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a b s t r a c t

Passive microseismic monitoring (PMM) serves as a fundamental technology for assessing hydraulic 
fracturing (HF) effectiveness, with a key focus on accurate and efficient phase detection/arrival picking 
and source location. In PMM data processing, the data-driven paradigm (deep learning based) out
performs the model-driven paradigm in characteristic extraction but lacks quality control and uncer
tainty quantification. Monte Carlo Dropout, a Bayesian uncertainty quantification technique, performs 
stochastic neuron deactivation through multiple forward propagation samplings. Therefore, this study 
proposes a deep learning neural network incorporating uncertainty quantification with manual quality 
control integration, establishing an optimized workflow spanning automated phase detection to robust 
source location. The methodology implementation comprises two principal components: (1) The MD- 
Net employing Monte Carlo Dropout strategy enabling simultaneous phase detection/arrival picking 
and uncertainty estimation; (2) an integrated hybrid-driven workflow with a traveltime-based inversion 
method for source location. Validation with field  data demonstrates that MD-Net achieves superior 
performance under low signal-to-noise ratio conditions, maintaining detection accuracy exceeding 99% 
for both P- and S-waves. The phase arrival picking precision shows significant improvement, with a 40% 
reduction in standard deviation compared to the baseline model (P-S time difference decreasing from 
12.0 ms to 7.1 ms), while providing quantifiable  uncertainty metrics for manual calibration. Source 
location results further reveal that our hybrid-driven workflow  produces more physically plausible 
event distributions, with 100% of microseismic events clustering along the primary fracture expanding 
direction. This performance surpasses traditional cross-correlation methods and single/multi-trace 
data-driven methods in spatial rationality. This study establishes an interpretable, high-precision 
automated framework for HF-PMM applications, demonstrating potential for extension to diverse 
geological settings and monitoring configurations.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This 
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc- 

nd/4.0/).

1. Introduction

Recently, significant progress has been made in the exploration 
and development of unconventional oil and gas resources globally, 

especially reservoirs like tight sandstones and shales, which have 
gradually become important exploration areas (McGlade et al., 
2013; Zheng et al., 2018). Among the newly developed reservoir 
modification  technologies, hydraulic fracturing (HF) enhances 
hydrocarbon recovery by injecting high-pressure fluids  into un
derground formations, creating fracture networks that alter local 
stress fields  (Li et al., 2015, 2019; Bao and Eaton, 2016). These 
stress perturbations induce rock failures along pre-existing or 
newly formed fractures, generating microseismic events. The 
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spatiotemporal distribution of these events directly reflects  the 
propagation and complexity of HF-induced fractures. Passive 
microseismic monitoring (PMM) thus serves as a critical tool for 
evaluating HF effectiveness, enabling the characterization of 
fracture geometry, fluid  migration pathways, and stimulated 
reservoir volume (SRV) (Maxwell and Urbancic, 2001). Downhole 
PMM captures signals by arranging multiple receivers in one or 
multiple monitoring wells adjacent to the treatment well, which is 
considered to be the most reliable monitoring method due to the 
proximity of the monitoring system to seismic source, low envi
ronmental noise, and high signal-to-noise ratio (SNR). Notably, 
while various unconventional reservoirs exhibit distinct litholog
ical properties, reservoir types share critical commonalities in HF 
applications: ultralow permeability necessitating artificial fracture 
networks, stress-dependent fracture propagation behaviors, and 
microseismic signal attenuation characteristics. These common
alities validate their consolidated analysis in the PMM framework.

The comprehensive processing and interpretation of micro
seismic data constitutes the core of PMM, and its task lies in the 
analysis of useful signals/noises and the precise location of seismic 
sources. Currently, the mainstream microseismic data processing 
methods can be divided into two types according to whether they 
rely on the detection of vaild seismic phase: traveltime-based and 
waveform-based inversion methods (Pesicek et al., 2014; Li et al., 
2020). For the traveltime-based inversion method, the kinematic 
parameters are used as constraints and optimization algorithms (e. 
g., nonlinear inversion or global search) are applied to realize the 
source location by constructing the objective function of the re
siduals between theoretical traveltimes and observed values 
(Jones et al., 2014). Microseismic signals with significantly  high 
SNR in downhole observation provide a favorable condition for the 
phase detection and arrival picking, and thus the traveltime-based 
inversion method is highly applicable in such scenarios. Studies 
has demonstrated that the accurate phase detection (classification 
task) and arrival picking (regression task) with consistent stan
dards significantly enhances the reliability of subsequent source 
location and fracture network inversion. A series of algorithms 
have been proposed and modified  with improvement strategies 
focusing on: (1) constructing and optimizing objective detection 
functions in terms of energy distribution, spectral characteristics, 
polarization attributes, statistical properties and waveform simi
larity (Akram and Eaton, 2016; Shang et al., 2022); (2) constructing 
multi-attribute joint detection strategies to enhance characteristic 
differences; (3) implementing noise suppression preprocessing to 
improve SNRs (Mousavi and Langston, 2017); (4) using the wave
form similarity characteristics among receivers (Tan and He, 2016; 
Bergen and Beroza, 2019); and (5) correlation detection of strong 
energy events based on template matching (Meng et al., 2018). 
These algorithms are all constructed with physics priori and 
characteristic parameterization, which could generally refer to as 
the model-driven paradigm. However, the limitations of this 
paradigm are restricted feature extraction capability, empirical 
dependence on parameter tuning, and insufficient generalization 
capability.

Recent advancements in emerging observation technologies 
have precipitated exponential growth in seismic monitoring 
datasets. Meanwhile, innovations of GPU-accelerated parallel 
computing have made quantum improvements in the training 
efficiency  of deep learning (DL) models. Therefore, the data- 
driven paradigm based on adaptive data mining and modeling 
have made great progress (Bergen et al., 2019; Yu and Ma, 2021; 
Kong et al., 2019; Anikiev et al., 2023). In seismic phase detection 
and arrival picking tasks, the data-driven paradigm achieves 
optimal performance compared to other geophysical scenarios. 
The clear pattern recognition characteristics of this task 

combined with the availability of extensively well-labeled data
sets enable direct implementation of mature DL architectures, 
including Convolutional Neural Networks (CNN), Recursive Neu
ral Networks (RNN), U-Net, and Transformer, etc (Perol et al., 
2018; Ross et al., 2018; Zhou et al., 2019; Mousavi et al., 2020; 
Zhu and Beroza, 2019; Zhang et al., 2021). In the source loca
tion task, the data-driven paradigm establishes end-to-end cor
relation models between seismic waveforms and spatial 
coordinates through the powerful nonlinear mapping capability 
of DL, effectively avoiding the complex forward modeling and 
iterative inversion of traditional methods. The typical applica
tions include waveform-based fast location, source parameter- 
velocity structure joint inversion, etc. (Zhang et al., 2020; 
Wamriew et al., 2022). In addition, these methods have shown 
potential applications in seismic data denoising, focal mechanism 
resolution, first-motion  polarity determination, magnitude pre
diction, and tectonic interpretation et al. (Kuang et al., 2021; Hu 
et al., 2021; Chen et al., 2024; Navarro-Rodríguez et al., 2025). 
Nevertheless, the data-driven paradigm has significant  limita
tions: (1) the performance drops dramatically in data-scarce 
scenarios; (2) the black-box nature of pure data-driven para
digm leads to a lack of physical guidance and manual quality 
control; (3) the current research overly pursues the optimization 
of accuracy metrics while ignoring uncertainty quantification, 
model interpretability and other key issues, which seriously 
constrains the application of practical data processing.

