RECOVAR: An unsupervised deep learning approach
to seismic event detection by training on continuous
waveform data
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Why unsupervised detection?

» State-of-the-art seismic detectors (EQTransformer, PhaseNet)
are supervised: they inherit labeling biases from the catalogs
they train on

» Unsupervised detection avoids that bias entirely, but is
currently under-explored in seismology

» RECOVAR: unsupervised detector that trains directly on
continuous waveform data, even when dominated by noise
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Method overview
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Input: 3-component (E, N, Z) at 100 Hz, bandpassed 1-20 Hz, 30s windows
(3,000 x 3).
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RECOVAR: Multiple Autoencoder Ensemble Architecture

» Ensemble of 5
autoencoders,
independent random
init

» Pairwise
cross-covariances
across the ensemble

» Linear projection
heads align channels
across encoders

» Reconstruction loss
trains encoders;
projection loss trains
heads,
simultaneously
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How RECOVAR does event detection?

Earthquake sample
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» Waveform — ensemble of autoencoders — latent representations

» Earthquake signals produce coherent latent activity; noise does not

» Cross-covariance peak prominence at 7=0 is the trigger metric
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Benchmark results: STEAD and INSTANCE (ROC-AUC)

INSTANCE (Testing) STEAD (Testing)
INSTANCE RECOVAR 0.976 + 0.001 RECOVAR 0.988 £ 0.001
(Training) PhaseNet 0.964 PhaseNet 0.994
EQTransformer 0.957 EQTransformer 0.990
STEAD RECOVAR 0.974 + 0.001 RECOVAR 0.988 + 0.001
(Training) PhaseNet 0.941 PhaseNet 1.000
EQTransformer 0.966 EQTransformer 1.000

Adigiizel et al.

Unsupervised RECOVAR is competitive with supervised detectors across

all four train/test pairs (ROC-AUC 0.974 to 0.988).

RECOVAR
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Dilation training: learning from noise-dominated data

» Continuous data is > 99% noise: naive training learns to
represent noise, not events

» lIdea: pool many candidate windows, score them with the
current model, keep only the highest-scoring samples

> Pool grows over training; selection becomes increasingly
aggressive

» Scores are recomputed every epoch, so the model " curates”
its own training set

Dilation schedule: D(e) = round (2 £ g Dmax)

With Dmax=64, by the last epoch we keep only the top ~ 1.6% of windows.
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Continuous training: Silivri 2019 Sequence

Silivri 2019: 572 events, 17 stations

41.4°N

40.6°N

» Sept—Nov 2019, 17 KOERI broadband stations, 572 catalog events

» Severe class imbalance: 0.16% earthquake / 99.84% noise windows
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Continuous training: Balikesir-Sindirgi 2025

Balikesir 2025: 3048 events, 6 stations 050N Balikesir: Sindirg: sequence (zoom)
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» July 2025-Feb 2026, 6 KOERI broadband stations, 3,048 catalog events

> 0.76% earthquake / 99.24% noise windows ~ 5X more than Silivri
dataset
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Dilation ablation: ROC-AUC across train/test pairs

Adigiizel et al.

Test set | |NSTANCE | Silivri | Balikesir

Model

Silivri (no dilation) 0.896 0.698 0.960
Silivri (dilation) 0.969 0.950 0.994
Balikesir (no dilation) 0.973 0.965 0.995
Balikesir (dilation) 0.970 0.961 0.996
INSTANCE 0.977 0.977 0.996

RECOVAR

EGU 2026

11/21



RECOVAR as a post-filter for PhaseNet

» PhaseNet can produce many false picks; we use RECOVAR
scores to filter them

» Sliding-window RECOVAR scores on continuous data. A
PhaseNet pick is kept if its score exceeds T

> We test in two cases:
Silivri, filtering in single station
Balikesir, multi-station with minimum two station coincidence
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Single station post-filter on Silivri (SLVT, PN=0.32)

Single-station SLVT, Silivri 2019, 534 catalog P-picks
(PhaseNet at PN=0.32 recovers 498).
Sliding 60s windows at 1s stride; INSTANCE-trained RECOVAR.

RECOVAR Model | 7g [ False picks filtered | Catalog picks lost
High-recall regime

INSTANCE 0.05 [ 709 / 1921 (36.9%) | 3/ 498 (0.6%)
INSTANCE 0.07 | 951 /1921 (49.5%) | 3 /498 (0.6%)
INSTANCE 0.09 | 1120/ 1921 (58.3%) | 9 / 498 (1.8%)
Fl-optimal T

INSTANCE [0.23 | 1673 / 1921 (87.1%) | 79 / 498 (15.0%)
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Balikesir post-filter: operating points (PN=0.30)

6 station data, minimum 2 stations coincidence

RECOVAR Model

| 7r [ False picks filtered | Catalog events lost

High recall regime

INSTANCE 0.105 | 89 / 274 (32.5%) 2 /174 (1.1%)
Balikesir (no dilation) | 0.040 | 94 / 274 (34.3%) 4 /174 (2.3%)
Balikesir (dilation) 0.276 | 83 /274 (30.3%) 2 /174 (1.1%)
No catalog events lost

INSTANCE 0.010 | 4/ 274 (1.5%) 0/ 174 (0%)
Balikesir (no dilation) | 0.005 | 1 /274 (0.4%) 0/ 174 (0%)
Balikesir (dilation) 0.144 | 33 /274 (12.0%) 0/ 174 (0%)

Adigiizel et al.
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Balikesir post-filter: precision—recall envelope
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» Black: PhaseNet alone. Colored: PhaseNet = 0.3 + RECOVAR, 7 swept
» All RECOVAR variants beat PhaseNet alone at every recall level.
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Balikesir Post-filter classification examples

PhaseNet picks classified by RECOVAR (Balikesir dilation, threshold =0.276)
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Takeaways

» Unsupervised matches supervised on STEAD/INSTANCE
(ROC-AUC 0.97-0.99).

> Dilation training makes training on continuous
noise-dominated data possible

> Better than PhaseNet alone at every recall level, used as
a post-filter. Locally trainable. Practitioners can retrain on
their own region and beat the pretrained baseline
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Thank you

Questions?

Code & models: github.com/onurefe/recovar

Contact: ege.adiguzel@std.bogazici.edu.tr
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Dilation ablation: ROC curves (log scaled)

Silivri dilation vs. no-dilation, tested on SILIVRI2019 Balikesir dynamic-8 vs. no-dilation, tested on BALIKESIR2025
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