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Abstract17

Microseismic focal mechanism solutions (FMSs) are essential for understanding reser-18

voir stress changes and rock fracturing during hydraulic fracturing. While machine learn-19

ing has shown strong performance in seismic data processing tasks, including phase pick-20

ing and magnitude estimation, as well as identifying P-wave first-motion polarity for mod-21

erate to large earthquakes to invert FMSs, its application to microseismic events remains22

limited. This limitation arises from the distinct characteristics of microseismicity, such23

as lower signal-to-noise ratios (SNR) and different rupture mechanisms, which challenge24

the effectiveness of existing polarity pickers. At the same time, the increasing deploy-25

ment of dense seismic arrays has generated vast amounts of data, creating both the need26

and opportunity to develop AI models specifically tailored to microseismic events. In re-27

sponse to the challenges of determining the P-wave first-motion polarity for microseis-28

mic events, we propose Micro-EQpolarity, a fine-tuned model based on the EQpolarity29

framework. The model combines convolutional blocks for feature extraction, transformer30

blocks for feature enhancement, and an MLP network for classification. Utilizing trans-31

fer learning, the model is pre-trained on the Southern California Seismic Network (SCSN)32

dataset and fine-tuned with 19,724 manually selected waveforms from the Tony Creek33

Dual Microseismic Experiment (ToC2ME) dataset, achieving an accuracy of 99.20%. Ap-34

plied to seismic data from Western Canada, Micro-EQpolarity successfully inverted 2,51935

high-quality focal mechanism solutions, creating a comprehensive catalog that extends36

analysis to events with magnitudes as low as -1.4. The model identified four distinct FMS37

types, revealing fine-scale fault structures and detailed patterns of fault reactivation. These38

findings provide new insights into fault reactivation mechanisms in the NS-Fault clus-39

ter and fluid diffusion processes in the NE-Fault cluster. In the NS-Fault cluster, our anal-40

ysis reveals two possible reactivation mechanisms: higher friction coefficients and enhanced41

cohesion, with fault reactivation driven by the combined effects of Coulomb static stress42

and pore-fluid pressure. In the NE-Fault cluster, two-stage hydraulic fracturing facili-43

tated fluid propagation, initially reaching the southwestern part of Fault 1 before spread-44

ing to Faults 2-6, with Fault 3 acting as a ”transfer station” directing fluid diffusion both45

eastward and westward through low-dip fault conduits.46

Plain Language Summary47

Hydraulic fracturing operations can trigger small underground earthquakes called48

microseismic events. Understanding these tiny earthquakes is crucial for monitoring reser-49

voir changes and optimizing extraction processes, but existing methods designed for larger50

earthquakes perform poorly on microseismic data due to their lower signal-to-noise ra-51

tios and different characteristics. We developed Micro-EQpolarity, an artificial intelli-52

gence model specifically designed for microseismic events, achieving over 99% accuracy.53

Applied to Western Canada microseismic data, our model successfully analyzed 2,51954

earthquake mechanisms, including events with negative magnitudes. Our analysis revealed55

two main fault systems with distinct behaviors. In the NS-Fault area, some faults required56

extra pressure from both injected fluids and stress from larger earthquakes to activate57

because they had rougher surfaces and stronger rock bonds. In the NE-Fault area, we58

traced how injected fluids moved through underground pathways, spreading from fault59

to fault over time.60

1 Introduction61

Microseismic events, often characterized by their small magnitudes and even neg-62

ative moment magnitudes, are commonly induced by industrial activities such as hydraulic63

fracturing or fluid flow within reservoirs. The focal mechanism solutions (FMSs) of these64

events play a crucial role in understanding subsurface stress changes and fracture behav-65

iors during hydraulic stimulation, which are central to the success of operations in the66
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oil and gas industry. Specifically, FMSs provide critical insights into the principal stress67

axes, thereby enabling the analysis of fault orientations, slip behaviors (e.g., strike-slip,68

normal, or reverse faulting), and their relationship to stress perturbations induced by69

industrial activities (Deichmann & Ernst, 2009; Zoback, 1992; McKenzie, 1969). By map-70

ping the orientation and dynamics of induced fractures through these analyses, FMSs71

help operators optimize hydraulic fracturing processes, ensure caprock integrity during72

in situ heavy-oil extraction, and advance technologies such as carbon capture and stor-73

age (van der Baan et al., 2013; Jia et al., 2018). At the same time, dense seismic arrays74

have been widely utilized to monitor microseismic events, providing critical insights into75

seismic risks and potential hazards associated with unconventional shale gas and oil de-76

velopment (Trow et al., 2018; Nyffenegger et al., 2022; Meng & Ben-Zion, 2017). Nev-77

ertheless, the rapid deployment of dense arrays and the growth of real-time seismology78

technologies have produced vast amounts of seismic data, presenting significant challenges79

for routine earthquake cataloging and the rapid determination of focal mechanisms.80

Focal mechanism inversion methods can generally be divided into two categories:81

P-wave first-motion-based methods and waveform-based methods. While waveform-based82

methods eliminate the need for manual phase picking, they are highly sensitive to noise83

and computationally demanding, particularly when simulating high-frequency seismo-84

grams or solving the wave equation numerically (Zhao et al., 2023; Chen et al., 2024; Kim85

et al., 2011). These challenges are further amplified for small-magnitude earthquakes,86

which require highly accurate local velocity models and precise simulation of high-frequency87

waveforms. In contrast, P-wave first-motion-based methods are computationally more88

efficient, making them more practical for large datasets and routine processing. How-89

ever, they are not without limitations, as they can be prone to errors caused by polar-90

ity picking and noise interference, while the manual process of picking P-wave first-motion91

polarity is both time-consuming and labor-intensive. These challenges highlight the need92

for a highly reliable automated P-wave first-motion polarity picker for microseismic events93

monitored by dense arrays.94

In recent years, machine learning has been increasingly applied to various aspects95

of automated seismic data processing, including tasks such as seismic data denoising (Zhu96

et al., 2019; Saad et al., 2025; C. Li et al., 2025), earthquake detection (Perol et al., 2018;97

Saad & Chen, 2020; Saad et al., 2022; Mousavi et al., 2020), seismic phase picking (Ross,98

Meier, Hauksson, & Heaton, 2018; J. Wang et al., 2019; Zhou et al., 2019; Mousavi et99

al., 2020; Saad & Chen, 2021; Saad et al., 2023), phase association (Ross, Meier, Hauks-100

son, & Heaton, 2018; Zhu et al., 2025; Ross et al., 2019), earthquake location (Van den101