Some researchers have begun to focus on the above limita
tions in geophysics fields (Wu et al., 2023; Zhou et al., 2025; Lan 
et al., 2023; Sun et al., 2024). Mousavi and Beroza (2020) pro
posed a single-earthquake location DL method based on Bayesian 
framework for uncertainty estimation. Sun et al. (2021) devel
oped a hybrid training network by minimizing a data-driven 
model misfit  and a physics-guided data residual simultaneously 
to determine subsurface elastic property. Wu et al. (2023, 2024)
developed a fast Bayesian inversion of airborne electromagnetic 
data based on the invertible neural network (INN) for uncertainty 
evaluation and physics-guided neural network (PGNN) to mine 
physical constraint information for the inversion. However, 
existing methods mainly rely on data recordings from historical 
geophysics catalogs for model training, consequently exhibiting 
inadequate adaptability to the domain-specific  requirements of 
HF monitoring scenarios. Furthermore, these methods neglect the 
inherent methodological disparities between data-driven and 
model-driven paradigms in establishing multi-stage processing 
workflow.

To address the above issues, this study proposes a compre
hensive optimization framework integrating data-driven and 
model-driven paradigms, designed as a full-workflow  solution 
with manual quality control specifically  for the downhole PMM 
scenario in HF. Firstly, one robust DL model for seismic phase 
detection and arrival picking are adaptively constructed in order to 
maximize the automatic mapping advantage of the data-driven 
paradigm. A 2D U-Net processes multi-trace data as 3D volumes, 
enabling joint learning of “Intra-trace” waveform characteristics 
and “Inter-trace” phase arrival correlations. We employ the Monte 
Carlo Dropout strategy (MC-Dropout) to introduce the Bayesian 
uncertainty quantification  (Gal and Ghahramani, 2016). This 
design achieves enhanced phase detection completeness and 
arrival picking accuracy, while generating confidence metrics for 
manual calibration. Secondly, based on the significant advantage 
of the model-driven paradigm in dealing with geophysical prob
lems with sparse data and clear mechanisms, the subsequent ve
locity model construction and source location are performed using 
the traveltime-based inversion method to improve the reliability 
of the full-workflow.
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2. Methodology

Microseismic data processing exhibits inherent nonlinearity 
characteristics and high uncertainty, convolutional data-driven 
paradigm based on point estimation is difficult  to effectively 
capture uncertainty information, consequently diminishing 
interpretability of prediction results. To address above limita
tions, it is of great value to systematically carry out the uncer
tainty source analysis of the DL-based method and realize the 
uncertainty quantification.  In this section, we first  construct a 
data-driven framework integrating uncertainty quantification 
strategy for phase detection and arrival picking, and then form a 
hybrid-driven workflow  for comprehensive microseismic data 
processing.

2.1. Uncertainty-aware DL framework for phase detection and 
arrival picking

Microseismic events induced by HF are usually characterized by 
low energy magnitude and high waveform similarity with ambient 
noise, consequently enhancing detection sensitivity becomes 
paramount, particularly for low SNR events. Currently, in the field 
of artificial intelligence (AI) seismology, the application of DL for 
seismic phase detection and arrival picking has gained wide aca
demic and industrial recognition compared to other application 
scenarios. This comparative advantage originates from two key 
factors: (1) the inherent similarity between seismic phase detec
tion tasks and computer vision-based pattern recognition, 
enabling straightforward migration of mature algorithms that 
significantly reduce the technical barriers of model construction; 
and (2) the availability of substantial labeled samples that facili
tate training supervised machine learning models with strong 
generalization abilities. Meanwhile, regarding downhole micro
seismic monitoring systems, research focusing on DL-based model 
constructions and associated scientific  issues has emerged as a 
critical direction.

2.1.1. Monte Carlo Dropout strategy
Uncertainty primarily encompasses two types in DL (Fig. 1): 

epistemic uncertainty and aleatoric uncertainty (Kiureghian and 
Ditlevsen, 2009). The former stems from the model's limited 
knowledge and can be mitigated by enhancing the model archi
tecture or expanding training data, while the latter arises from 
inherent noises or ambiguity in the data, requiring explicit incor
poration of uncertainty quantification  during model design. The 
distinction between these two uncertainties in a regression 
framework is illustrated in Fig. 1(a). The black dashed curve rep
resents the ground-truth function y = f (x). Blue error bars denote 
observed data points contaminated with Gaussian noises, char
acterizing aleatoric uncertainty inherent to measurement pro
cesses. The gray shaded area delineates the 2σ confidence interval 
of a model's predictions, reflecting epistemic uncertainty due to 
incomplete knowledge. The uncertainty peaks near x = 5, simu
lating a localized knowledge gap (e.g., sparse training data or 
model inadequacy). Critically, aleatoric uncertainty persists glob
ally as irreducible noises, while epistemic uncertainty diminishes 
with improved models or additional data. Consequently, our 
research focuses on quantifying the latter through systematic 
analysis.

Dropout is a widely adopted regularization technique in DL, 
first  proposed by Srivastava et al. (2014) as a means to mitigate 
overfitting  in neural networks. The core principle involves the 
stochastic deactivation of neurons during the training phase, 
where each neuron in a fully connected layer is temporarily 

dropped with a predefined probability p. This process introduces 
randomness that prevents the DL model from becoming overly 
dependent on specific  neurons or local features, thereby 
improving its generalization performance.

Mathematically, for a neural network layer l (totally L) with 2D 

weight matrix W(l) ∈ Cm×n, input H(l− 1) and bias vector b(l), the 

conventional output H(l) can be denoted as: 

H(l) = σ
(

W(l)H(l− 1) +b(l)
)

(1) 

where σ is the activation function. Then, the above form of dropout 
is modified  by element-wise multiplication with a Bernoulli- 
distributed mask Φ(l): 

HD
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(
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Φ(l) ∼ Bernoulli(1 − p)

(2) 

Here, ⊙ denotes the Hadamard product (element-wise multipli
cation), where each entry of the resulting matrix is the product of 
the corresponding entries in W(l) and Φ(l). During training, the 
mask is regenerated for each mini-batch, creating an ensemble 
effect where the network effectively learns multiple subnetworks 
simultaneously. The theoretical foundation of dropout can be 
interpreted through two complementary perspectives:

(a) Co-adaptation prevention: By disrupting fixed interaction 
patterns between neurons, dropout forces individual units 
to develop robust features independently of specific 
collaborators.

(b) Implicit model averaging: The training process approxi
mates the optimization of an ensemble of multiple sub
networks, effectively performing approximate Bayesian 
marginalization over network structures.

