Journal of Seismic Exploration

*Corresponding authors:
Binxin Hu (bxhu@gqlu.edu.cn);
Feng Zhu (feng.zhu@sdlaser.cn)

Citation: Feng A, Hu B, Zhu F, et
al. DB-MS-CAN: A robust deep

learning framework for microseismic

velocity inversion via Dual-Branch
Attention and Multi-Scale Feature
Aggregation. J Seismic Explor.
2026;35(3):025480121.

doi: 10.36922/JSE025480121

Received: November 26, 2025
Revised: February 15, 2026
Accepted: March 9, 2026
Published online: May 6, 2026

Copyright: © 2026 Author(s).
This is an Open-Access article
distributed under the terms of the
Creative Commons Attribution
License, permitting distribution,
and reproduction in any medium,
provided the original work is
properly cited.

Publisher’s Note: AccScience

Publishing remains neutral with

regard to jurisdictional claims in
published maps and institutional
affiliations.

ARTICLE

DB-MS-CAN: A robust deep learning framework
for microseismic velocity inversion via Dual-
Branch Attention and Multi-Scale Feature
Aggregation

Aoyu Feng', Binxin Hu**(2, Feng Zhu'¥, Yang Gao?, Feifei Jiang®, Danya Ma*, and
Rong Liu?
'Shandong Key Laboratory of Optoelectronic Sensing Technologies / National-Local Joint

Engineering Laboratory for Energy and Environment Fiber Smart Sensing Technologies, Laser
Institute, Qilu University of Technology (Shandong Academy of Sciences), Jinan, Shandong, China

2Qilu Institute of Technology, Jinan, Shandong, China
SInstitute of Rock and Soil Mechanics, Chinese Academy of Sciences, Wuhan, Hubei, China
4Jinan Institute of Semiconductor Devices, Jinan, Shandong, China

Abstract

Accurate real-time assessment of underground stress fields is critical for mine safety,
yet conventional inversion methods struggle to balance precision with computational
efficiency. To address these challenges, we propose the Dual-Branch Multi-Scale
Convolutional Attention Network (DB-MS-CAN), which employs a decoupling-and-
aggregation strategy. The framework integrates a Dual-Branch Fusion Module (BFM)
to isolate sparse transient signals from persistent mining noise and a Multi-Scale
Dense Feature Aggregation (MDFA) module to reconstruct complex geological
structures across varying spatial scales. To ensure rigorous validation, the model was
evaluated on both geologically constrained real-world datasets and an independent
synthetic benchmark governed by wave propagation physics. Results demonstrate
that DB-MS-CAN achieves a structural similarity index (SSIM) of 0.925 and an root
mean square error (RMSE) reduction of approximately 40% compared to traditional
ray-based tomography. The proposed model achieved significant performance
improvements compared to advanced baselines, including CNN-LSTM and Vision
Transformers. Notably, the model maintains high fidelity (correlation coefficient >
0.90) under extreme 0 dB SNR conditions and achieves an inference speed of ~7
seconds per event on a single GPU, outperforming iterative solvers by orders of
magnitude. This framework provides a robust and efficient solution for dynamic
hazard early warning in deep mining environments.

Keywords: Microseismic inversion; Deep learning; Dual-Branch Attention; Multi-Scale
Feature Aggregation

1. Introduction

As coal mining operations extend into deeper strata, dynamic disasters such as
rockbursts have become increasingly frequent, posing severe threats to production
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safety.! High stress concentration within coal-rock masses
is the primary driver of such disasters; therefore, real-time
and high-precision assessment of the subsurface stress
state is critical for production safety.? Microseismic velocity
inversion, which reconstructs the subsurface velocity
field distribution, serves as a critical technique for safety
assurance by intuitively reflecting stress concentration
areas.” However, the complex geological environment of
deep mines, coupled with strong background noise and
the stringent requirement for real-time warning, imposes
significant challenges on existing inversion methods.*

Traditional physics-driven methods, such as full
waveform inversion FWI and computerized tomography
(CT), struggle to balance accuracy with efficiency.
Although FWI theoretically achieves high precision, its
non-convex objective function leads to a heavy reliance
on the initial model, and its iterative computation is too
costly for real-time monitoring.>® Conversely, while CT
offers high efficiency, its reliance on ray theory often results
in blurred boundaries and low resolution in complex
heterogeneous structures.”!! Therefore, there is an urgent
need for a data-driven approach that can deliver high-
resolution imaging without the computational burden of
iterative physics solvers."

