. DATA COLLECTION AND PROCESSING
A. Event and Station Selection

Earthquake events were sourced from GeoNet’s Quake
Search service [13] covering January 2019 to June 2025 with
a minimum magnitude threshold of M 2.7, chosen to ensure
detectable signal amplitudes on MEMS accelerometers at local
distances. The lower bound was set empirically: below M 2.7,
signal-to-noise ratios on MEMS channels degraded to levels
where reliable automated phase detection became unreliable
across the majority of stations. This query returned 4,274
events with focal depths ranging from near-surface to 538 km
and magnitudes spanning 2.7-6.0.

Seismic station metadata were retrieved from the Raspberry
Shake StationView portal [17]. From an initial candidate pool
of 67 New Zealand stations, 44 were confirmed active with the
requisite four-channel configuration (EHZ, ENE, ENN, ENZ).
A final set of 43 stations entered the waveform acquisition
pipeline after one station was excluded due to persistent
data gaps throughout the study period. Station verification
was performed programmatically via the FDSN web service
using ObsPy [15]: each candidate station was queried for its
available channel inventory, and only those providing all three
MEMS accelerometer channels (ENE, ENN, ENZ) alongside
the vertical geophone (EHZ) were retained.

To manage computational load and focus on high-quality
recordings, epicentral distance thresholds were applied before
waveform download. Earthquake—station pairs with epicentral
distances exceeding 100 km for M 2.7-5.5 events, or 150 km
for M>5.5 events, were excluded. These thresholds balance
signal-to-noise (SNR) considerations where larger distances
produce attenuated, noisier waveforms on MEMS channels
with the goal of maintaining adequate spatial coverage across
the New Zealand network.

B. Waveform Acquisition and Preprocessing

Waveforms were acquired via the FDSN web service using
ObsPy [15] in MiniSEED format. Each trace was downloaded
as a 180-second window comprising 60 s of pre-event noise
and 120 s of post-event signal, centered on the reported
GeoNet origin time. This window length was selected to cap-
ture the full P-to-S wave sequence for events at the maximum
permitted epicentral distances while retaining a statistically
robust pre-event noise segment for SNR computation and noise
characterization.

All downloaded waveforms were resampled to a uni-
form 100 Hz sampling rate and stored as four-component
MiniSEED files per earthquake—station pair (ENE, ENN, ENZ,
EHZ). A detrend and demean step was applied to each trace to
remove DC offset and long-period drift before phase detection.
Instrument response removal was not applied at this stage, as
the downstream deep learning phase pickers were trained on
raw count data and the focus of this dataset is phase arrival
timing rather than ground-motion amplitude calibration.

C. Five-Stage Hierarchical Quality Control Pipeline

The core of the processing workflow is a five-stage hi-
erarchical quality control (QC) pipeline that combines three
complementary deep learning phase pickers PhaseNet [6],
EQTransformer [4], and GPD [5] with theoretical travel-time
predictions computed using the TauP toolkit [7] under the
AKI135 velocity model. For each waveform, the expected
P- and S-wave arrival times relative to event origin were
computed from the reported hypocentral parameters, providing
an independent reference against which picker outputs could
be cross-validated.

Stage 1 retained waveforms where PhaseNet reported a P-
phase detection probability >0.9, and the PhaseNet P pick
fell within £1 s of the TauP AK135 theoretical arrival. This
stage applied the most stringent simultaneous constraints on
picker confidence and travel-time consistency, yielding 553
waveforms.

Stage 2 relaxed the PhaseNet probability threshold to the
range 0.5-0.9 while extending the cross-validation tolerance to
+2 s. Waveforms passing Stage 2 are those where PhaseNet
had moderate confidence and the pick remained temporally
consistent with theoretical predictions, contributing 1,505 ad-
ditional records.

Stage 3 shifted the primary detector to EQTransformer,
accepting picks with probability >0.8 cross-validated against
both GPD detections and AK135 theoretical arrivals within
42 s. This iterative approach captured events where EQTrans-
former’s attention-based architecture outperformed PhaseNet,
adding 701 waveforms.

Stages 4 and 5 applied analogous iterative consensus
schemes using GPD as the primary detector and a broadened
PhaseNet window (0.5-0.8 probability), respectively, each
requiring multi-model agreement within £2 s. These later
stages targeted the most challenging low-SNR recordings
where single-model confidence was inherently reduced.

Records failing all five stages were flagged as low-quality
and retained as noise examples in the dataset rather than
discarded, as unvalidated records dominated by anthropogenic
or environmental noise are scientifically valuable for noise
characterization and augmentation-based training [9]. The spa-
tial distribution of events and stations is illustrated in Fig. 1.