Monte Carlo Dropout is an extension of the traditional dropout 
technique, proposed by Gal and Ghahramani (2016). Its core idea 
lies in extending the stochastic deactivation mechanism from the 
training phase to the prediction phase, enabling approximate 
Bayesian inference through multiple forward propagation sam
plings to quantify prediction uncertainty. Formally, this corre
sponds to learning a variational distribution that minimizes the KL 
divergence from the true parameter posterior. Fig. 1(b) illustrates 
the difference between dropout and MC-Dropout strategies during 
the training and prediction phases. Unlike dropout, which is only 
active during training, MC-Dropout retains stochastic neuron 
deactivation during prediction, forming a Monte Carlo estimation 
of the posterior distribution.

Let the trained neural network parameters (weight matrix W 
and bias b) operate on the input x. In traditional inference, the 
output Н(L) is computed via deterministic forward propagation. In 
contrast, MC-Dropout generates independent Bernoulli masks 
during each forward pass and repeats sampling T times. The pre
dictive distribution is denoted as: 
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HMD
(L)(t) = σ(HMD|x;W(t);b(t))

W(t) = W ⊙ ε(t)
(3) 

where W(t) and b(t) represent the stochastic weights and bias for 
the t-th sampling, respectively. The mean (Me) and standard de
viation (Sd) of the output HMD can be calculated as: 

Me(HMD) ≈
1
T

∑T

t=1

HMD
(L)(t);

Sd(HMD) ≈

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
T

∑T

t=1

(
HMD

(L)(t) − Me(HMD)
)2

√
√
√
√

(4) 

2.1.2. MD-Net
The U-Net model, a convolutional neural network architecture, 

was initially proposed by Ronneberger et al. (2015) for biomedical 
image segmentation tasks, demonstrating remarkable sensitivity 
in detecting edge features. Analogous to image segmentation, the 
phase detection and arrival picking of P-waves and S-waves can be 
conceptualized as a multi-class classification  optimization prob
lem. Within this framework, each sampling point in seismic 
waveforms should be categorized into one of three classes: P- 
wave, S-wave, or noise. Our study aims to achieve accurate clas
sification of all sampling points while detecting edge characteris
tics at the boundaries between noise and valid seismic phases 
effectively, thereby enabling precise determination of phase 
arrival times. Based on the U-Net, we propose a new framework 
named MD-Net (Monte Carlo Dropout-Net) which constructs a 
feature-enhanced model using multi-trace microseismic re
cordings. By inputting target multi-trace waveform data into this 

established model, the workflow  of phase detection and arrival 
picking can be finished automatically.

The network architecture of MD-Net is illustrated in Fig. 2(a). 
The model takes multi-trace segmented waveforms extracted 
from continuous microseismic recordings as input units, where 
three channels correspond to two horizontal components (E–W 
and N–S) and one vertical component (Z) of waveforms. The output 
layer generates probability distribution maps with identical di
mensions to the input layer, comprising three independent chan
nels representing probability distributions for P-wave, S-wave, and 
noise, respectively. Structurally, both input and output data are 
organized as 3D tensors of size N × M × K. The first dimension (N) 
denotes the “Intra-Trace” dimension, specifying the number of 
sampling points per trace, which should theoretically ensure 
complete inclusion of double-phase seismic events (e.g., full 
waveforms of both P- and S-phases). The second dimension (M) 
represents the “Inter-Trace” dimension, indicating the number of 
traces for joint processing, with its value determined by the actual 
spatial arrangement of receivers in the observation system. The 
third dimension (K) corresponds to the “Channel” dimension, 
representing three-component seismic recordings (two horizontal 
components and one vertical component), hence maintaining a 
fixed value of 3.

The MD-Net architecture is composed of symmetrical encoding 
and decoding paths, implementing hierarchical feature extraction 
and reconstruction through multiple downsampling and upsam
pling stages. The encoding path consists of five cascaded down
sampling stages, each containing a convolutional layer and a 
pooling layer: (a) The 2D convolutional layer employs multiple 
convolutional kernels to extract spatiotemporal features. Convo
lution operations along the first  dimension (temporal axis) and 
second dimension (spatial axis) jointly model “Intra-Trace” 
waveform characteristics and “Inter-Trace” phase arrival 
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Fig. 1. Uncertainty characterization in DL: (a) aleatoric vs epistemic uncertainties and (b) dropout/MC-Dropout strategies during the training and prediction phases.
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correlations. (b) The max-pooling layer performs spatial down
sampling on feature maps, preserving salient features while stra
tegically reducing spatial resolution to control parameter growth. 
All convolutional kernels are configured with a size of (10, 2). The 
pooling factor is set to (5, 1) for the first two pooling layers and (2, 
1) for the subsequent three layers. Through the decoding path, the 
single-channel sampling resolution of input data is progressively 
reduced to 1/200 of the initial value (N/200). To compensate for 
information loss, the network implements a channel expansion 
strategy synchronously to increase feature channels from 3 to 128. 
Each upsampling stage in the decoding path contains a transposed 
convolutional layer and a feature fusion layer: (a) Spatial di
mensions are restored by the transposed convolution operation 
through deconvolutional kernels, with magnification  factors 
strictly equivalent to the corresponding pooling factors in the 
encoding path. (b) The skip connection operation for feature fusion 
establishes cross-layer feature reuse by concatenating the same- 
scale feature maps from the downsampling and upsampling 
stages, ultimately constructing an end-to-end encoder-decoder 
architecture analogous to the U-Net framework. The deconvolu
tional kernels maintains parameter symmetry with convolutional 
kernels (kernel size = (10, 2)) to progressively recover the feature 
map to the original spatial resolution (N × M × K). All convolu
tional and deconvolutional convolutional layers employ ReLU 
nonlinear activation functions (Glorot et al., 2011). Finally, a Soft
max layer converts the output into a probability distribution 
within the interval [0, 1]. The specific functional form adopted in 
this study is: 

qi(label)= Softmax(Z) =
eZi(label)

∑3
j=1eZj

(5) 

where Zi denotes the input value at the i-th sampling point of the 
Softmax layer. The labels 1–3 correspond to the P-wave, S-wave, 
and noise channels respectively, with q representing the output 
probability distribution among these three channels.

Consistent with the output probability distribution q, the 
sample labels also adopt probability distributions for the P-wave, 
S-wave, and noise channels. For samples including P- or S-wave 
arrivals requiring simultaneous phase detection and arrival pick
ing, the three-channel probability distributions p(P), p(S), and p(N)

are defined  using manual phase arrival pickings as reference 
standards. Taking a typical single-trace double-phase sample label 
(Fig. 2(b)) as an example, we account for potential inaccuracies in 
manual phase arrival pickings (represented by red vertical lines in 
the figure: solid for P-wave arrival, dashed for S-wave arrival). The 
P-wave and S-wave labels are designed as Gaussian probability 
distributions centered at their respective arrivals (μ(P) for P-wave, 
μ(S) for S-wave), with standard deviations σ(P) and σ(S). The for
mulas for p(P), p(S), and p(N) at the i-th sampling point are given 
by: 
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

pi(P) = exp

(

−
(i − μ(P))2

2σ(P)2

)

pi(S) = exp

(

−
(i − μ(S))2

2σ(S)2

)

pi(N) = 1 − pi
ʹ(P) − pi

ʹ(S)

(6) 

For noise samples, they just need to be detected correctly. Thus, we 
set p(P) = 0, p(S) = 0, and p(N) = 1.