Ende & Ampuero, 2020; M. Zhang et al., 2022), magnitude estimation (Mousavi & Beroza,102

2020; Saad et al., 2022), focal mechanism determination (Kuang et al., 2021; Tian et al.,103

2025; P. Wang et al., 2024), and earthquake early warning systems (X. Zhang et al., 2021).104

Machine learning has been increasingly utilized for identifying P-wave first-motion po-105

larity (e.g., (Ross, Meier, & Hauksson, 2018; Uchide, 2020; Chen et al., 2024; Zhao et106

al., 2023; Han et al., 2025), often demonstrating strong performance for moderate to large-107

magnitude earthquakes. For instance, a convolutional neural networks (CNN) was trained108

with millions of manually labeled seismograms recorded in Southern California (Ross,109

Meier, & Hauksson, 2018) . Based on this work, Cheng et al. (2023) developed a work-110

flow, CNN SoCal, to identify changes in focal mechanism properties induced by large main-111

shocks, such as the 2010 Mw7.2 El Mayor-Cucapah and 2019 Mw7.1 Ridgecrest earth-112

quakes. Compared to moderate sized earthquakes, microseismic events exhibit distinct113

characteristics, including smaller magnitudes, higher frequencies, lower signal-to-noise114

ratios, shorter wavelengths, and shorter durations (Kamei et al., 2015). These differences115

can significantly affect the performance of existing polarity pickers, often resulting in in-116

accuracies when determining the P-wave first-motion polarity for microseismic events.117

To address the challenges of accurately determining the P-wave first-motion po-118

larity for microseismic events, this study introduces Micro-EQpolarity, a fine-tuned model119
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based on the EQpolarity framework (Chen et al., 2024), specifically designed for micro-120

seismic analysis. Importantly, we adopt a transfer learning strategy to fine-tune the base121

model to improve its performance in microseismic polarity determination task. Trans-122

fer learning is an efficient training approach that initializes new models with pre-trained123

parameters and adapts them through fine-tuning, offering faster and more efficient train-124

ing compared to starting from scratch (Lapins et al., 2021; Yu & Ma, 2021). This ap-125

proach has been successfully applied to various seismological tasks, including adapting126

PhaseNet (Zhu & Beroza, 2018) from natural to hydraulic fracturing earthquakes (Chai127

et al., 2020), transferring EQTransformer (Mousavi et al., 2020) from land to ocean bot-128

tom seismic data (Niksejel & Zhang, 2024), and applying EQCCT (Saad et al., 2023)129

to Texas earthquake data under low SNR conditions (Saad et al., 2024). For microseis-130

mic polarity determination specifically, transfer learning provides an ideal solution by131

leveraging abundant labeled data from moderate-to-large earthquakes to overcome the132

scarcity of high-quality microseismic datasets, while ensuring cross-regional usability and133

an optimal accuracy-efficiency balance. By utilizing data pre-trained from the South-134

ern California Seismic Network (SCSN) (Southern California Earthquake Data Center,135

2013), we fine-tune our model using data from the Tony Creek Dual Microseismic Ex-136

periment (ToC2ME) (Eaton et al., 2018). The ToC2ME is a field program that employed137

a diverse array of sensors to record a hydraulic fracturing completion program at a four-138

well pad located west of Fox Creek, Alberta. Notably, the array provided exceptional az-139

imuthal coverage, enabling a significantly lower magnitude of completeness compared to140

regional monitoring networks (H. Zhang et al., 2019), which makes it an excellent dataset141

for training and testing machine learning models.142

This excellent dataset has greatly improved our understanding of various aspects143

of induced seismicity. However, several key aspects remain to be further explored from144

previous work, which a comprehensive focal mechanism catalog can help advance. First,145

regarding fault system structural complexity, previous studies have progressively utilized146

improved earthquake catalogs to reveal increasingly detailed fault architectures. Start-147

ing with 4,083 events, Eaton et al. (2018) identified strike-slip dominated clusters with148

north-south lineaments and N30°E trending features deviating from regional stress ori-149

entations. Igonin et al. (2021) expanded to 18,472 events, revealing preexisting fracture150

networks facilitating fluid pressure communication. To resolve finer-scale fault structures,151

focal mechanisms provide crucial insights into fault geometry and slip characteristics,152

enabling construction of comprehensive three-dimensional fault network models. Second,153

concerning triggering mechanism uncertainty, our understanding of the relative impor-154

tance and interactions among various processes—pore-fluid pressure diffusion, poroelas-155

tic stress changes, Coulomb static stress transfer, and aseismic slip—requires further im-156

provement. Igonin et al. (2021) demonstrated fault reactivation initiated by fluid pres-157

sure transfer along fracture networks, while F. Zhang et al. (2022) further revealed that158

the same fault may be dominated by different mechanisms during early injection phases159

(pore-fluid pressure diffusion) versus later stages (Coulomb stress transfer), or their com-160

bination. Third, regarding intrinsic fault system properties, parameters such as cohe-161

sion, friction coefficients, and the strike deviation from the SHmax orientation play cru-162

cial roles in determining reactivation thresholds. How these fault properties influence re-163

activation processes represents a fundamental yet underexplored research question. For164

the second and third challenges, a comprehensive focal mechanism catalog could provide165

essential information including background stress regime characterization and spatiotem-166

poral progression patterns for different fault types, significantly advancing our under-167

standing of reactivation mechanisms.168

Addressing these fundamental questions requires high-resolution earthquake cat-169

alogs and improved focal mechanism solutions (FMSs). Leveraging the workflow outlined170

in Section 2.2, which incorporates a two-stage transfer learning strategy—pre-trained on171

the SCSN dataset and fine-tuned on the ToC2ME dataset— we applied Micro-EQpolarity172

to the entire ToC2ME catalog, successfully inverting 2,519 high-quality focal mechanism173
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solutions (FMSs). This comprehensive dataset facilitated the identification of four dis-174

tinct FMS types and enabled the analysis of events with magnitudes as low as -1.4. The175

resulting focal mechanisms revealed fine-scale fault structures, providing more detailed176

insights into the mechanisms of NS-Fault earthquake reactivation (Section 4.3.1) and the177

fluid diffusion process in NE-Fault (Section 4.3.2).178

2 Data and Method179

2.1 Data180

The training data for the base model is sourced from the Southern California Seis-181

mic Network (SCSN) (Southern California Earthquake Data Center, 2013), consisting182

of 1,662,796 single-component waveforms recorded between 2000 and 2017. This dataset183

includes 831,398 waveforms for each of the upward and downward P-wave first-motion184

polarity classes. Each waveform has a duration of 6 seconds, capturing 3 seconds before185

and 3 seconds after the manually picked P-wave arrival time (Ross, Meier, & Hauksson,186

