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Summary
Monitoring microseismicity is essential for the safe and efficient operation of subsurface 
activities; however, the performance of traditional detection and phase-picking methods 
deteriorates significantly in low signal-to-noise ratio (SNR) environments. Although deep-
learning (DL) models such as EQTransformer (Mousavi et al., 2020) and PhaseNet (Zhu & 
Beroza, 2019) achieve high accuracy on regional earthquake datasets, their direct application to 
microseismic data is often hindered by strong domain shift, arising from differences in 
magnitude range, frequency content, and noise characteristics. As a result, transfer learning is 
typically required to achieve reliable performance on microseismic datasets. However, the 
scarcity of accurately labeled P- and S-phase arrivals in the microseismic domain presents a 
major obstacle to effective model fine-tuning.

In this study, we address this limitation by introducing a multi-model consensus labeling 
workflow for generating high-quality training labels directly from continuous microseismic data. 
Multiple state-of-the-art DL phase pickers are applied in parallel, and phase arrivals are 
accepted as ground truth only when a majority of the models agree. This strategy mitigates 
individual model biases and enables the automatic construction of a robust, high-confidence 
labeled dataset suitable for retraining DL models. We apply this workflow to data from the Tony 
Creek Dual Microseismic Experiment (ToC2ME) and use the resulting consensus-labeled 
dataset to fine-tune EQTransformer and PhaseNet.

Our results demonstrate that targeted fine-tuning using consensus-derived labels leads to 
substantial performance improvements. When applied to the full deployment, the fine-tuned 
models, particularly EQTransformer, detect a significantly larger number of genuine 
microseismic events, improve station coverage, and achieve near-optimal phase-picking 
accuracy for downstream association and location. These findings highlight the effectiveness of 
consensus-based labeling as a scalable solution for overcoming data-labeling limitations in 
microseismic monitoring.

Method
The foundation of this work involved creating a large, high-precision training set from the 
continuous ToC2ME data, recorded near Fox Creek, Alberta, during hydraulic fracturing 



GeoConvention 2026 2

operations. The ToC2ME dataset, which involved 69 shallow borehole stations and recorded 
over 10,000 microseismic events, provides a unique opportunity for developing DL models 
tailored for unconventional reservoirs.

Automatic Phase-Labeling Workflow (Figure 1): To generate the labeled dataset required for 
model fine-tuning, an automatic phase-labeling workflow was developed based on multi-model 
consensus. This workflow applies multiple DL-based phase-picking models to the full 
continuous microseismic data, although it can be applied to a selected data subset at this stage. 
The tested models included PhaseNet (Zhu & Beroza, 2019), EQTransformer (Mousavi et al., 
2020), and GPD (Ross et al., 2018), using all publicly available pretrained weights distributed 
within the SeisBench (Woollam et al., 2022) framework. In total, 24 model-weight combinations 
spanning the three DL architectures were systematically evaluated on the ToC2ME dataset. 
Model performance was assessed using a composite scoring system based on four normalized 
metrics: average root-mean-square (RMS) travel-time residual, average horizontal location 
uncertainty, average vertical location uncertainty, and the total number of detected events. 
Based on this evaluation, the top five performing models were selected for consensus labeling. 
These consisted of EQTransformer models using the volpick (Zhong & Tan, 2024), jma (Naoi et 
al., 2024), and original nonconservative (Mousavi et al., 2020) weights, as well as PhaseNet 
models using the volpick (Zhong & Tan, 2024) and original (Zhu & Beroza, 2019) weights.

Phase picks generated by these five models were subsequently combined using a robust 
consensus strategy. For each phase type (P and S), picks were first clustered using strict 
temporal tolerances, with a maximum allowable time difference of 0.05 seconds for P-wave 
arrivals and 0.07 seconds for S-wave arrivals. Within each cluster, outlier picks were identified 
and removed using a Z-score criterion, rejecting picks with absolute Z-scores greater than 1.5. 
A final aggregated pick time was computed only when at least three model-generated picks 
remained after outlier rejection, using a distance-weighted averaging scheme.

This multi-model consensus labeling approach, combined with subsequent event association 
and location quality control, resulted in a high-confidence automatically labeled dataset 
comprising 382,025 six-second waveform samples with P- and S-phase arrival labels.