In recent years, deep learning (DL) has shown promise
in geological inversion by learning non-linear mappings
from data.”*!* However, directly applying generic computer
vision architectures, such as U-Net or Convolutional
Neural Networks (CNNs), to microseismic velocity
inversion is challenging because these techniques overlook
the unique physical characteristics of microseismic data.'>
17 Unlike natural images with persistent objects, effective
microseismic signals, such as P/S wave onsets, are sparse
and transient, occupying only a fraction of the time
series.'®! Generic convolutional operations treat all time
steps equally, often obscuring critical spikes in continuous
background noise, leading to feature dilution and noise
overfitting.?

Furthermore, subsurface media exhibit extreme
multi-scale heterogeneity, ranging from meter-scale
micro-fractures to kilometer-scale fault zones.* Standard
encoders with fixed receptive fields either fail to capture
minor anomalies, resulting in underfitting, or blur large
geological boundaries, leading to over-smoothing.?

Existing deep learning solvers usually handle
spatiotemporal features ambiguously. Strictly spatial
models, such as the standard U-Net, inherently struggle
to capture the sequential dependencies in microseismic
waveforms, resulting in temporal feature loss. While
standard recurrent models, such as the Long Short-Term

Memory (LSTM), can capture temporal dependencies,
they incur high computational costs and do not explicitly
address the extreme spatial-scale differences inherent in
subsurface structures.

Moreover, emerging advanced paradigms also face
specific limitations in microseismic velocity inversion.
While Physics-Informed Neural Networks (PINNs) enforce
consistency, they often suffer from over-smoothing and
boundary blurring due to soft regularization constraints,
which attenuates the peak velocity values of stress
concentration zones. Conversely, Vision Transformer-
based models, despite their superior global context
modeling, inherently introduce blocky artifacts and jagged
edges owing to their patch-based processing mechanisms,
thereby compromising the pixel-level fidelity required for
precise hazard detection.

To address these challenges, this study presents
the Dual-Branch Multi-Scale Convolutional Attention
Network (DB-MS-CAN). Built upon a “Decoupling-
and-Aggregation” principle, the framework establishes
a unified mapping mechanism to resolve the inherent
conflict between transient signal extraction and multi-
scale structural reconstruction. Recognizing that mining
environments require resolving sharp velocity gradients,
we employ a U-Net-based CNN architecture; its local
receptive flelds and skip connections are inherently
superior for preserving high-frequency spatial information
and recovering velocity extremums compared to global
optimization or patch-based methods. Specifically, the
architecture integrates two core components: the Dual-
Branch Fusion Module (BFM), which decouples high-
frequency transients from background noise, and the
Multi-Scale Dense Feature Aggregation (MDFA) module,
designed to capture geological heterogeneities across
varying spatial scales. To ensure industrial relevance, the
model was validated against geologically constrained
offline tomography derived from borehole logging and
active surveys. Experimental results demonstrate that
DB-MS-CAN achieves a structural similarity index (SSIM)
of 0.925, significantly outperforming baseline models
and proving its efficacy for high-precision monitoring in
complex coal mine settings.

2. Methods
2.1. Overall model architecture

As illustrated in Figure 1, the framework integrates two
specialized components into a U-Net-like backbone.”?*
The overall data flow within the network advances through
a progressive processing cascade, comprising three distinct
integration phases:
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The network extracts hierarchical features via successive
convolutions.?** Unlike standard architectures, we embed
the MDFA module directly into the deep encoding layers.
By applying parallel dilated convolutions, MDFA encodes
spatially enriched features that represent multi-scale
structural information before significant downsampling
occurs.

The data flow then converges at the network bottleneck,
where the global context is compressed. At this critical
junction, the BFM module is embedded to process
the latent features. Through a dual-branch attention
mechanism, BFM filters features along the temporal
dimension, ensuring that only significant transient phases
are preserved while background noise is suppressed.

Finally, the decoder reconstructs the velocity field
via progressive upsampling.® The reconstruction
process synergistically leverages the multi-scale spatial
representations encoded by MDFA and the noise-
suppressed temporal features refined by BFM, effectively
mitigating the trade-off between structural continuity and
boundary sharpness.

2.2. Multi-Scale Dense Feature Aggregation (MDFA)

To explicitly resolve the multi-scale heterogeneity of
subsurface structures,”® the MDFA module (Figure 2)
employs parallel dilated convolutions with varying dilation
rates as a scale-adaptive feature extractor.

We implemented the MDFA module using multi-scale

Figure 1. The overall network architecture

dilated convolution and a spatial recalibration mechanism.

Multi-Scale Dilated Convolution: Distinct from generic
multi-scale modules, we designed the dilation rates (d)
to correspond to specific geological targets.’® The small
dilation branch with ¢ =6 is designed to capture high-
frequency scattering effects induced by local micro-
fractures and small voids. Conversely, the large dilation
branches with ¢ =12 and 18 expand the receptive field to
model macroscopic waveform variations caused by large-
scale faults and lithological boundaries.