To integrate the Monte Carlo Dropout strategy into the network 
for uncertainty estimation, we introduce five dropout layers after 
each pooling operation in all downsampling stages and after skip 

connection operations in all upsampling stages. During both 
training and prediction phases of the MD-Net model, the dropout 
layers must remain activated (Gal and Ghahramani, 2016). The 
dropout rate directly influences  the sensitivity of uncertainty 
estimation. If set too high, the model may become overly conser
vative, potentially obscuring genuine seismic phase characteristics 
(e.g., weak P-wave signals). Conversely, if set too low, the model 
may fail to adequately capture uncertainty caused by noise inter
ference, thereby reducing robustness for low SNR events. Gener
ally, low-SNR samples require higher dropout rates. In practice, 
differentiated dropout rates should be implemented based on 
model complexity and dataset qualities with varying SNR levels.

During training of the MD-Net model, a loss function is defined 
to quantify the discrepancy between model outputs and sample 
labels, with the optimization objective of minimizing this function. 
For the multi-class classification task in this study (identifying P- 
wave, S-wave, and non-phase noise in seismic waveforms), the 
standard categorical cross-entropy loss combined with a Softmax 
activation function can measure the discrepancy between the 
predicted probability distribution and true labels, expressed as: 

Lp;q = −
∑

label

∑

i

pi(label) ⋅ log qi(label) (7) 

However, this task suffers from a severe class imbalance issue: 
non-phase noise segments dominate the waveform data (e.g., in 
double-phase events shown in Fig. 2(b), P- and S-wave phases 
constitute ~10%, while noise accounts for ~90%). To address this, 
we propose a weighted cross-entropy loss function that dynami
cally assigns distinct weighting factors to phase and non-phase 
segments, thereby increasing the penalty for errors in phase seg
ments to enhance the loss function's sensitivity to phase-related 
discrepancies (Fig. 2(b)). The loss function L is formulated as: 

Lp;q = L(P)p;q + L(S)p;q + L(N)
p;q (8) 

where the sub-terms are defined as: 
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

L(P)p;q = −
∑

i

[λ0⋅pi(P)⋅log qi(P) + λ1⋅(1 − pi(P))⋅log(1 − qi(P))]

L(S)p;q = −
∑

i

[λ0⋅pi(S)⋅log qi(S) + λ1⋅(1 − pi(S))⋅log(1 − qi(S))]

L(N)
p;q = −

∑

i

[λ1⋅pi(N)⋅log qi(N) + λ0⋅(1 − pi(N))⋅log(1 − qi(N))]

(9) 

Here, λ0 and λ1 are dynamic weighting factors with λ0 > λ1, 
ensuring that prediction errors for phase segments (P- and S- 
waves) contribute more significantly to the total loss.

For a microseismic input sample, performing T forward prop
agation processes during prediction phase yields T output volumes 
with dimensions N × M × 3 (Fig. 2(c)). The final probability dis
tribution is derived by computing Me and Sd across these outputs. 
Key points of MD-Net include:

(a) Phase detection: For one microseismic channel of a sample, 
we record the maximum value of the mean distribution and 
its corresponding sampling point position. For a sample, we 
compare the maximum values of the P-wave and S-wave 
mean probability distributions against preset thresholds to 
classify events as double-phase, single-phase, or noise. The 
setting of thresholds for P-wave and S-wave detection is 
critical. Excessively high thresholds may result in the 
misclassification of low SNR seismic phases as noise, while 
overly low thresholds could erroneously detect noise events 
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as valid seismic signals. The specific  values for thresholds 
must be determined through case-by-case analysis, tailored 
to the specific characteristics of datasets and scenarios.

(b) Phase arrival picking: For one double-phase (including P- 
wave and S-wave) or single-phase event (including only P- 
wave or S-wave), the position corresponding to the 
maximum value in the mean probability distribution is 
defined as the predicted phase arrival time. The theoretical 
foundation lies in the fact that the statistical average of 
multiple sampling results can effectively suppress random 
noise interference, causing the position of the probability 
peak to converge towards the true arrival time.

(c) Uncertainty awareness: The interval U = [Me− Sd, Me + Sd] 
provides a quantitative estimate of prediction uncertainty 
for each valid seismic phase. The range of U reflects  the 
magnitude of uncertainty for the prediction results. By 
overlaying U onto microseismic waveforms, we can distin
guish among “high-uncertainty phase arrivals” (likely 
caused by noise interference) and “low-uncertainty phase 
arrivals” (enough reliable seismic phases). By utilizing the 
acquired uncertainty information, we can improve the ac
curacy of phase arrival picking through manual calibration 
of model prediction results. Furthermore, applying the 
calibrated results to subsequent inversion processes con
tributes to enhancing the reliability of source location.

2.2. Workflow optimization for source location

The traditional model-driven paradigm suffer from inherent 
limitations due to their heavy dependence on a priori knowledge 
and oversimplification  of complex geological conditions. In 
contrast, the data-driven paradigm significantly  improve perfor
mance in complex scenarios by learning implicit patterns from 
large-scale datasets. Nevertheless, traditional paradigm can still be 
useful in interpretable and small-sample scenarios in combination 
with data-driven paradigm. The comparison of different para
digms is summarized in Table 1.

In PMM, rapid phase detection, arrival picking, and event 
location are needed and its core objective is to establish an auto
mated processing workflow  that is efficient,  accurate, and has 
minimal human experience intervention. The MD-Net proposed in 
Section 2.1 can be automatically built to establish a mapping 
relationship between microseismic waveforms and detection/ 
arrival picking results, realizing real-time processing of continuous 
recordings. On this basis, this study innovatively proposes a source 
location workflow  that integrates data-driven and model-driven 
paradigms, taking into account the temporal characteristics of 
data acquisition. As shown in Fig. 3, for the phase detection and 
arrival picking tasks, the pure data-driven paradigm is adopted; for 
the subsequent tasks (velocity modeling, polarization analysis and 
source localization), the model-driven paradigm based on 
traveltime-based inversion method is adopted because the 

existing data-driven paradigm for these tasks are not mature 
enough. The specific steps are as follows:

(1) Initial dataset construction and benchmark model training. 
Firstly, upon acquiring the data of the first  HF stage, the 
suspected microseismic events are quickly identified  by 
loading the seismic phase detection and arrival picking pre- 
trained models or automatic model-driven methods (e.g., 
multi-trace cross-correlation method). Notably, pre-trained 
models from other regions or other HF projects in the same 
region can be transferred. If pre-trained models are not 
available, automatic model-driven methods can be utilized 
alone. Secondly, the suspected microseismic events are 
identified and classified manually, and valid seismic phases 
are picked, the results of which are used to create sample 
labels. The above process utilizes cross-validation of data- 
driven and model-driven paradigms to improve the label
ing quality of the dataset. Finally, the training of the MD-Net 
benchmark model is completed using the framework 
detailed in Section 2.1.