IV. DATASET CHARACTERISTICS AND VALIDATION

A. Dataset Composition and Metadata

The final dataset comprises 16,035 four-component wave-
form records. Each record contains the vertical geophone chan-
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Fig. 1: Spatial distribution of seismicity and monitoring infrastructure.
(a) Seismic event distribution colored by focal depth (yellow=shallow,
purple=deep, 0-600 km) and scaled by magnitude (M 3.0-6.0),
revealing the Hikurangi subduction zone, Alpine Fault system, and
deep intraslab events. Scale bar: 100 km. (b) Raspberry Shake stations
(red triangles) and earthquake epicentres (gray circles) within 171°—
178°E, 37°—44°S.

nel (EHZ) and three MEMS accelerometer channels (ENE,
ENN, ENZ); where both ENZ and EHZ were available,
the selection was based on data continuity. Comprehensive
metadata accompany every record, including event geographic
coordinates, origin time, magnitude, and focal depth from
GeoNet; station identifier, network code, and nominal coor-
dinates from the Raspberry Shake StationView; and derived
path parameters epicentral distance, hypocentral distance, and
back azimuth computed from the event—station geometry.

The magnitude distribution of the full dataset follows the
natural Gutenberg—Richter frequency—magnitude relationship,
with the majority of events in the M 2.7-4.0 range and
progressively fewer events at larger magnitudes up to M 6.0.
This natural distribution reflects the completeness of the
GeoNet catalog above M 2.7 in the study region and ensures
that the dataset provides broad coverage across the seismic
spectrum rather than being biased toward high-magnitude
events. Focal depths span from near-surface crustal events
(<10 km) to deep intraslab events at 538 km, capturing the full
depth diversity of New Zealand’s seismotectonic environment
including shallow Alpine Fault ruptures, intermediate-depth
Hikurangi subduction events, and deep Wadati—Benioff zone
earthquakes.

B. Tiered Quality Distribution

Waveform quality analysis revealed distinct performance
tiers across the pipeline stages (Fig. 2). Stage 1, representing
the highest-confidence PhaseNet detections (probability >0.9)
cross-validated within 1 s of TauP predictions, produced
553 waveforms (3.5% of total records). Stage 2 (moderate
PhaseNet confidence, 0.5-0.9, +2 s tolerance) contributed
1,505 waveforms (9.5%). Stage 3, using EQTransformer as
primary detector with multi-model consensus, added 701
waveforms (4.4%). Together, Stages 1-3 yielded 2,759 cross-
validated waveforms representing 17.4% of all processed
records. The remaining 13,084 waveforms (82.6%) failed all
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Fig. 2: Proportion of waveforms passing each validation stage. Of
15,843 processed records, 17.4% satisfied cross-validation criteria
across multiple phase-picking algorithms; the remainder are unval-
idated noise-dominated records retained for noise characterization.

automated validation thresholds and are classified as noise-
dominated records retained for noise characterization [9], [10].
The high rejection rate (82.6%) reflects the intrinsically
challenging noise environment of MEMS-based sensors de-
ployed in urban and suburban settings. Unlike traditional
broadband seismometers installed in seismically quiet vaults,
Raspberry Shake stations operate in homes, offices, and
schools where anthropogenic noise sources traffic, building
vibration, HVAC systems, and human activity dominate the
frequency bands occupied by local earthquake P- and S-wave
arrivals. Retaining these noise records in the dataset is deliber-
ate: they provide realistic negative examples for discriminative
training and support noise-augmentation strategies critical for
developing robust MEMS-calibrated phase pickers.

C. Manual Validation

Manual validation was performed as a final verification step
applied to all waveforms passing at least one automated stage.
Each candidate waveform was visually inspected to assess
three criteria: (i) overall waveform coherence and absence of
clipping or saturation artifacts; (ii) clarity and impulsivity of
the P-wave onset; and (iii) temporal consistency of P- and S-
wave arrivals relative to event origin time and TauP theoretical
predictions (Fig. 3).

Waveforms were excluded during manual review if they
exhibited emergent or indistinct phase onsets that precluded
confident pick placement, amplitude clipping that distorted
the waveform morphology, or arrivals deviating from expected
moveout in a manner inconsistent with known seismotec-
tonic structure. Particular attention was paid to distinguishing
genuine seismic P-wave onsets from common MEMS arti-
facts: high-frequency anthropogenic transients (sharp impul-
sive bursts from nearby machinery or footsteps), tilt noise
producing long-period ramps on horizontal MEMS channels,
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Fig. 3: Comparison of seismic waveforms across processing pipeline
stages. Left: pure waveforms (180 s). Right: noisy waveforms (240 s)
with pre-event noise. Rows show Stage 1 (PhaseNet >0.9, £1 s),
Stage 2 (PhaseNet 0.5-0.9, £2 s), and Stage 3 (EQT >0.8, £2 s).
Dashed lines: PhaseNet (red), EQTransformer (orange), GPD (green),
AK135 (black). Data from Raspberry Shake stations, New Zealand,
100 Hz.

and electronic interference manifesting as narrowband spectral
spikes that can superficially resemble impulsive P-wave en-
ergy. These artifacts are especially problematic in Stage 2 and
Stage 3 records where automated picker confidence is lower,
increasing the risk of spurious detections.