2018). The dataset used for model fine-tuning is from the Tony Creek Dual Microseis-187

mic Experiment (ToC2ME) (Eaton et al., 2018). This experiment was conducted with188

a dense, shallow borehole geophone array (27 m depth) that recorded continuous three-189

component (3C) waveform data. A total of 69 three-component geophones were deployed190

in the boreholes, with an average station spacing of 500 m (Fig. 1). We manually picked191

21,916 single-component waveforms from this dataset, using 90% of these waveforms (i.e.,192

19,724 single-component waveforms) for the actual fine-tuning process, and 10% of these193

waveforms (i.e., 2,192 single-component waveforms) for validation of our model during194

the training process. Moreover, we also manually prepared a testing set of 2,861 single-195

component waveforms sampled from the eastern, central, and western regions in the ToC2ME196

area to evaluate the performance of our proposed model.197

The two datasets differ significantly in their magnitude ranges and characteristics.198

The training data from SCSN covers earthquakes with magnitudes ranging from approx-199

imately −0.8 to 7.2, with 90% of the data distributed between magnitudes 0.5 and 2.8.200

The dataset used for model fine-tuning from ToC2ME primarily contains events with mag-201

nitudes ranging from approximately −2.2 to 3.2, with 98.5% of events having magnitudes202

between −2.0 and 0.0, which is typical of microseismic event magnitude ranges.203

2.2 Method204

We develop a workflow for building a high-resolution focal mechanism catalog, specif-205

ically designed for microseismic events, and apply it to the entire earthquake waveform206

archive of the ToC2ME dataset. This workflow consists of two main steps (see Fig. 2).207

First, model is trained with microseismic data from ToC2ME to fine-tune the param-208

eters of the pre-trained model, which outputs the Micro-EQpolarity model that deter-209

mines P-wave polarities. In the second step, first-motion polarities determined in the model210

training stage are inverted for focal mechanisms, along with further quality control checks211

to ensure high-quality focal mechanism solutions. The details of each step are discussed212

in the following subsections.213

2.2.1 Model Training214

During the Model Training stage, the base deep learning (DL) model (see Fig. 3)215

employed in this study, named EQpolarity, is designed for polarity determination and216

has demonstrated superior performance in identifying P-wave first-motion polarities for217

small to moderate-sized earthquakes (Chen et al., 2024). EQpolarity consists of two main218

components: the convolutional block (Conv block) and the transformer block. The Conv219

block extracts feature maps from the input data, while the transformer block empha-220

sizes the most relevant features by assigning high attention weights.221
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Figure 1. (a) Regional map of the ToC2ME study area (red box) in Alberta, situated be-
tween Montney and Duvernay. The inset map indicates the location of Alberta within North
America. Blue segments indicate orientations of SHmax in Alberta from the World Stress Map.
(b) Map of the ToC2ME monitoring configuration with 69 geophone stations (triangles) sur-
rounding the hydraulic fracturing treatment wells (red lines), recording 21,619 events in ML -2.19
to 3.21. Gray dots represent the spatial distribution of 21,619 seismic events recorded from Octo-
ber 26 to November 30.

Figure 2. Workflow for calculating focal mechanisms of microseismic events using transfer
learning to adapt the EQpolarity model for microseismic P-wave first-motion polarity determi-
nation. The workflow is divided into two main stages: Model Training and Focal Mechanism
Inversion. The Model Training stage involves loading the pre-trained model trained on earth-
quake data from the SCSN, incorporating microseismic data, and fine-tuning parameters using
ToC2ME microseismic data to produce the final Micro-EQpolarity model. In the Focal Mecha-
nism Inversion stage, the SKHASH algorithm, combined with quality control checks, is used to
derive high-quality focal mechanism solutions.
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The Conv block comprises three layers: a 1D convolutional layer, an activation func-222

tion, and a max-pooling layer. The mathematical operations for the Conv block are de-223

fined as follows:224

F (i) =
M∑

m=0
G(i − m) ∗ w(m),

γ(F ) = max(0, F ),

O = pool(a) = max(γ(a + q)),

where w is the kernel function with size M , γ represents the Rectified Linear Unit225

(ReLU) activation function, and q is the stride of the max-pooling layer. The Conv block226

uses a kernel size M = 3 and a pooling stride q = 2. By applying two consecutive Conv227

blocks, the output has a size of 150 × 200, with 200 feature maps.228

The transformer block follows the Conv block and highlights the most significant229

features extracted. It consists of three normalization layers, a multi-head attention (MHA)230

layer, two stochastic depth dropout (SDD) layers, and a multilayer perceptron (MLP)231

(Hassani et al., 2021). The core component of the transformer is the MHA layer, which232

utilizes multiple self-attention (SSA) networks (Hassani et al., 2021; Vaswani, 2017). In233

this model, four SSA networks are employed, and their outputs are concatenated as fol-234

lows:235

MHA(Z) = [S1(Z); . . . ; Si(Z)],

where i is the number of SSA heads (ranging from 1 to 4) and Z is the input to236

the MHA layer. Each SSA network generates query (Q), key (K), and value (V ) vec-237

tors through fully connected layers:238

K = ZWK , Q = ZWQ, V = ZWV ,

where WK , WQ, and WV are the weight matrices for the key, query, and value vec-239

tors, respectively. The SSA attention weight is computed using a softmax function:240

H = Softmax
(

QKT

√
l

)
,

where l represents the length of the query vector. The final output of the SSA is241

obtained through the dot product of the attention weight (H) and the value vector (V ):242

SSA(Z) = V × H.