Mathematically, let the input feature tensor be
X e R The output Y, of the i-th dilated
convolutional branch is defined as:

Y, =ReLU(W,®, X+b,),ie{1,2,3} (1)

where &, denotes the 2D dilated convolution operation
with a dilation rate of d,; , and p, are the learnable weight
matrix and bias vector for the ;-th branch; ReLU(-) is the
Rectified Linear Unit activation function.

By aggregating these multi-branch features, the
MDFA module effectively constructs a feature pyramid
to ensure that the inverted velocity model preserves both
the sharpness of micro-anomalies and the continuity of
macro-structures.

Feature Fusion and Spatial Recalibration: The final high-
accuracy velocity model is a synthesized representation
of all these multi-scale features. However, simple

Abbreviations: BEM: Dual-Branch Fusion Module; MDFA: Multi-Scale Dense Feature Aggregation; ReLU: Rectified Linear Unit.
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Figure 2. Multi-Scale Dense Feature Aggregation (MDFA) structure diagram

feature concatenation often struggles with semantic
inconsistencies among features extracted at different
scales. To ensure the coherent integration of information
from micro-anomalies to macroscopic structures, we
introduced a Spatial Recalibration Mechanism into our
proposed MDFA module. This mechanism adaptively
learns spatial attention weights to screen and strengthen
the spatial locations most critical for the velocity inversion
task.

First, the multi-scale features from all branches are
concatenated along the channel dimension to obtain the
aggregated feature U :

U =Concat(Y,,Y,,Y, ) e R*“™" (2)
where  Y,Y,,and Y, correspond to the feature

maps extracted by the branches with dilation rates
d =6,12, and 18, respectively. C, , denotes the number of
output channels for each individual branch (set to 64 in our
experiments), and A and W represent the spatial height
and width of the feature maps, which remain consistent

due to padding operations.

Subsequently, a 1x1 convolutional layer is applied
to the aggregated feature U to perform dimensionality
reduction and cross-channel interaction, followed by a
Sigmoid function to generate the spatial attention map A4 :

A=U(W

cal

@>l U + bcal) € RIXHXW (3)

where W, and b, denote the learnable weight matrix
and bias vector of the spatial calibration convolution,
respectively. The symbol &) represents the 1x1
convolution operation, and o-(-) denotes the Sigmoid
activation function used to normalize the attention weights

to the range (0,1).

Finally, the output Y,,—the spatially recalibrated
feature—is obtained by applying the attention map to
the aggregated feature via element-wise multiplication
(Hadamard product):

Y, =A0U (4)

out

where © is the Hadamard product.

This mechanism ensures that the model dynamically
adjusts its focus based on the complexity of the geological
structure. It produces a high-precision velocity model that
retains local fracture details while accurately representing
overall structural trends.

Figure 3 shows the intermediate feature maps from the
encoder’s bottleneck layer, illustrating how our proposed
MDFA module addresses spatial-scale conflicts for a
typical microseismic event. The red dashed lines are the
ground truth reference for the velocity anomaly boundary.
As observed in Figure 3A, the branch driven by small
dilation rates (d = 6) prioritizes high-frequency scattering
information. The resulting map exhibits rich textural
details indicative of micro-fracture zones but suffers from
a diffuse spatial distribution. In contrast, the large dilation
branch (d = 18), shown in Figure 3C, captures the low-
frequency envelope of the geological body, demonstrating
strong morphological consistency with the ground-truth
boundary. However, the internal activation intensity
remains relatively subdued. Ultimately, the final spatially
recalibrated output (Figure 3D) effectively synthesizes
these complementary features. It retains the sharp,
coherent structural boundaries derived from the macro-
branch while simultaneously preserving the high-intensity
internal details from the micro-branch. This visual
evidence confirms that MDFA successfully mitigates the
trade-off between boundary precision and internal detail
resolution.
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2.3. Dual-Branch Fusion Module (BFM)

The Dual-Branch Fusion Module (BFM), illustrated in
Figure 4, employs a dual-path architecture. It is designed to
mitigate the blurring of sparse high-frequency transients
by decoupling the input into two streams and fusing them
via a channel-spatial attention mechanism.*>*

Dual-Branch Structure: The local branch functions as a
transient feature extractor. To adaptively capture waveform
spikes with varying pulse widths, we employed a multi-
kernel structure consisting of parallel 3 x 3,5 x 5, and 7
x 7 convolutions to adaptively emphasize instantaneous
P/S onsets. Mathematically, given the input feature X , the
local feature map Y, is defined as:

Y;ocal = ReLU (zkE{S,SJ} Vkak ® X + bkxk) (5)

where ¥, and b, , denotethelearnable weightsandbiases
of the convolutional kernels with sizes 3x3,5x5,7x7,
respectively; and ® denotes the convolution operation;
and ReLU(") is the activation function.