(2) Progressive dataset augmentation and transfer learning. The 
benchmark model is applied to the second fracture section, 
and the continuous recordings are scanned to obtain 
detection and arrival picking results as well as associated 
uncertainty information of suspected microseismic events. 
The events with small uncertainty are directly cataloged, 
while the samples with large uncertainty undergo manual 
calibration. After removing misidentified samples and cor
recting the phase arrival picking results manually, the 
training dataset are augmented adaptably. Then, based on 
the idea of transfer learning, the model parameters are 
iteratively updated using the fine-tuning strategy to obtain 
the modified  MD-Net, which realizes the progressive 
updating across fracturing stages (Hu et al., 2021; Zhang 
et al., 2022). The above process is looped until the end of 
the HF project. During this process, the size of the dataset is 
continuously expanded, and the detection and arrival pick
ing abilities are correspondingly improving.

(3) Source inversion and location. Using the P/S-wave trav
eltime information obtained in the above steps as con
straints and combining with the velocity modeling and 
azimuth information, the geophysical inversion algorithm is 
used to locate the source of all microseismic events. The 
velocity modeling can be implemented by establishing the 
initial velocity structures derived from sonic logging data 
and calibrated using the perforation events during HF. 
Source azimuths are resolved via the vector endpoint anal
ysis of the polarization characteristics of P-waves. Hypo
central coordinates are determined through the traveltime 
grid search method with coordinate transformation. Spe
cifically, theoretical traveltimes from each receiver to the 
hypothetical source are calculated and compared with the 
observed traveltimes to define  the residual objective 

Table 1 
The comparison of different processing paradigms.

Paradigm Scenario Characteristic Methods/Citations

Model-driven Data scarcity with clear mechanisms Relying on physical theories without 
requiring large datasets.

Multi-trace cross-correlation 
(Tan and He, 2016); template 
matching (Meng et al., 2018)

Data-driven Data-rich with complex mechanisms Leveraging the nonlinear fitting capability of data. CNN (Perol et al., 2018); Transformer 
(Mousavi et al., 2020)

Hybrid-driven Balancing efficiency and interpretability Combining physical constraints and manual 
quality control with data-driven advantages.

Proposed workflow: MD-Net +
traveltime-based inversion
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function. The optimal source location is subsequently 
determined through iterative optimization search within 
the 3D space. For specifics  on source azimuth determina
tion, objective function formulation, and the search algo
rithm utilized, see Tan et al. (2017). The advantages of this 
hybrid-driven workflow  are: (1) Utilizing the law of data 
acquisition in real-time data processing to construct an 
adaptive and automated process. The model of phase 
detection and arrival picking are constructed progressively 
during HF, and the model parameters are modified and the 
generalization ability is continuously enhanced. (2) The 
synergy between manual quality control and automated 
methods improves the accuracy while significantly reducing 
the uncertainty. (3) The innovative combination of model- 
driven and data-driven paradigms realizes the comple
mentary advantages and forms a domain-adaptable hybrid- 
driven optimization framework.

In the workflow, manual quality control is systematically 
designed to minimize subjective judgment through standardized 
procedures. For samples predicted by MD-Net as high-uncertainty 
(confidence intervals exceeding predefined thresholds), indepen
dent manual annotations are performed by multiple geophysical 
analysts. These analysts adhere to unified  guidelines for phase 
detection and arrival picking, ensuring consistency in labeling 
criteria. Their individual annotations are subsequently aggregated 
through consensus-based reconciliation. This multi-operator 
cross-validation approach effectively mitigates individual biases, 
reduces arbitrariness in ambiguous cases, and enhances the 

reproducibility of processing results. The finalized annotations are 
then fed back to update model, establishing a closed-loop 
workflow.

3. Field applications

3.1. Dataset and preprocessing

The dataset is acquired from a PMM program during one hor
izontal well HF project in a tight oil and gas field in eastern China, 
containing continuous monitoring recordings of 10 fracturing 
stages over approximately 16 h. The observation system consists of 
15 three-component receivers deployed in an adjacent vertical 
monitoring well with 10 m spacing, operating at the sampling rate 
of 2000 Hz. Fig. 4(a) shows the observation system where target 
fracturing zones are located at about 2700 m depth, while the 
receiver array covers the interval of 2443–2673 m, with the loca
tion of ball-drop events indicated by red asterisks.

The preprocessing for raw microseismic recordings comprises 
three steps: (1) Spectral filtering: Application of a 30–350 Hz band- 
pass filter to suppress low-frequency ambient noise and high- 
frequency instrumental artifacts. (2) Receiver orientation: Align
ment of horizontal components using perforation events (Fig. 4
(b)), resulting in enhanced waveform coherence and sharper phase 
arrivals. (3) Data standardization: Segmentation using a 1200- 
sample window (0.6 s) based on the observed P-S arrival time 
differences (<0.25 s), followed by demeaning and amplitude 
normalization via standard deviation.

Stage 1

Automatic
detection/picking

Manual identification

Training dataset 1

Benchmark MD-Net model 1

Data-driven
results

Large
uncertainty

Small
uncertainty

Manual
calibration

Uncertainty
information

Loading pre-
trained models

Data-driven
results

Model-driven
results

Velocity modeling Seismic phase detection/picking Polarization analysis

Velocity
architectures

P-/S-wave
travel times

Source
azimuths

Source location

Stage 2

Subsequent MD-Net model 2

Training dataset 2

Data-driven
results

Uncertainty
information

Stage n

Training dataset n

Augmented MD-Net model n

Fracturing monitoring data with multiple stages

. . .

. . .

Fig. 3. Workflow optimization for source location of multi-stage fracturing monitoring using the hybrid driven paradigm.
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The MD-Net architecture features an encoder-decoder struc
ture with the input dimension of 1200 × 15 × 3. Firstly, the 
number of sampling points N within a single channel is reduced 
from 1200 to 6, and the number of channels K is increased from 3 
to 128 by 5 downsampling stages; and then the original dimension 
is recovered gradually by 5 upsampling stages. The weighting 
factors λ0 = 6.7 and λ1 = 1.2 are derived from the inverse pro
portion of seismic phase segments (P-/S-waves, ~15%) to noise 
segments (~85%) in one waveform sample, prioritizing penalties 
for seismic phase segments.

Four sample categories are defined:  background noise, noise 
event, single-phase event, and double-phase event. Following 
monitoring practice, only single- and double-phase events are 
retained as valid samples, with others classified as noises in the 
dataset construction. Manual arrival picking uncertainties were 
set at σP = 10 ms (20 samples) and σS = 20 ms (40 samples) 
respectively, reflecting  the superior P-wave detectability due to 
higher SNR level (Fig. 2(b)).