The normalization layers ensure that features have zero mean and unit variance243

(Ioffe, 2015). To enhance regularization, stochastic depth dropout (SDD) layers are em-244

ployed, randomly dropping certain layers during training (Loshchilov & Hutter, 2016).245

The SDD rate is gradually increased across the four transformer blocks, ranging from246

0 to 0.1 with a step size of 0.033 (Loshchilov & Hutter, 2016).247

The final component is the MLP network, which processes the features output by248

the transformer block. The MLP comprises two fully connected layers, each followed by249
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Figure 3. Architecture of the EQpolarity neural network for P-wave first-motion polarity
determination. The model combines convolutional blocks and multi-head attention transformer
blocks with 600-sample input. The data shape for each processing stage is noted at the bottom of
the blocks.

a Gaussian Error Linear Unit (GELU) activation function (Hendrycks & Gimpel, 2016)250

and a dropout layer with a rate of 0.2. A final fully connected layer with a sigmoid ac-251

tivation function maps the extracted features to classify the polarities into up and down252

classes.253

The EQpolarity model was pre-trained using the SCSN dataset, which contains 1,662,796254

waveforms with their corresponding P-wave first-motion polarities in 6-second waveform255

segments. To enhance the model’s performance in identifying microseismic events, we256

employed a transfer learning approach by fine-tuning the pre-trained model on the ToC2ME257

dataset (Eaton et al., 2018). A total of 21,916 single-component waveforms were man-258

ually selected and randomly divided into two subsets: a training subset comprising 19,724259

waveforms (90%) for fine-tuning the proposed EQpolarity model, and a validation sub-260

set containing 2,192 waveforms (10%) for validating model performance throughout the261

training procedure. The data distribution between base and fine-tuning datasets for trans-262

fer learning can be seen in Table 1.263

For the ToC2ME dataset, waveform data were filtered based on signal-to-noise ra-264

tio (SNR) to ensure retention of only high-quality waveforms that meet the standards265

for manual picking. Based on P-arrival time estimates, the waveforms were initially trun-266

cated to 10 seconds, with 5 seconds before and 5 seconds after the estimated P-wave ar-267

rival time. The P-wave signal window was defined as the 4.5–5.5 s time interval, while268

the noise window was set as the 0–4.5 s interval. The variances of the vertical compo-269

nent waveforms for both signal and noise were calculated as follows:270

SNR =
√varP z√varNz

where varP z denotes the variance of the P-wave signal, and varNz represents the vari-271

ance of the noise. Waveform records with SNR values below 2 were discarded. Finally,272

the qualified waveforms were truncated to 1.2 seconds duration, encompassing 0.6 sec-273

onds before and after the first arrival time, ensuring that each waveform contained 600274
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Table 1. Data distribution between base and fine-tuning dataset for transfer learning

Region Number of Waveforms

Southern California (SCSN) 1,662,796
Western Canada Sedimentary Basin (ToC2ME) 19,724

samples for model input. The pre-trained model was subsequently fine-tuned to develop275

the final Micro-EQpolarity model, which is optimized for microseismic polarity analy-276

sis.277

2.2.2 Focal Mechanism Inversion278

To determine the polarity of the corresponding waveforms, the screened waveforms279

were processed using the Micro-EQpolarity model to derive the probability distribution280

of first-motion polarities. Polarity records were retained only if their predicted proba-281

bilities exceeded 0.92 (classified as down) or were below 0.08 (classified as up), thereby282

filtering out low-confidence polarity data. Utilizing these high-confidence polarity records,283

the azimuth and take-off angles were computed based on refined earthquake locations284

and the associated velocity model (F. Zhang et al., 2022).285

The focal mechanism solutions (FMSs) were then determined using SKHASH (Skoumal286

et al., 2024), which incorporates P-wave first-motion polarities while accounting for un-287

certainties in polarity observations and take-off angles to mitigate picking errors and de-288

rive the most reliable focal mechanism. To ensure the robustness of polarity projections289

during inversion, we retained only those focal mechanism solutions where the maximum290

azimuthal gap between adjacent stations was less than 40 degrees and whose quality rat-291

ing from the SKHASH output was classified as A. Following this rigorous selection pro-292

cess, a total of 2,519 focal mechanism solutions were obtained, all of which met strin-293

gent high-quality control criteria.294

3 Model Performance and Transfer Learning Effectiveness295

In this section, we present a comprehensive evaluation of the Micro-EQpolarity model’s296

performance and validate the effectiveness of the proposed transfer learning strategy. The297

evaluation consists of two main components: first, we assess the model’s performance us-298

ing the ToC2ME dataset through confusion matrix, classification accuracy, learning curves,299

and resolved magnitude distribution analyses; second, we analyze the effectiveness of the300

transfer learning scheme, examining how limited microseismic training data improves model301

performance.302

3.1 Model Performance on ToC2ME Dataset303

To evaluate the performance of the proposed model, we prepared a testing set from304

the ToC2ME dataset. This dataset consists of 2,861 single-component waveforms sam-305

pled from the eastern, central, and western regions in ToC2ME area. The testing and306

training sets are completely independent to ensure an unbiased evaluation.307

The training process utilized 90% (i.e., 19,724 single-component waveforms) of the308

training set for model optimization, while the remaining 10% (i.e., 2,192 single-component309

waveforms) was used for validation. We employed the Adam optimizer (Kingma & Ba,310

2017) to optimize the network parameters, with a learning rate set to 0.001. The Micro-311

EQpolarity model was trained for 50 epochs. The learning curves of the Micro-EQpolarity312

are presented in Fig. 4(a) and Fig. 4(b), respectively. After completing training, the Micro-313
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Figure 4. Learning curves of Micro-EQpolarity trained on ToC2ME data, showing (a) loss
and (b) accuracy for both training and validation sets with a threshold of 0.5. Performance eval-
uation includes (c) precision-recall curves (d) ROC curves on ToC2ME test set.

Table 2. Confusion matrix of Micro-EQpolarity model on ToC2ME test set

Up (True) Down (True)

Up (Predicted) 1156 (99.06%) 12 (0.71%)
Down (Predicted) 11 (0.94%) 1682 (99.29%)

EQpolarity model was applied to predict the P-wave first-motion polarity on the test-314

ing set. To evaluate the model’s classification performance, we present the confusion ma-315

trix in Table 2. A classification threshold of 0.5 was used, where probabilities exceed-316

ing the threshold were classified as class one, while probabilities below the threshold were317

classified as class zero.318

To further assess the performance of the Micro-EQpolarity model, we compared319

its accuracy with the EQpolarity model pre-trained on the same base dataset but with-320

out utilizing transfer learning. The comparison results are summarized in Table 3, where321

the Micro-EQpolarity model achieves an accuracy of 99.20%. Fig. 4(c) illustrates the precision-322

recall (PR) curves for these two models on the ToC2ME testing set across different thresh-323

olds. Fig. 4(d) presents the receiver operating characteristic (ROC) curves for these mod-324

els on the same testing set, where the area under the curve (AUC) for the ROC of Micro-325

EQpolarity is nearly 100%.326

The Micro-EQpolarity model also demonstrates strong capability for the low-magnitude327

earthquake analysis. After applying the Micro-EQpolarity model to automatically de-328

termine focal mechanism solutions in the ToC2ME dataset containing 21,205 earthquake329
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Table 3. Accuracy of different models evaluated on the ToC2ME test set with varying fine-
tuning datasetsa

Model Base Dataset Fine-Tuning Dataset Accuracy (%)

EQpolarity SCSN / 69.94
Micro-EQpolarity SCSN ToC2ME 99.20
aSCSN refers to data from Southern California, ToC2ME refers to the
Tony Creek Dual Microseismic Experiment field program in Canada.