We created a Global Branch to serve as a context
encoder, using Global Average Pooling (GAP) to model

signal decay and background noise trends.* This technique
provides the necessary context to distinguish real events
from coherent noise.** The global feature vector ¥, ,  is
computed as:

Vglobal = Vlel ®(GAP(X))+b1><1 (6)
where GAP(-) denotes the Global Average Pooling
operation, and #,, and b are the 1x1 Convolutional
kernel weights and bias, respectively. Finally, the global
feature is upsampled back to the dimension of ¥ to

local
form the global feature map vy, -

Channel-Spatial Attention Mechanism and Feature
Fusion: Following the feature extraction, the dual
(streams are integrated via element-wise summation
( F=Y,,®Y, bl and refined through an attention
mechanism specifically tailored for multi-channel
microseismic data. The Channel Attention mechanism
serves as a sensor weighting filter. The mechanism
autonomously learns to prioritize channels with coherent
signal patterns. This is formulated as:

M, (F)=o(FC(GAP(F))+FC(GMP(F))) 7)

Figure 3. Visualization of intermediate feature maps from Multi-Scale Dense Feature Aggregation (MDFA) branches. The color scale indicates normalized
activation intensity (0.0-1.0). The X and Y axes represent spatial position indices (64 x 64). Red dashed lines denote the reference boundary of the velocity
anomaly. (A)-(C) Feature maps corresponding to dilation rates d = 6,12, and 18, respectively. (D) The final spatially recalibrated feature map after fusing

(A), (B), and (C).
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Figure 4. Branch Fusion Module (BFM) structure diagram

Abbreviations: GAP: Global Average Pooling; GMP: Global Max Pooling; MLP: Multilayer Perceptron; ReLU: Rectified Linear Unit.

where G4 P() and GMP(-) denote the Global Average
Pooling and Global Max Pooling operations, respectively.
FC denotes the shared Fully Connected layers applied to
the feature vectors, and ¢ denotes the Sigmoid activation
function.

At the same time, the Spatial Attention mechanism
provides temporal focus by highlighting critical arrival
windows, reducing pre-event noise and coda waves. Its
calculation is defined as:

M (F)= J(Wlxl ®[AVgP001(F);MaxPool(F)]) (8)

where AvgPool() and MaxPool(-) represent average-
pooling and max-pooling operations along the channel
axis. The symbol [;] denotes the concatenation operation.
W, , represents thelearnable weights of the 1x 1 convolution
(denoted as ® ) used to compress the channel information
into a single spatial map.

The final output ¥, , is obtained by modulating the
fused features via element-wise multiplication, ensuring

the network prioritizes significant spatiotemporal regions:
Y/used :(Mc (F)OF)QMS (F) (9)

where (O denotes the Hadamard product (element-wise
multiplication).

Figure 5 visualizes the intermediate activations of the
BFM module to verify its decoupling capability. As shown
in Figure 5A, the local branch exhibits a sharp activation
peak at ¢=1.8s (normalized intensity approaching
0.95) effectively isolating the high-frequency P/S wave
onsets from the background; whereas the global branch
(Figure 5B) suppresses these transient pulses to retain
the wavefield background trend. Regarding channel
reliability, Figure 5C demonstrates distinct selectivity: the
network assigns dominant weights to sensors with strong

coherence (e.g., Channel 7 = 0.78 and Channel 3 = 0.70),
while heavily suppressing the noise-dominated Channel
2 (weight = 0.13). This significant quantitative disparity
(> 6-fold difference) confirms that the mechanism has
implicitly learned to prioritize high-quality signals through
optimization. Finally, the spatial attention mask in Figure
5D reaches its maximum intensity (> 0.9) precisely at the
1.8 s window, aligning accurately with the signal arrival
time, verifying that the model autonomously achieves
temporal focusing without explicit physical programming.

3. Results
3.1. Data acquisition and preprocessing

The model proposed in this study was trained and validated
using real-world microseismic monitoring data collected
from an operating mine. The data acquisition zone is
located near the deep mining face of a large-scale coal mine
in Shanxi Province. Within this region, a high-density
microseismic monitoring network comprising 24 triaxial
geophones was deployed to capture microseismic events
and subsurface velocity variations with high precision. The
detailed sensor layout is illustrated in Figure 6.

3.1.1. Construction of the ground truth velocity field

To ensure the physical fidelity of the training labels, the
velocity models used as ground truth, denoted as 7, , were
constructed through a geologically constrained offline
inversion workflow, integrating in situ exploration data.
This distinguishes them from the unconstrained real-time
CT results used for baseline comparison.