Automatic Noise Extraction (Figure 2): To create a robust noise training set, we developed a 
novel 5-gate quality control system that automatically extracted 194,246 high-quality noise 
samples from continuous ToC2ME data. Each 6-second candidate window must pass all five 
gates: (1) kurtosis gate (rejecting non-Gaussian spikes/transients), (2) amplitude gate (ensuring 
consistency with background noise distribution), (3) STA/LTA gate (removing incipient onsets), 
(4) DL probability gate (all top models must classify as noise with p > 0.95), and (5) variation 
gate (rejecting flat/clipped segments). This multi-criteria approach ensures only true ambient 
noise, free from weak events, transients, or instrumental artifacts, is retained for training.
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Figure 1 - Automated multi-model deep-learning workflow for consensus P- and S-wave phase picking.

Conditional Noise Augmentation (Figure 3): To ensure robust generalization and prevent 
overfitting unrealistically clean traces, we used a conditional, component-wise noise 
augmentation strategy driven by station-wise SNR. Only high-SNR traces (SNR > 2) received 
Gaussian noise injection, scaled to 0-0.4× the component amplitude. The Z-component was 
augmented based on P-wave SNR, while horizontal components were augmented based on S-
wave SNR. This selective approach preserved the learning signal from low-SNR examples while 
exposing the network to a continuum of noise conditions.
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Figure 2 - Workflow for extracting high-quality ambient noise samples from continuous ToC2ME data.

Figure 3 - Conditional SNR-based noise augmentation strategy applied to seismic waveforms for model training.
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Results
Fine-tuning resulted in consistent and substantial performance improvements across all 
evaluation metrics. On the held-out test dataset, both fine-tuned models achieved near-optimal 
phase-picking accuracy. EQTransformer exhibited the largest gain, with the P-phase F1-score 
increasing from 0.58 to 0.998, while PhaseNet improved from 0.91 to 0.999.

When applied to the full ToC2ME deployment, the fine-tuned models demonstrated superior 
catalog completeness and station coverage. As shown in Figure 4, the spatial distribution of 
events is significantly denser and maintains consistency with established template-matching-
based catalogs. Station coverage for common events increased from an average of 43 stations 
(original PhaseNet) to 45.4 and 47 stations for fine-tuned PhaseNet and EQTransformer 
models, respectively, a critical improvement for moment tensor inversion. Most notably, the fine-
tuned EQTransformer detected the largest catalog (N=23,918), expanding the baseline by 46% 
(Figure 5). Visual inspection of 200 randomly selected new detections confirmed these 
represent genuine low-SNR microseismic events rather than false positives.

Figure 4 - Spatial distribution of detected microseismic events from original and fine-tuned models.
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Figure 5 - Comparison of event catalog sizes for original and fine-tuned phase-picking models.

Conclusion
This study demonstrates that domain shift represents a fundamental limitation for applying 
state-of-the-art DL phase pickers to microseismic data, and that targeted, domain-specific fine-
tuning is essential for reliable performance in low-SNR environments. To address the critical 
lack of labeled training data in microseismic deployments, we developed a fully automated 
workflow that combines multi-model consensus labeling and rigorous noise extraction to 
generate high-quality training datasets directly from continuous recordings.

Application of this workflow to the ToC2ME enabled effective fine-tuning of EQTransformer and 
PhaseNet, resulting in near-optimal phase-picking performance on independent test data and 
substantial improvements in real-world deployment. Fine-tuned models produced significantly 
larger and more complete event catalogs, improved station coverage, and spatial distributions 
consistent with established template-matching catalogs. In particular, the fine-tuned 
EQTransformer expanded the detected catalog by 46 percent while maintaining physically 
plausible clustering and low false-positive rates, confirming that the additional detections 
represent genuine low-SNR microseismic events.

The proposed automated labeling and noise-generation framework is generalizable to other 
label-scarce microseismic datasets and removes a major bottleneck associated with manual 
phase picking. By enabling scalable, data-driven fine-tuning of global DL architectures, this 
approach provides a practical pathway for improving microseismic monitoring, event detection, 
and downstream analyses in complex subsurface environments.
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