The majority of the segmented recordings consist of noises, 
with valid seismic phase samples representing only a small frac
tion. If all samples from the continuous recordings are used as 
inputs for model training, a typical sample imbalance problem in 
DL may occur, resulting in poor performance for the valid seismic 
phase samples (L�opez et al., 2013). To address this issue, a sam
pling strategy was employed to select a subset of noise samples 
alongside all available seismic phase samples for the training 
dataset. Ultimately, it was determined that the training dataset 
originated from the first  seven fracturing stages, comprising 32 
single-phase samples (480 traces), 436 double-phase samples 
(6540 traces), and 815 noise samples (12,225 traces). The testing 
dataset are from the last three fracturing stages, containing a total 
of 29,307 samples. As the evaluation criteria, the monitoring re
cordings from these four stages are manually detected and picked, 
yielding 8 single-phase samples (120 traces) and 85 double-phase 
samples (1275 traces).

The model implementation utilizes the Keras API within the 
TensorFlow framework. During the training phase, a mini-batch 
gradient descent method is employed with a batch size of 32, 
allowing samples to be fed into the model in batches for loss 
function calculation and network parameter updates. The Adam 
optimizer, with an initial learning rate of 0.001, is used to update 
the model parameters through adaptive moment estimation, 
which enhances the convergence speed of the model (Kingma and 
Ba, 2015). The entire training dataset undergoes multiple itera
tions, and the training is concluded when the loss function no 

longer decreased significantly. Additionally, 10% of the samples are 
split as a validation dataset to fine-tune  the model hyper
parameters. The adjusted and optimized MD-Net serves as the 
final training model for subsequent testing.

3.2. Phase detection/arrival picking and uncertainty estimation

In the MD-Net architecture, four distinct dropout rates (0, 0.1, 
0.2, 0.3) are implemented based on empirical optimization from 
(Lan et al. (2023)) and (Mousavi and Beroza (2020)), who 
demonstrated their efficacy  in balancing uncertainty quantifica
tion and computational efficiency  for CNN-based geophysical 
inversion tasks. These values mitigate over-regularization while 
preserving sensitivity in low-SNR conditions. Fig. 5 demonstrates 
accuracy curves and loss function convergence curves of the four 
models during training. All models exhibit stable decreasing 
trends in loss functions with increasing iterations, ultimately 
converging to minimal values. During testing, the number of for
ward propagation times T is theoretically proportional to predic
tion accuracy. In this study, T is empirically set to 75 through 
systematic optimization. For phase arrival picking, the final arrival 
time prediction is derived from the ensemble mean of T stochastic 
forward propagation, yielding three experimental groups: T-MD1 
(MC-Dropout, dropout rate = 0.1), T-MD2 (0.2), T-MD3 (0.3). To 
validate the effectiveness of the MD-Net proposed in this paper, 
we establish three control groups T-Dr1 (dropout, dropout 
rate = 0.1), T-Dr2 (0.2), and T-Dr3 (0.3), all of which keep the 
dropout active only during training. Another baseline group T-Base 
(dropout rate = 0) is set up with the dropout not enabled in both 
training and testing phases. Architectural differences among 
experimental groups are shown in Table 2. For phase detection, 
threshold setting for the output probability distribution of P- and 
S-wave channels is critical. Overly conservative thresholds risk 
misclassifying low SNR events as noises, while lenient thresholds 
may induce false positives. Through comprehensive sensitivity 
analysis, optimal thresholds for both P- and S-wave channels in 
our case are set at 0.5.

Three representative double-phase waveforms from the testing 
dataset (Figs. 6, 8 and 10) are analyzed to evaluate phase detection 
and arrival picking performance of all experimental groups. Cor
responding uncertainty estimations (Sd of output probability 
distributions) of T-MD series are presented in Figs. 7, 9 and 11. The 
first high SNR example (Figs. 6 and 7) shows all models success
fully detecting both phases above thresholds. However, T-Base 
exhibits insignificant amplitude variations (<0.5) near the true P- 

Fig. 4. Field dataset from a PMM program with multiple fracturing stages: (a) observation system; (b) receiver orientation (horizontal component 1: channels 1–15, horizontal 
component 2: channels 16–30, and vertical component: channels 31–45; red markers: P-wave arrivals); and (c) valid double-phase events for model training and testing.
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wave arrival (Fig. 6(b)). For phase arrival picking, T-Base mistak
enly picks the P-wave to a wrong position, but the picking results 
of the rest of groups do not notably deviate from the true arrival. 
Further analysis shows that there is a typical noise interference 
near the position of P-wave arrival picked by T-Base, and the 
jumping phenomenon can also be observed there in Fig. 6(c), (d), 
(f), and (h). The uncertainty estimation (Fig. 7) reveals elevated 
uncertainties near phase arrivals, particularly for the P-wave, 
mostly attributable to the typical noise interference mentioned 
above. This demonstrates MC-Dropout's double advantages: 
mitigating large picking errors through stochastic regularization 
while providing quantitative reliability metrics for prediction re
sults, which is crucial for the subsequent manual calibration.

The second sample presents a low SNR trace (Figs. 8 and 9), 
where the P-wave arrival is entirely obscured by background noise 
(Fig. 8(a)). This challenging case demonstrates phase detection 
capability even for manual analysis, requiring integration with the 
similarity of adjacent trace waveforms or template matching 
techniques for reliable detection. As shown in Fig. 8(b)–(h), all 
groups exhibit significant  misclassification  manifested through 
phase confusion between P- and S-waves, irregular output prob
ability distribution morphologies, and substantial deviation of 
arrival time picks. The T-MD series display elevated prediction 
uncertainties throughout the seismic phases (Fig. 9(b)–(d)). 
Detailed analysis of the true P-wave arrival position reveals 
distinct behavioral patterns: The T-MD1 shows no significant 
jumping in either mean probability distribution (Fig. 8(d)) or un
certainty estimation (Fig. 9(b)), indicating background noise. In 
contrast, T-MD2 and T-MD3 demonstrate measurable probability 
jumping (Fig. 8(f) and (h)) accompanied by elevated uncertainties 
(Fig. 9(c) and (d)), indicating uncertain phase. This case highlights 
the necessity for synthesizing uncertainty metrics from multiple 

MD-Net configurations with different dropout rates and the 
waveform characteristics among traces for manual analysis.

The third sample presents another low SNR trace (Figs. 10 and 
11). The P-wave phase could be correctly detected by all experi
mental groups, while the T-Base, T-Dr1, and T-MD1 do not have a 
significant  jump near the S-wave arrival, erroneously classifying 
this sample as a single-phase event. Groups with higher dropout 
rates (T-Dr2/3, T-MD2/3) maintain better detection performance 
near the S-wave arrival, consistent with the generalization 
enhancement effect of stronger stochastic regularization. In pick
ing accuracy, T-Dr2 and T-MD2 achieve precise S-wave picking, 
whereas T-Dr3 and T-MD3 exhibit insufficient probability jumping 
at true S-wave arrival with notable picking deviations. This 
sensitivity to dropout rate hyperparameter underscores the 
importance of maintaining appropriate regularization intensity 
during model configuration. Uncertainty visualization (Fig. 11(b)– 
(d)) confirms  the essential role of manual calibration for such 
ambiguous low SNR cases, with prediction reliability metrics 
providing crucial decision-support information for practical 
scenarios.