The label generation process involves three key stages:

(i) Reference Model Construction: We utilized detailed
geological logging data and exploration reports
to build an initial velocity model. Precise travel-
time pickings of P-wave and S-wave arrivals from a
substantial historical dataset (exceeding 1,200 events)
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Figure 5. Visualization of intermediate variables within the Branch Fusion Module (BFM) module. (A) Local branch output captures high-frequency
transient features, specifically responding to the sharp P/S wave onsets. (B) Global branch output represents the low-frequency background trends and
global wavefield context. (C) Channel attention weights indicates the learned reliability of each sensor channel (treating sensors as feature channels). (D)
Spatial attention weights defines the attention mask along the feature map’s spatial dimension (which corresponds to the temporal axis in microseismic
waveforms).

(ii)

Figure 6. Sensor distribution diagram

were employed as constraints.”

Constrained Offline Tomography: Based on the
reference model, we executed a Geologically
Constrained  offline inversion utilizing the
Simultaneous Iterative Reconstruction Technique
(SIRT). To ensure the high fidelity of the ground truth
(V, ), the input travel-time data underwent rigorous
manual inspection by experienced geophysicists,
achieving a picking precision of approximately 10 ms,
followed by 30 iterations of recursive refinement to

minimize the RMS error.

(iii) Grid Discretization: The final inverted velocity

field was discretized into a 100x100x100 three-
dimensional grid with a uniform spatial resolution of
10mx10mx10m. The resulting velocity values range
between 3500 m/s and 5500 m/s.

The physically constrained tomographic result (¥, )

integrates actual geological measurements with large-scale
microseismic data,*® providing a high-quality target for the
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deep learning model.

3.1.2. Data input and standardization

The model input consists of multi-channel waveforms
recorded by 24 sensors for each microseismic event.
All waveforms were uniformly truncated to 400 time
sampling points, with a sampling rate of 2kHz. The input
tensor dimension is therefore X e R,

The dataset comprises 1,600 microseismic events. To
ensure a rigorous evaluation and prevent data leakage, this
dataset is strictly temporally mutually exclusive from the
historical dataset (exceeding 1,200 events) used for ground
truth construction. We partitioned the data into a training
set (1,120 events), a validation set (240 events), and a
testing set (240 events).

To eliminate dimensional differences among sensor
channels, we standardized the input waveforms using the
Z-score transformation. This standardization transformed
the data to have a zero mean and unit standard deviation
before passing it to the model for training. The output
velocity model labels were also Min-Max normalized
within a range of [0,1].

To comprehensively evaluate the proposed model’s
performance, a statistical analysis of the datasets
characteristics was conducted. The training, validation,
and testing sets maintained consistent distributions across
key attributes, including event magnitude, average signal-
to-noise ratio (SNR), and spatial coverage, as detailed in
Table 1. This process ensured fairness and the models
generalization assessment. Furthermore, the high-
dimensional input tensor provides a rich feature space,
offering sufficient information density for the network to
extract robust physical representations.

3.2. Model training strategy and configuration

The proposed DB-MS-CAN was implemented using the
PyTorch framework on a workstation equipped with an

Intel Core i9-14900HX CPU and an NVIDIA GeForce
RTX 4060 GPU. The training process utilized the Adam
optimizer® with an initial learning rate of 1 x 107
dynamically modulated by a Cosine Annealing schedule.
We configured a batch size of 16 with a maximum duration
of 500 epochs, employing an Early Stopping mechanism
(patience = 20) based on validation loss to mitigate
overfitting. The mean squared error (MSE) served as the
objective function to minimize voxel-wise discrepancies
between the predicted velocity field ¥ and the ground
truth ¥, . Regarding model complexity, the network
comprises approximately 31.2 million trainable parameters.
Notably, the proposed core innovations are designed to
be extremely lightweight: the MDFA and BFM modules
contain only 35,712 and 170,596 parameters, respectively.
Together, they constitute less than 1% of the total model
size while contributing to significant performance gains.
The training phase required approximately 1.5 minutes per
epoch, resulting in a total computation time of roughly 12
hours.

Figure 7 illustrates the training and validation loss
curves of the DB-MS-CAN model, which show distinct
trends reflecting the model's learning dynamics. As
observed, the training loss exhibits a rapid descent within
the first 50 epochs, indicating that the gradient descent
algorithm effectively optimized the network weights.
The validation loss closely follows the training loss trend
without diverging, stabilizing at approximately 0.05
after 150 epochs. The minimal gap between the training
and validation curves confirms that the Early Stopping
mechanism (patience = 20) and Dropout layers successfully
prevented overfitting. The smooth convergence behavior in
the later stages demonstrates the stability of the proposed
DB-MS-CAN architecture under the Adam optimizer.