Figure 5. Magnitude distribution of seismic events in ToC2ME in late 2016, with the right
panel showing a frequency histogram at 0.1 magnitude intervals. The analysis comprises 21,619
total seismic events (yellow dots) and 2,519 events with automatically resolved focal mechanisms
(green dots). The resolved events extend to magnitudes as low as -1.4, as illustrated in both the
temporal evolution (left) and frequency distribution (right).

events, we successfully obtained 2,519 high-quality focal mechanism solutions that all330

satisfied strict quality control criteria (for details, see Section 2.2). It shows high accu-331

racy, with P-wave first-motion polarity predictions showing good agreement with observed332

waveforms and providing tight constraints on nodal plane locations, as exemplified by333

a magnitude -1.07 event in Fig. S1. Remarkably, leveraging the dense array configura-334

tion and the highly efficient workflow of our Micro-EQpolarity model, we achieved suc-335

cessful focal mechanism inversion for events with magnitudes as low as -1.4 throughout336

the entire monitoring period (Fig. 5).337

3.2 Effectiveness of transfer learning scheme338

To evaluate the effect of training ratio on the fine-tuning dataset when applying339

transfer learning, we fine-tune the proposed model six times independently, with each340

case using a different training ratio. Specifically, we use training ratios of 1%, 10%, 30%,341

50%, 70%, and 90% from the manually picked ToC2ME training dataset (21,916 single-342

component waveforms) for the six cases, respectively. For all six cases, the testing set343

remains the same, consisting of 2,861 single-component waveforms sampled from the east-344

ern, central, and western regions of the ToC2ME area.345
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Figure 6. Model performance trends with varying transfer learning data sizes. Starting with
a baseline California accuracy of 69.94%, the model’s performance improves as the data ratio
increases, reaching from 95.77% (n=219) to 99.20% (n=19,724) at its peak - a total improvement
of 29.26 percentage.

Fig. 6 shows the test accuracy using different training ratios for transfer learning.346

The test accuracy generally improves as the training ratio increases due to enhanced learn-347

ing capability of the model when using a larger dataset for fine-tuning (Chen et al., 2024),348

ranging from 95.77% (n=219) to 99.20% (n=19,724). Compared to the baseline Califor-349

nia accuracy (i.e., pre-trained EQpolarity model’s accuracy) of 69.94%, a total improve-350

ment of 29.26 percentage points is achieved. Remarkably, by fine-tuning the model with351

only 219 ToC2ME waveforms (0.013% of the SCSN base dataset) and their associated352

polarity records, the model achieves a high accuracy of 95.77% on the microseismic test-353

ing set. This demonstrates that through the transfer learning scheme, Micro-EQpolarity354

can achieve an optimal balance between polarity classification accuracy and training set355

preparation efficiency.356

4 Comprehensive Focal Mechanism Catalog and Its Applications to Fault357

System Analyses358

In preceding sections, we proposed our Micro-EQpolarity model for microseismic359

P-wave first-motion polarity determination and developed a workflow for focal mecha-360

nism inversion based on our proposed model with strict quality control. Here, by uti-361

lizing this workflow, we obtained a comprehensive focal mechanism catalog in the ToC2ME362

region with rigorous quality control, demonstrating strong consistency and significant363

improvements in quantity compared to previous work. To better understand the induced364

seismicity in ToC2ME, we apply this catalog to investigate fault reactivation mechanisms365

and fluid diffusion processes in different fault systems.366

4.1 Comprehensive Catalog of Focal Mechanism Solutions in Western367

Canada368

Using the fine-tuned Micro-EQpolarity model and the workflow (Fig. 2) built upon369

this model, we obtained 2,519 focal mechanism solutions from 21,205 earthquake events370

in the ToC2ME dataset, all meeting rigorous quality control standards (for details, see371
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Figure 7. Classification and map view of focal mechanism solutions in ToC2ME. (a) Group
1: north-south trending, high-angle strike-slip faults; (b) Group 2: northeast-southwest trending,
high-angle strike-slip faults; (c) Map view of high-quality focal mechanism solutions in ToC2ME.
Gray dots represent the distribution of 21,619 seismic events, with geophone stations (triangles)
positioned around hydraulic fracturing wells (black lines). The colors of the focal mechanisms
correspond to their respective groups, and the size of each focal mechanism reflects its magni-
tude; (d) Group 3: northeast-southwest trending, moderately dipping strike-slip faults; (e) Group
4: high-angle strike-slip faults with strike orientations intermediate between Groups 1 and 2.
Purple circles, green squares, and yellow triangles denote the orientations of maximum principal
stress (σ1), intermediate principal stress (σ2), and minimum principal stress (σ3), respectively.

Section 2.2). The spatial distribution of these high-quality focal mechanisms is shown372

in Fig. 7(c). Based on the strike and dip angles of these high-quality focal mechanism373

solutions, the 2,519 events were categorized into five groups (Fig. 7). Group 1 , consist-374

ing of 462 events, is primarily located to the west of the hydraulic fracturing wells, with375

nodal plane orientations (mean value ± standard deviation) of 4.15° ± 3.88°, closely align-376

ing with the north-south fault orientation (Fig. 7(a)). Group 2 includes 1,648 events, which377

are mainly situated in the middle of the hydraulic fracturing wells, with nodal plane ori-378

entations averaging 25.48° ± 3.04° (Fig. 7(b)). Group 3 comprises 130 events, located379

primarily to the northeast of the hydraulic fracturing wells, with nodal plane orienta-380

tions averaging 15.35° ± 2.19° (Fig. 7(d)). Group 4 contains 205 events, with nodal plane381

orientations averaging 16.84° ± 2.03° (Fig. 7(e)). The remaining 74 events, categorized382

as ”Other,” exhibit focal mechanisms that differ from those of the other four groups. Events383

in Groups 1, 2, and 4 predominantly show strike-slip focal mechanisms with sub-vertical384

planes, with inverted dip angles of 82.4° ± 10.72°, 86.57° ± 5.50°, and 80.54° ± 11.81°385

for Groups 1, 2, and 4, respectively. In contrast, events in Group 3 exhibit slip along a386

more shallow-dipping plane, with an inverted dip angle of 50.71° ± 5.11°.387

Moreover, we conducted stress inversion for each group (Groups 1–4) using the re-388

spective average focal mechanisms, utilizing the stress inversion package described in (Busetti389

et al., 2014; Reches et al., 1992). Previous studies (Shen et al., 2019) reported that the390

average direction of the maximum horizontal compression (SHmax) in Fox Creek, Al-391

berta, is approximately N43°E. This finding aligns well with the general trend of the max-392

imum principal stress directions obtained for each group shown in Fig. 7.393
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4.2 Comparative Analysis of the Existing Catalog394