From results, all experimental groups achieved zero false pos
itives in detecting noise samples as valid microseismic events 
(including single-phase and double-phase events) across the 
entire testing dataset, demonstrating MD-Net's robustness against 
false alarms under diverse noise conditions. Systematic evaluation 
of microseismic samples across Figs. 6–11 reveals two critical 
findings: Firstly, the MC-Dropout technique enables effective un
certainty quantification without compromising phase detection or 
arrival picking accuracy. Secondly, the relationship between 
dropout rate and model generalization follows a nonlinear pattern, 
necessitating systematic optimization through cross-validation 
procedures.

Table 2 
Architectural differences among experimental groups.

Group Training phase Prediction phase Forward propagation samplings Uncertainty quantification

T-Base No dropout No dropout Deterministic (single time) Not applicable
T-Dr series Dropout (rate: 0.1/0.2/0.3) No dropout Deterministic (single time) Not applicable
T-MD series Dropout (rate: 0.1/0.2/0.3) Dropout (rate: 0.1/0.2/0.3) Stochastic (multiple times) Enabled via ensemble mean
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Fig. 5. Loss and accuracy curves during training: (a) dropout rate = 0, (b) dropout rate = 0.1, (c) dropout rate = 0.2, and (d) dropout rate = 0.3.
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The detection accuracy metric is defined  as the ratio of 
correctly detected traces to total double-phase traces of the testing 
dataset. The detection performance of double-phase samples is 
summarized in Table 3. All experimental groups exhibited detec
tion omissions, with T-Base demonstrating the poorest perfor
mance at only 1244 correctly detected traces. The T-Dr and T-MD 
series show progressive accuracy improvements. With a detection 
accuracy of 99.00% as the threshold, the high-accuracy group 

(>99.00%) consists of four configurations with dropout rates of 0.2 
and 0.3 (T-Dr2/3, T-MD2/3), while the low-accuracy group 
(<99.00%) consists of three configurations with dropout rates of 
0 and 0.1 (T-Base, T-Dr1, and T-MD1). This statistical analysis 
demonstrates that the dropout rate serves as a critical controlling 
factor for model detection performance.

Fig. 12 displays phase arrival picking error distributions relative 
to manual benchmarks, with quantitative metrics detailed in 
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Fig. 6. Phase detection and arrival picking results of different groups (double-phase example 1): (a) three component single-trace seismogram, (b) T-Base, (c) T-Dr1, (d) T-MD1, (e) 
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(d), intervals [Me–Sd, Me + Sd] between red/blue curves represent uncertainty bounds of P-/S-waves.
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Table 4. All groups achieve the mean of picking errors (ME) within 
0–1.7 ms for P-wave, S-wave, and P-S time difference, satisfying 
microseismic monitoring precision requirements. Standard devi
ation of picking errors (SD) analysis demonstrates significant error 
reduction compared to the baseline group: P-wave decreases from 
14.3 ms (T-Base) to 9.1 ms (T-Dr2), S-wave from 14.3 ms to 11.7 ms 
(T-MD2, T-Dr3), and P-S time difference from 12.0 ms to 7.1 ms (T- 
MD3). Among uncertainty-aware T-MD series, T-MD1 showed 
degraded S-wave performance compared to the baseline group, 
while T-MD2/3 exhibited significant  improvements. Notably, T- 

MD3 achieves about 40% reduction in the SD of P-S time difference 
versus T-Base, attaining accuracy comparable to the multi-trace 
cross-correlation method (Tan and He, 2016). These results 
confirm  that the proposed MD-Net framework successfully bal
ances double objectives: maintaining phase detection and arrival 
picking accuracy meeting monitoring requirements while 
extracting crucial uncertainty metrics. The achieved precision 
enhancement, particularly in critical P-S time difference mea
surements, ensures reliable data for subsequent processing 
workflow.
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Fig. 8. Phase detection and arrival picking results of different groups (double-phase example 2): (a) three component single-trace seismogram, (b) T-Base, (c) T-Dr1, (d) T-MD1, (e) 
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Fig. 9. Uncertainty quantification of T-MD series (double-phase example 2): (a) three component single-trace seismogram, (b) T-MD1, (c) T-MD2, and (d) T-MD3.
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3.3. Location optimization evaluation

The location optimization evaluation focuses on fracturing 
stages 8–10 in Fig. 4(c), containing 85 double-phase microseismic 

event samples. These events undergo location processing through 
the workflow shown in Fig. 3, combining automated data-driven 
phase detection and arrival picking based MD-Net and manual 
quality control, denoted as D-MD mode. Given the limited inter- 
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Table 3 
Statistics on the detection results of double-phase samples.

Group T-Base T-Dr1 T-MD1 T-Dr2 T-MD2 T-Dr3 T-MD3

Number of correctly detected traces 1244 1259 1253 1275 1268 1270 1267
Percentage, % 97.57 98.75 98.27 100.00 99.45 99.61 99.37
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well distances and small surface elevation variations, we imple
ment a horizontal laminar velocity model derived from fracturing 
well sonic logging data, calibrated using perforation events from 
stages 8–10 (Fig. 13). Field implementation addresses uncertainty 
variability across dropout rates through parallel model operations: 
Three MD-Net models with dropout rates 0.1, 0.2, and 0.3 generate 
simultaneous predictions. Automated quality control triggers 
manual calibration when the uncertainty estimation of any 
model's probability distribution exceeds 0.2 (empirically deter
mined threshold).

To verify the workflow  performance of our proposed D-MD 
mode, three control groups are set up to carry out identical source 

location work without manual quality control after obtaining 
picking results from one model-driven (cross-correlation method) 
(Tan and He, 2016), two data-driven method (ST-Net (Wu et al., 
2019) and MT-Net (Ma et al., 2020; Zhang et al., 2021, 2022), 
denoted as M-CC mode, D-ST mode, D-MT mode, respectively. 
Among them, the M-CC mode, which uses waveform similarity 
characteristics by calculating correlation functions among multi- 
trace recordings, is currently recognized as one of the best stra
tegies to improve the picking accuracy. The D-ST mode is based on 
the 1D U-Net structure with single-trace waveforms as input, and 
extracting the waveform characteristics using multilevel feature 
fusion of the U-Net. The D-MT mode is still based on the 2D U-Net 
structure, and uses multi-trace waveforms as a whole to adaptively 
learn in “intra-trace” and “inter-trace” dimensions meanwhile. The 
rest of settings for the D-ST and D-MT modes are identical to those 
of the D-MD except that the MC-Dropout strategy is not used. All 
modes share identical velocity models and azimuthal constraints, 
with source locations determined through grid search inversion.

Fig. 14(a) presents the source location results obtained through 
the conventional M-CC mode. Spatial analysis reveals distinct 
clustering patterns: Microseismic events of stage 8 predominantly 
concentrate near wellbores, events of stage 9 show partial location 
adjacent to monitoring wells, while events of stage 10 demon
strate sparse distribution with limited spatial coherence. The D-ST 
mode (Fig. 14(b)) outputs exhibit significant  location anomalies, 
with parts of events erroneously localized beyond target fracturing 
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Fig. 12. Gaussian distributions relative to manual benchmarks of phase arrival picking errors of double-phase samples: (a) P-wave, (b) S-wave, and (c) P-S time difference.