3.3. Experimental results and analysis

3.3.1. Comparison with advanced deep learning
models

Table 1. Microseismic dataset partition and feature statistics for the deep learning model

Dataset Number of events  Magnitude range (ML) Average SNR (dB) Spatial distribution area

Training set 1120 [-1.5,2.0] 152 Covers the entire working face
Validation set 240 [-1.3,1.8] 14.8 Covers the entire working face
Test set 240 [-1.6,1.9] 15.1 Covers the entire working face
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To validate the effectiveness and superiority of the proposed
DB-MS-CAN model, the U-Net, Attention U-Net, CNN,***!
Attention CNN,” CNN-LSTM,® and DB-MS-CAN
architectures were trained and evaluated separately on the
same dataset. The quantitative performance comparison is
summarized in Table 2. All metrics in this and subsequent
tables are reported as mean + standard deviation, calculated
across the 240 independent events in the test set. The visual
comparison is presented in Figure 8.

Figure 8 visually compares the velocity inversion
performance across different models, spanning from
background low-velocity zones (~3500-4000 m/s) to
high-velocity stress concentration areas (4800-5500 m/s).
Visual inspection reveals clear limitations in the baseline
architectures. The CNN and U-Net models (Figure 8A and
8C) suffer from significant over-smoothing, characterized
by blurred boundaries in the left low-velocity anomaly and
an inability to resolve fine textures in the bottom-right
zone. They also tend to spatially exaggerate the central high-
velocity core (> 5200 m/s), leading to an overestimated
stress concentration area. These visual deficiencies align
with their stagnant performance metrics, with root
mean square error (RMSE) values persisting at 2.63-2.65
%. While adding spatial attention mechanisms (Figure
8Band 8D) yields slight morphological improvements
in transitional layers, these models fail to correct global
velocity deviations. Similarly, although the CNN-LSTM
model (Figure 8E) improves structural continuity, it
introduces local distortions by excessively enlarging the
upper high-velocity region.

In contrast, the proposed DB-MS-CAN (Figure 8F)
delivers an inversion result most consistent with the
geological ground truth. It precisely reconstructs the
low-velocity core (3600-3800 m/s) and resolves complex
velocity gradients, effectively correcting the spatial
artifacts observed in the baselines. This visual superiority
is supported by rigorous statistical evidence. The model
achieves a state-of-the-art SSIM of 0.925 + 0.008 and
reduces the RMSE to 2.17 + 0.11 %. A paired ¢-test against
the best-performing baseline (CNN-LSTM) yielded a
p-value < 0.001, confirming that this performance gain
is statistically significant rather than a result of random
chance. Moreover, our method exhibits the lowest standard
deviation among all models (e.g., compared to CNN’s +
0.021), indicating that the architecture effectively mitigates
stochastic instability and ensures consistent inversion
results across diverse geological conditions.

3.3.2. Module ablation experiment

To further assess the specific contributions of the BFM
and MDFA modules to the overall model performance, a
module ablation study was designed in this research. Four
distinct model variants were constructed for comparative
analysis:

(i) Baseline Model (U-Net): Employs only the
traditional [J-Net structure, without incorporating
any additional mechanisms.

(ii) BFM-Only (U-Net + BFM): Introduces the BFM
solely at the bottleneck layer.

(iii) MDFA-Only (U-Net + MDFA ): Integrates the

Figure 7. Training loss and validation loss
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Table 2. Comparison of inversion results between DB-MS-CAN and existing deep learning models

Model SSIM (mean + SD) RMSE (%) (mean + SD) R (mean * SD)
CNN 0.715 + 0.021 2.65+0.28 0.940 £ 0.015
U-Net 0.735+0.019 2.63 £0.25 0.939 £0.013
Attention CNN 0.785 + 0.016 2.57 +0.19 0.945 +0.010
CNN-LSTM 0.865 +0.012 2.43 £0.15 0.954 + 0.007
Attention U-Net 0.795 +0.014 2.59 £0.17 0.941 + 0.009
DB-MS-CAN 0.925 + 0.008 2.17 £ 0.11 0.968 = 0.004

Abbreviations: CNN: Convolutional Neural Network; DB-MS-CAN: Dual-Branch Multi-Scale Convolutional Attention Network; LSTM: Long Short-
Term Memory; RMSE: Root mean square error; SSIM: Structural similarity index.

Figure 8. Visual comparison of microseismic velocity inversion results generated by various deep learning models. (A) U-Net; (B) Attention U-Net; (C)
CNN; (D) Attention CNN; (E) CNN-LSTM; (F) DB-MS-CAN. The dashed-line circles point out the failure of baseline models to accurately reconstruct
the local velocity anomalies, which are well preserved in (F).