To assess the reliability of our catalog, we extract 160 common events and com-395

pare focal mechanism consistency between our catalog and that of Yang et al. (2024) (167396

solutions). We employ the Kagan angle (Kagan, 1991), defined as the smallest angle needed397

to rotate the principal axes of one moment tensor to align with those of another (Tape398

& Tape, 2012), to quantify the similarity between corresponding events in both catalogs.399

The deviations for matched events range from 1.56° to 29.37°, with an average Kagan400

angle of 10.07°. Among all 160 common focal mechanisms, 97.5% exhibit Kagan angles401

less than 25° (the uncertainty threshold for quality A focal mechanisms in SKHASH (Skoumal402

et al., 2024)), while all angles remain below 35° (the threshold for quality B focal mech-403

anisms (Skoumal et al., 2024)). These results demonstrate excellent consistency with the404

Yang et al. (2024) catalog, with differences generally within acceptable uncertainty ranges.405

Our catalog also shows significant quantitative improvements in magnitude, tem-406

poral, and spatial distributions. In terms of magnitude distribution, our catalog contains407

more lower-magnitude events. As shown in Fig. 8(a), the peak magnitude (ML) in the408

existing catalog is centered around 0, whereas our catalog peaks at approximately -1.0.409

Moreover, the maximum event count in the existing catalog is approximately 60, whereas410

our catalog reaches nearly 570. Regarding temporal distribution, our catalog records more411

seismic events per day compared to the existing catalog, as shown in Fig. 8(b). In ad-412

dition, a significant gap in seismicity can be observed around November 17, which co-413

incides with two hydraulic fracturing stages (F. Zhang et al., 2022). For spatial distri-414

bution, as shown in Fig. 8(c), our catalog includes a greater number of focal mechanism415

solutions in most regions, enabling the discovery of more detailed fault structures.416

4.3 Fine-scale fault structures revealed by focal mechanisms417

The high-resolution earthquake catalog (F. Zhang et al., 2022) and the improved418

fault mechanism solutions (FMSs) offer enhanced capabilities for detailed characteriza-419

tion of fault zone structures. This study focuses on two clusters: NS-Fault in the west-420

ern part of the study area, and NE-Fault in the eastern part, as shown in Fig. 9.421

4.3.1 Fault Reactivation Mechanisms in the NS-Fault422

The extensive FMSs provide new constraints on fault zone properties and their re-423

activation mechanisms. The FMSs on the NS-Fault can be classified into two major groups:424

N-S trending and NE-SW trending high-angle strike-slip faults. The N-S trending faults,425

which correspond to the group 1 faults shown in Fig. 7(a) and the red circles in Fig. 10,426

exhibit consistent slip behaviors in conjunction with injection, with approximately 180◦
427

orientation. In contrast, the NE-SW trending faults, which correspond to the group 2428

faults shown in Fig. 7(b) and the blue circles in Fig. 10, show systematic differences in429

strike direction from the N-S trending faults and are only activated in the second stage,430

following the occurrence of large earthquakes in group 1.431

To examine the complex triggering mechanism of earthquakes on this N-S fault,432

we conduct a Mohr-Coulomb failure analysis using our high-quality focal mechanisms.433

This requires an accurate constraint on the principle stress tensor. Therefore, we first434

invert for the background stress regime (SHmax azimuth = N53.1°E) using 290 high qual-435

ity FMSs (Skoumal et al., in review). Next, to determine the principal stresses at focal436

depth (about 3.2 km), we utilize the 3D predictive model developed by Shen et al. (Shen437

et al., 2019), which provides stress state distribution over a 150 km × 150 km area cen-438

tered near Fox Creek and encompasses our study area. From this model and available439

borehole measurements at focal depth in the study area (centered at 117.2485°W, 54.3400°N),440

we obtain an intermediate principal stress σ2 of 80.480 MPa and a pore pressure of 55.99441

MPa. The minimum principal stress σ3 is determined to be 65.99 MPa, referring to the442
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Figure 8. Comparison of focal mechanism solutions between this study and the existing
catalog (Yang & Wang, 2024) in ToC2ME. (a) Histogram of event magnitudes for the focal mech-
anism solutions in this study’s catalog (red) and the existing catalog (green). (b) Histogram of
event occurrences over time, showing the temporal distribution of focal mechanism solutions in
both catalogs. (c) Spatial distribution of focal mechanisms, comparing this study’s catalog (red)
with the existing catalog (green). Black triangles indicate station locations, and labeled vertical
lines (A–D) denote wells.
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Figure 9. Spatial distribution of focal mechanism solutions across the study area. Line seg-
ments represent fault strikes, colored by Groups 1–4 (as defined in Fig. 7). Two clusters, NS-
Fault and NE-Fault, are highlighted within the purple dashed frames. Beachballs are plotted for
the larger-magnitude events, specifically those with magnitudes greater than 1.86.

approximate minimum principal effective normal stress value from Zhang et al. (H. Zhang443

et al., 2019). Finally, considering the critical stress state and hydrostatic pressure con-444

ditions of the seismogenic fault (Terakawa et al., 2012), under which the Mohr circle be-445

comes tangent to the Coulomb failure envelope, we determine σ1 to be 86.650 MPa.446

These well-constrained stress parameters enable us to evaluate the failure suscep-447

tibility of different fault groups (Fig. 11). The analysis indicates that NE-SW trending448

faults (Group 2) are theoretically most prone to failure. This is because the average strike449

of Group 2 forms approximately a 28° angle with the SHmax azimuth (see Section 4.1).450

According to the Mohr-Coulomb criterion, the optimal failure angle is 45° - 0.5tan−1µ.451