Following manual review, 918 waveforms from Stages 1
and 2 were retained as the highest-confidence subset of the
dataset, with phase picks verified by both automated con-
sensus and human inspection. These 918 records are directly
suitable as training data for machine learning phase pickers.
The dataset’s geographic diversity spanning the Hikurangi
subduction zone, Alpine Fault system, and deep intraslab
seismicity (Fig. 1) validates the pipeline’s ability to detect and
correctly label arrivals across a range of source mechanisms,
focal depths, and wave propagation paths [13].

V. DISCUSSION AND CONCLUSION

This work presents a comprehensive MEMS-based earth-
quake dataset for New Zealand from the Raspberry Shake net-
work, comprising 16,035 four-component waveform records
with complete metadata. The multi-tiered validation pipeline
yielded 2,759 cross-validated waveforms, of which 918 high-
confidence records (Stages 1-2) are directly suitable for train-
ing machine learning phase pickers, with remaining records
retained for noise characterization. This demonstrates that
rigorous quality control applied to citizen-science MEMS
recordings can produce training-ready seismic data at a scale
not previously available for low-cost instrumentation. The
dataset enables development of phase pickers calibrated specif-
ically to MEMS noise characteristics, addressing the known
limitation of broadband-trained models generalizing poorly to
low-cost sensors. Experience from analogous citizen-science

deployments in Bucharest [14] and Haiti further confirms that
MEMS stations can yield scientifically credible data under
rigorous quality control, lowering the barrier for earthquake
monitoring in under-resourced regions [8]-[10].

The structure of the five-stage pipeline was shaped directly
by the characteristic noise profiles of Raspberry Shake stations
in New Zealand’s urban environments, and understanding this
relationship is key to interpreting both the tier thresholds
and the 82.6% rejection rate. The MEMS channels carry
a significantly elevated noise floor compared to broadband
instruments below 10 Hz, MEMS self-noise exceeds the low-
noise model by 20-40 dB [8] so for small events (M 2.7—
3.5), P-wave energy on MEMS channels is often buried in
sensor self-noise while the EHZ geophone may still show a
clear arrival. The pipeline therefore bases cross-validation on
temporal consistency rather than amplitude thresholds, avoid-
ing SNR gates that would disproportionately reject valid low-
magnitude records. Three site-specific noise sources further
motivated the specific threshold choices at each stage. 7ilt
noise on horizontal MEMS channels from building sway and
thermal expansion produces long-period transients that cause
pickers to mistime S-wave arrivals; the relaxed £2 s tolerance
in Stages 2-5 (versus +1 s in Stage 1) accommodates this
additional uncertainty. Anthropogenic broadband transients
footsteps, door slams, and HVAC vibration in the 5-50 Hz
band are morphologically similar to P-wave onsets, which
drove the requirement for multi-model consensus: PhaseNet,
EQTransformer, and GPD were each trained on distinct data
with different anthropogenic noise compositions, making coin-
cident false triggers across all three statistically unlikely. The
0.9 probability threshold in Stage 1 excludes most single-
transient false detections, while the lower 0.5 threshold in
Stage 2 is compensated by mandatory AK135 cross-validation.
Electronic interference from power supplies and Wi-Fi routers
introduces narrowband 50 Hz contamination that can suppress
GPD confidence on otherwise clear waveforms; Stage 3’s use
of EQTransformer as the primary detector exploits its attention
mechanism’s greater resilience to narrowband spectral artifacts
[4]. This spatial noise heterogeneity is preserved in the dataset
metadata, enabling future studies to stratify training data by
urban noise intensity.

Developing phase pickers robust to high-noise, low-SNR
environments requires dedicated noise-augmentation strategies
and remains non-trivial. However, success in this domain
would be highly impactful: the low cost and ease of deploy-
ment of MEMS sensors means that a well-performing picker
could scale to thousands of stations globally, far beyond what
traditional broadband infrastructure allows. Future work will
focus on noise-robust deep learning architectures, network ex-
pansion, improved depth estimation, and integration of phase
association models to enhance automated event detection. The
SeisBench framework provides a useful point of reference for
organizing such multi-model, multi-tier validation workflows,
and future releases of this dataset are intended to adopt a
compatible format to maximize interoperability.
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