Abbreviations: CNN: Convolutional Neural Network; DB-MS-CAN: Dual-Branch Multi-Scale Convolutional Attention Network; LSTM: Long Short-
Term Memory.
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MDFA mechanism solely within the intermediate
layers of the encoder.

(iv) DB-MS-CAN: Represents the final, comprehensive
network architecture proposed in this paper.

Figure 9 visualizes the ablation study results against
this benchmark. The baseline U-Net (Figure 9A) exhibits
characteristic over-smoothing, failing to resolve the high-
velocity core or define the low-velocity zone (< 4000
m/s). This structural deficiency is reflected in the poorest
performance metrics: an SSIM of 0.733 £ 0.019 and an
RMSE of 2.65 + 0.26 %.

Integrating  specific  modules yields distinct
improvements. The MDFA module (Figure 9C) enhances
macroscopic spatial continuity, evolving the patchy low-
velocity structure into a coherent geological body. This
improves the SSIM to 0.812 + 0.015; however, the model
struggles to recover peak high-velocity intensities, limiting
RMSE reduction to 2.54 + 0.18 %. In contrast, the U-Net-
BFM variant (Figure 9B) excels at sharpening local
boundaries and filtering noise. It successfully recovers the
high-velocity core (> 5000 m/s), reducing the RMSE to
2.48 + 0.14 %, though the background strata morphology
remains discontinuous.

The proposed DB-MS-CAN (Figure 9D) integrates
these complementary advantages, retaining MDFA-derived
stratification and BFM-captured high-intensity cores. This
completeness translates to state-of-the-art performance,
achieving a peak SSIM of 0.925 + 0.008 and a minimum
RMSE of 2.17 + 0.10 %.

Table 3 reveals a progressive reduction in metric
variance as modules are integrated (SSIM standard
deviation decreases from + 0.019 to + 0.008). This trend
confirms that introducing domain knowledge—multi-
scale constraints and transient signal decoupling—acts

as a strong regularization factor. By constraining the
solution space to geologically plausible manifolds, the
full model significantly enhances inversion stability and
reproducibility.

As additional modules are integrated, the overall
running time of the model increases, as illustrated in
Figure 10. However, this computational cost is acceptable
considering the significant performance improvements.

3.3.3. Comparative verification with known ground
truth

To mitigate field label uncertainty and evaluate the
theoretical limits of DB-MS-CAN, we developed a synthetic
benchmark following the microseismic perturbation
framework. Unlike simplified layered models, our
benchmark employs a physically-constrained stochastic
strategy to embed high-contrast polygonal anomalies (V >
5200 m/s) and low-velocity voids (V < 3800 m/s). To bridge
the ‘simulation-to-reality’ gap, high-order finite-difference
modeling was employed, with site-specific industrial noise
superimposed to ensure model robustness under complex
field SNR conditions.

Utilizing this benchmark, we compare our method
against two advanced baselines: PINN* (physics-driven)
and a Vision Transformer-based network®* (data-
driven). To ensure a fair comparison, all baseline models
were implemented using standard training protocols
widely adopted in recent literature and were trained to
convergence under identical hardware environments.

Figure 11A presents the ground truth velocity model,
constructed based on rock mechanics principles to
simulate a heterogeneous mining environment. Featuring
a high-velocity stress concentration zone (> 5000 m/s) and
a low-velocity void (< 3800 m/s), the significant contrast

Table 3. Ablation study results of components in the DB-MS-CAN model

Model SSIM (mean + SD) RMSE (%) (mean + SD) R (mean * SD)
U-Net 0.733 £ 0.019 2.65 £ 0.26 0.940 = 0.014
U-Net-MDFA 0.812 £ 0.015 2.54£0.18 0.947 £ 0.009
U-Net-BFM 0.855+0.011 248 £0.14 0.951 +0.007
DB-MS-CAN 0.925 £+ 0.008 2.17 £0.10 0.968 + 0.004

Abbreviations: BFM: Dual-Branch Fusion Module; DB-MS-CAN: Dual-Branch Multi-Scale Convolutional Attention Network; MDFA: Multi-Scale
Dense Feature Aggregation; RMSE: Root mean square error; SSIM: Structural similarity index.
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Figure 9. Velocity inversion images of (A) U-Net, (B) U-Net-BFM, (C) U-Net-MDFA, and (D) DB-MS-CAN. The dashed-line circles in (A) through (C)
point out the reconstruction defects of the baseline and ablated models compared to the proposed architecture.
Abbreviations: BFM: Dual-Branch Fusion Module; DB-MS-CAN: Dual-Branch Multi-Scale Convolutional Attention Network; MDFA: Multi-Scale Dense

Feature Aggregation.