Using Byerlee’s empirical friction coefficient µ ≈ 0.6, this yields an optimal angle of ∼30°,452

closely matching the differential angle between the strike direction of this fault group and453

the SHmax azimuth (C. Zhang et al., 2024; Byerlee, 1967). However, Group 2 faults be-454

gan to reactivate around November 29, considerably later than other fault groups (Fig. 10),455

which does not correspond to their expected higher failure susceptibility. The possible456

explanations are as follows: Master faults usually have higher cumulative slip than sub-457

sidiary fault zones in strike-slip fault systems (Cembrano et al., 2005). The higher cu-458

mulative slip typically results in thicker and more continuous gouge layers (Scholz, 1987),459

which means more gouge material is present in master faults, causing cohesion degra-460

dation (Giorgetti et al., 2015). Therefore, Group 2 faults (the subsidiary faults) exhibit461

greater cohesion (C) values (Fig. 12(c)). On the other hand, large-displacement faults462

become progressively polished over time (Sagy et al., 2007), which causes Group 1 faults463

(the master faults) to have lower friction coefficients compared to Group 2 faults (Fig. 12(b)).464

Thus, despite Group 2 faults having higher stress states that theoretically make them465
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Figure 10. Correlation within the NS-Fault fault among hydraulic fracturing times for each
well, focal mechanism strikes (normalized to 90°–270°) in the NS-Fault fault, and injection rates.
Circles represent the focal mechanism strikes, with sizes proportional to earthquake magnitudes
and colored according to Groups 1–4 (as defined in Fig. 7). Vertical lines indicate the start times
of hydraulic fracturing for each well (green: Well A, blue: Well B, purple: Well C, red: Well D).
Orange points represent the average injection rate, derived from publicly available daily injection
rate data (Eaton et al., 2018).

more susceptible to failure, their higher cohesion and friction coefficients result in de-466

layed reactivation compared to the master faults.467

The additional Coulomb failure stress (∆CFS) required to trigger Group 2 fault468

reactivation may primarily originate from Coulomb static stress transfer and elevated469

pore fluid pressure (Fig. 12(a)). One possible mechanism may as follows: Around Novem-470

ber 17, increased injection rates (Fig. 10) transported additional fluids through preex-471

isting fracture corridors, elevating fluid pressure and triggering larger earthquakes (Igonin472

et al., 2021). Simultaneously, residual fluids from the first hydraulic fracturing stage (Oc-473

tober 26 to November 16, 2016) lubricated the faults, pushing the system toward a crit-474

ical state. An earthquake with magnitude ML > 3 and distinct fault topology (B. Q. Li,475

2025) subsequently occurred, inducing Coulomb static stress transfer that created favor-476

able conditions for activating secondary faults approaching critical stress states. Notably,477

all secondary faults (Group 2 and Group ”Other”) are located in regions of positive ∆CFS478

(B. Q. Li, 2025), supporting their increased likelihood of reactivation. However, solid ev-479

idence for the fluid conduits presented here remains limited. Moreover, the NS-Fault clus-480

ter is predominantly characterized by a fault system comprising two distinct groups. Group481

1 faults trend north-south and constitute the primary fault zones with an average strike482

of 4.15°, acting as major structural features. Group 2 faults trend northeast-southwest483

with an average strike of 25.48° and function as secondary splay faults that intersect the484

primary structures at oblique angles, forming characteristic en-echelon patterns. Signif-485

icant variations in focal mechanism strikes are observed along the major fault zones of486

the NS-Fault cluster (Fig. 9), likely corresponding to Riedel shears within bounded shear487

conduits (Weir et al., 2022).488
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Figure 11. Mohr-Coulomb failure stress analysis on NS-Fault area. Mohr circle diagram
showing stress conditions in the study area. Blue circles represent the stress state of Group 2
faults trending northeast-southwest, red circles represent the stress state of Group 1 faults trend-
ing north-south, and yellow circles represent the stress state of Group ”Other” fault groups,
according to (Fig. 7). Dashed lines indicate reference lines for the Coulomb failure stress (∆CFS)
required for failure.

Figure 12. Schematic representation of fault reactivation mechanisms in the NS-Fault area.
(a) shows the fault structure schematic of the western major fault and its triggering process (the
combined effect of pore fluid pressure and Coulomb static stress), which causes the reactivation
of Group 2 faults. The red represents Group 1 north-south striking strike-slip faults, while the
yellow and blue faults represent Group 2 faults trending northeast-southwest and Group ”Other”
fault groups, respectively. The stars represent main earthquakes (M > 3), and the blue and
red shadows show the influence range of Coulomb static stress (the red part indicates positive
∆CFS, and the blue part shows negative ∆CFS (B. Q. Li, 2025)). On the right side of Figure
(a), the pore-fluid pressure is shown, whose increase during injection phases causes the reacti-
vation of these faults. Question mark represents that the fluid conduits here are still uncertain.;
(b) represents the Mohr-Coulomb failure stress analysis where the friction coefficient (µ) of the
Group 2(blue) is higher; (c) shows the case where the cohesion (C) of the Group 2(blue) faults is
greater.
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4.3.2 Fluid Diffusion Process in NE-Fault489

In the northeastern part of the study area (NE-Fault), to gain a more comprehen-490

sive understanding of fault activation, we relaxed the constraints on the focal mechanism491

solutions, requiring that the maximum azimuthal gap between adjacent stations be less492

than 40 degrees and that the quality rating from the SKHASH output be classified as493

A or B. As a result, we identified 913 focal mechanism solutions within NE-Fault, along494

with 156 low-dip faults.495

Low-dip faults are characterized by increased down-dip extent and reduced nor-496

mal stress, resulting in higher integrated fluid flux values relative to steep faults (Ford497

et al., 2009). Therefore, we initially regard low-dip faults as the primary conduits for fluid498

diffusion. Fluid pore pressure transfer plays a crucial role in fault activation, and these499

faults likely serve as preferential pathways due to their broader permeable zones result-500

ing from increased fault-fluid contact areas. To test this hypothesis, we analyze the spa-501

tiotemporal distribution of low-dip faults in relation to the characteristic diffusion dis-502

tance in a two-dimensional diffusion process (Fig. 13), which is given by:503

D =
√

4πdt (1)

where D represents the fluid diffusion front, with the location of the earliest recorded504

seismic event serving as the initial reference point. The parameter d denotes the diffu-505

sion coefficient (m2/s), and t represents the time elapsed since the earliest recorded seis-506

mic event. We compare potentially reasonable diffusion coefficients within the range of507