Table 4 
Statistics of phase arrival picking errors of double phase samples (mean: ME; 
standard deviation: SD).

Group P-wave S-wave P-S time difference

ME, ms SD, ms ME, ms SD, ms ME, ms SD, ms

T-Base 0.5 14.3 1.1 14.3 1.7 12.0
T-Dr1 0.1 15.1 0.8 19.9 0.5 10.4
T-MD1 0.2 13.1 0.5 16.5 0.7 10.1
T-Dr2 1.4 9.1 1.4 15.0 0 10.7
T-MD2 1.4 9.3 0.3 11.7 1.1 9.3
T-Dr3 1.1 11.7 1.4 11.7 0.3 8.7
T-MD3 1.2 12.5 1.0 12.4 0.3 7.1
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Fig. 13. Velocity model calibration using perforation events: (a) fracturing stage 8; (b) fracturing stage 9; and (c) fracturing stage 10. Blue and red lines denote velocity models of 
P- and S-wave respectively, with dashed lines representing initial models and solid lines indicating calibrated models.
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zones (exceeding grid search boundaries), likely attributed to er
rors in P-S time difference measurements of some traces of those 
events. Although the D-MT mode (Fig. 14(c)) demonstrates 

improved clustering along fracture expanding direction, minority 
of events remain mislocated near monitoring wellbore, resulting 
in loss of microseismic data for fracture interpretation. The 
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proposed D-MD mode (Fig. 14(d)) achieves optimal performance 
with all of events concentrated along the primary fracture 
expanding direction near horizontal wellbore. Compared to other 
modes, D-MD mode avoids location errors while maintaining 
geomechanically consistent spatial distributions. This precision 
enhancement confirms  the effectiveness of our proposed work
flow  in meeting practical requirements for real-time fracturing 
interpretation of HF scenarios.

4. Discussion

The integration of Monte Carlo Dropout into the MD-Net ar
chitecture introduces a paradigm shift in uncertainty quantifica
tion for seismic phase detection and arrival picking. By 
approximating Bayesian inference through stochastic forward 
sampling, the model not only suppresses noise-induced picking 
errors but also generates confidence intervals that guide manual 
calibration. The D-MD series maintains computational efficiency 
comparable to other experimental groups during training, with 
only a marginal increase in prediction cost due to multiple sam
pling. For field  microseismic monitoring, this added latency 
(~0.1 s/event) is negligible compared to operational timescales and 
does not hinder practical deployment. The framework thus bal
ances uncertainty quantification  with minimal computational 
overhead in field applications.

Furthermore, the hybrid workflow  underscores the synergy 
between data-driven automation and physics-based constraints. 
Unlike pure data-driven approaches, which may produce geolog
ically implausible outliers, the incorporation of traveltime-based 
inversion ensures adherence to wave propagation principles, 
bridging the gap between black-box predictions and interpretable 
geophysical models. The current study is designed for extensibility 
to diverse lithologies and noise profiles.  Zhang et al. (2022)
demonstrated that transfer learning enables effective domain 
adaptation across distinct fracturing projects and geological re
gions. By integrating similar TL strategies, MD-Net can be rapidly 
fine-tuned  for new scenarios using minimal target data, signifi
cantly reducing deployment barriers.

Despite its strengths, the framework exhibits three primary 
limitations:

(1) The dropout rate significantly  influences  uncertainty esti
mation robustness. Excessively high rates may oversmooth 
phase characteristic, while low rates inadequately capture 
epistemic uncertainty. Future implementations could inte
grate Bayesian optimization to dynamically adjust dropout 
rates based on real-time SNR assessments.

(2) The current workflow  assumes laminar velocity models 
calibrated via perforation events. In complex reservoirs, this 
simplification may introduce location biases. Coupling MD- 
Net integrating distributed acoustic sensing (DAS) data 
could address such limitations (Tegtow et al., 2025).

(3) The microseismic events processed in field case are events 
with clear phase arrivals, and the picking error is small. 
Therefore, the location results using traditional grid search 
algorithm can basically meet the processing requirements, 
and other better inversion algorithms should be considered 
under the condition of low SNR in other monitoring.

Beyond HF monitoring, the hybrid-driven paradigm holds 
promise for diverse geophysical applications, and further valida
tion under varying conditions remains necessary for comprehen
sive evaluation of its generalizability. The uncertainty-aware 
architecture could be adapted for earthquake early warning sys
tems, where false alarms carry significant societal consequences. 

Similarly, the workflow's  emphasis on manual-calibration 
compatibility provides a blueprint for integrating AI into legacy 
processing chains without disrupting established practices. As the 
geosciences increasingly embrace data-driven methodologies, this 
study exemplifies how domain knowledge and machine learning 
can coexist to achieve both innovation and reliability.

5. Conclusion

This study proposes a hybrid-driven framework integrating 
uncertainty-aware neural networks with manual quality control 
for full workflow  processing of downhole PMM data in HF. The 
main conclusions are summarized as follows.

(1) Automated phase detection/arrival picking and uncertainty 
quantification:  By incorporating Monte Carlo Dropout 
strategy into a modified  2D U-Net architecture, the pro
posed MD-Net achieves multi-task collaborative optimiza
tion of phase detection, arrival picking, and uncertainty 
estimation. Field data validation demonstrates the model's 
superior performance under low SNR conditions, with 
detection accuracy exceeding 99% for both P- and S-waves. 
Compared with the baseline model, the standard deviation 
of phase arrival picking errors is reduced by 40% (P-S arrival 
time difference decreasing from 12.0 ms to 7.1 ms), while 
providing quantifiable  uncertainty metrics to support 
manual calibration decisions. This breakthrough overcomes 
the bottleneck of traditional data-driven paradigm in un
certainty characterization and manual quality control, 
establishing a new technical paradigm for microseismic 
signal processing in complex noise environments.

(2) Workflow optimization for source location: A hybrid work
flow  balancing automation efficiency  and physical inter
pretability is developed through deep integration of data- 
driven phase detection/arrival picking and model-driven 
traveltime-based inversion methods. Field data validation 
reveals that 100% of microseismic events exhibit spatial 
clustering along the primary fracture expanding direction, 
showing significantly  better spatial rationality compared 
with traditional cross-correlation and single/multi-trace 
data-driven methods. This collaboration mechanism not 
only avoids the black-box limitations of purely data-driven 
paradigm in velocity modeling and nonlinear inversion, but 
also compensates for the characteristic generalization de
ficiencies of traditional model-driven paradigm, providing a 
high-precision scheme for fracturing interpretation.

(3) Practical applicability and adaptive optimization: Through 
progressive dataset enhancement and transfer learning 
strategies, the model achieves parameter self-adaptation 
across multiple fracturing stages of one HF project, signifi
cantly reducing manual intervention requirements.

This study establishes an interpretable, high-precision frame
work for HF-PMM, demonstrating significant potential for indus
trial applications in fracture network characterization and 
hydraulic fracturing optimization.
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