0.01 to 0.1 m2/s. The best-fit diffusion coefficient is determined to be 0.0316 m2/s, which508

encompasses almost all the low-dip fault locations.509

Furthermore, given that fluid pressure along with fluid diffusion is considered a pri-510

mary mechanism for fault activation (Igonin et al., 2021), we present the fluid diffusion511

sequences for six distinct faults in NE-Fault, highlighting key moments of their activa-512

tion, as shown in Fig. 14. The main activation process began on November 20, when fluid513

first reached the southwestern part of Fault 1. This initial fluid arrival subsequently trig-514

gered the activation of Faults 2, 3, 4, 5, and 6 as the diffusion progressed (Fig. 15). No-515

tably, Fault 3 appears to act as a ”transfer station,” facilitating fluid diffusion both east-516

ward (toward Faults 4 and 5) and westward (toward Fault 6). This behavior may be at-517

tributed to the complex structure of its low-dip fault system (Fig. 15). Consequently,518

the activation of Faults 1, 2, 4, and 5 likely propagated from southwest to northeast, while519

Fault 6 exhibited an opposite activation direction, from northeast to southwest (Fig. 15).520

Moreover, a dense cluster of seismic events occurred in a short period north of Fault 1.521

This localized seismic activity may have resulted from poroelastic stress transfer, fur-522

ther contributing to fault instability.523

Based on these observations, we propose the following fluid diffusion process in NE-524

Fault: During the first stage of hydraulic fracturing (i.e., 26 October to 16 November 2016),525

well C injected fluid (Fig. 10), causing the fluid to migrate along a southwest-to-northeast526

trending fracture network. The fluid reached the large NS-Fault fault to the west (Sec-527

tion 4.3.1), but its eastward influence remained limited. Meanwhile, the fluid continued528

migrating eastward, eventually reaching the NE-Fault fault system. This process weak-529

ened the fault strength, although it might not immediately trigger activation. During530

the second stage of hydraulic fracturing (17 November to 30 November), increased fluid531

pore pressure resulting from additional fluid injection and poroelastic stress transfer fur-532

ther destabilized the pre-weakened faults, rendering them highly susceptible to activa-533

tion. (Fig. 15).534
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Figure 13. Spatiotemporal fluid diffusion fit for low-dip faults in NE-Fault. The dark blue
dots represent the triggering times and spatial distribution of low-dip faults in NE-Fault, with
the initial time and location corresponding to the earliest recorded seismic event. The blue
dashed line represents a fluid diffusion rate of 0.01 m2/s, the red dashed line represents a fluid
diffusion rate of 0.0316 m2/s (the best fit for fault triggering), and the yellow dashed line repre-
sents a fluid diffusion rate of 0.1 m2/s.
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Figure 14. Sequential earthquake activation process in NE-Fault. Panels (a)–(f) illustrate the
key moments marking the initiation of fault activation for Faults 1–6 as time progresses. Blue
dots represent earthquakes that have been triggered, while gray dots indicate those that have not
yet been activated. Low-dip faults are depicted, acting as fluid diffusion conduits that facilitate
the activation process.

Figure 15. Schematic representation of the fluid diffusion process in NE-Fault. Fluid ini-
tially travels through the fluid conduits to the NE-Fault. ”Stage 1” illustrates the process of
fault strength weakening, while ”Stage 2” depicts the destabilization of these weakened faults due
to increased fluid pore pressure or poroelastic stress transfer. The circles (both red and green)
represent earthquakes, with the circle size corresponding to the magnitude. Blue arrows indicate
the direction of fluid diffusion within each fault, while red arrows represent the fluid diffusion
direction between faults 1-6. On the right side, low-dip faults are shown, acting as fluid conduits
in NE-Fault, with faults 3, 4, and 6 as examples. Based on extensive FMS data, low-dip faults
are located beneath or within faults 3, 4, and 6, where high-dip angle faults also occur. The cor-
responding beachball plots are shown in the side view.
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5 Conclusion535

In this study, we developed a more comprehensive catalog of focal mechanism so-536

lutions in Western Canada using the Micro-EQpolarity model. This machine learning-537

based model, designed for determining microseismic P-wave first-motion polarity, lever-538

ages a transfer learning approach. The Micro-EQpolarity model achieved exceptional ac-539

curacy (>99%) on microseismic datasets, which are often characterized by low signal-540

to-noise ratios and smaller magnitudes. Based on this model, we developed an efficient541

workflow for automatically solving focal mechanisms. This led to the successful inver-542

sion of 2,519 high-quality focal mechanism solutions, producing a catalog more than four543

times larger than those from previous studies. These massive, high-fidelity focal mech-544

anisms enabled the identification of four distinct focal mechanism types and extended545

the analysis to events with magnitudes as low as -1.4.546

Furthermore, the resulting extensive and high-quality focal mechanisms reveal the547

detailed structure of re-activated faults in Western Canada, providing insights into the548

mechanisms of NS-Fault earthquake triggering and the fluid diffusion process in NE-Fault.549

In the NS-Fault cluster, our analysis reveals two possible reactivation mechanisms based550

on Mohr-Coulomb failure analysis. Despite Group 2 faults (trending northeast-southwest551

at ∼25.48°) being theoretically most susceptible to failure due to their optimal ∼28° an-552

gle with SHmax (N53.1°E), they exhibited delayed reactivation until November 29. This553

suggests: (1) higher friction coefficients due to structural immaturity of fault intersec-554

tions lacking well-developed gouge layers and exhibiting rougher surfaces, and (2) en-555

hanced cohesion from complex fracture networks with tightly interlocked angular clasts556

providing geometric resistance. Fault reactivation was driven by combined effects of Coulomb557

static stress transfer from a ML > 3 earthquake and elevated pore-fluid pressure from558

increased injection rates around November 17, with all secondary faults located in re-559

gions of positive ∆CFS. As for the NE-Fault cluster, the two-stage hydraulic fracturing560

continuously facilitated the propagation of fluid into the NE-Fault cluster. Initially, fluid561

reached the southwestern part of Fault 1 and then propagated to Faults 2, 3, 4, 5, and562

6 (Fig. 15), where Fault 3 appears to function as a “transfer station,” facilitating fluid563

diffusion both eastward and westward, with low-dip faults acting as fluid conduits.564

6 Data and Resources565

The waveforms, trimmed to 5 seconds before and 5 seconds after the P-wave ar-566

rival time in the ToC2ME dataset, are available at https://zenodo.org/records/14185578.567

The online repository for the Micro-EQpolarity project can be found on GitHub: https://568

github.com/chenyk1990/jiachenToc2Me.569
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Figure S1. Strike-slip fault combining station projections with corresponding wave-

forms. The left panel displays a focal mechanism where red upward triangles indicate

stations recording upward polarities and green downward triangles show downward po-

larities. The right panels present waveform data from 4.6-5.4s, with red and green traces

matching their corresponding station polarities, arranged azimuthally from top to bottom

and left to right.
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