Figure 10. Training time and inference time

Abbreviations: BFM: Dual-Branch Fusion Module; DB-MS-CAN: Dual-Branch Multi-Scale Convolutional Attention Network; MDFA: Multi-Scale Dense

Feature Aggregation.

(> 1200 m/s) serves as a precise benchmark for evaluating
boundary delineation capabilities.

Against this benchmark, the PINN method (Figure
11B) successfully identifies the relative positions of the
low-velocity void (blue region) and the high-velocity
stress zone, demonstrating that physical constraints
effectively guide the model toward a geologically plausible

solution. However, visual inspection reveals significant
over-smoothing, characterized by blurred high-stress
zone boundaries and a failure to recover peak intensities.
This amplitude attenuation, induced by soft physical
regularization, results in suboptimal quantitative metrics:
an SSIM of 0.875 + 0.024 and an RMSE of 2.90 + 0.32%.
The notably large standard deviation (+ 0.32) suggests
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that convergence remains highly sensitive to initial weight
distributions and the balancing of loss terms.

Similarly, the Vision Transformer-based network
(Figure 11C) exhibits exceptional global context modeling
capabilities. Benefiting from its self-attention mechanism,
it achieves accurate macro-scale positioning of anomalies,
which is reflected in a high Pearson correlation coefficient
(R = 0.952). Nevertheless, the result is compromised by
visible blocky artifacts and jagged discontinuities along
anomaly boundaries, a consequence of its patch-based
processing mechanism. This local fragmentation limits
pixel-level fidelity, yielding an RMSE of 2.87 + 0.25%,
which offers no significant improvement over the PINN
baseline.

In contrast, the proposed DB-MS-CAN (Figure
11D) delivers superior reconstruction performance. It is
worth noting that its reconstruction of the homogeneous
background is slightly less smooth than that of the
PINN, with minor textural fluctuations observable. This
is a characteristic behavior of CNN-based architectures
inferring from local receptive fields rather than global
governing equations. However, this minor background
noise does not affect the identification of the high-
stress anomaly, which is the primary objective of safety
monitoring. Crucially, the model effectively eliminates
baseline artifacts, precisely recovering sharp geometric
boundaries and physical extremum values (> 5200 m/s).
This fidelity translates into state-of-the-art metrics: a
peak SSIM of 0.918 + 0.009 and a minimum RMSE of
1.96 + 0.12%. The significantly lower variance (+£0.009)
demonstrates the architecture’s exceptional robustness in
resolving complex geological heterogeneities.

3.4. Field validation

3.4.1. Comparison with traditional methods

To comprehensively evaluate the performance of the
proposed method, this section compares the DB-MS-

CAN model with two representative traditional velocity
inversion techniques: passive seismic tomography (CT)
and FWT. For a rigorous comparison, strictly identical test
data from the mining area described in Section 3.1 were
used for all inversion tasks. The implementation details
and configuration strategies for the traditional methods
are as follows:

(i) Passive CT: Implemented using the fast sweeping
method (FSM) for forward modeling and the Least
Squares with QR-factorization (LSQR) algorithm for
inversion, with a grid resolution of 10 x 10 m.

FWI configuration: We employed a time-domain
acoustic FWI with a multi-scale inversion strategy
to effectively mitigate cycle-skipping. Specifically, a
smoothed one-dimensional velocity model derived
from pilot surveys was utilized as the initial model.
The inversion process was executed sequentially across
three frequency bands: 0-30 Hz, 0-60 Hz, and 0-120
Hz. We adopted the L-BFGS optimizer (memory
depth of 10) with strict stopping criteria, terminating
iterations when the relative change in the objective
function fell below 1 x 10 or reached a maximum
of 50 iterations per band. Finally, the inversion grid
was refined to a resolution of 5 x 5 m to align with the
output of the deep learning model.

(ii)

Traditional methods relied on a workstation with an
Intel Xeon Gold 6248R CPU (standard for parallelized
iterative solvers), while the DB-MS-CAN inference was
conducted on a single NVIDIA RTX 4060 GPU.

The quantitative performance comparison is
summarized in Table 5 and Figure 12, while a comparison
of the running time is provided in Figure 13.

Constrained by ray-theory approximations, the CT
inversion (Figure 12A) exhibits severe spectral leakage and
over-smoothing. It fails to resolve fine-grained geological
textures or recover velocity extrema, missing both the deep

Table 4. Quantitative performance comparison of different inversion methods on the synthetic benchmark

Method SSIM (mean + SD) RMSE (%) (mean + SD) R (Pearson) (mean + SD)
PINN 0.875 £ 0.024 2.90 £0.32 0.924 £ 0.018
Transformer 0.885+0.018 2.87 £0.25 0.952 +0.012
DB-MS-CAN 0.918 £+ 0.009 1.96 £ 0.12 0.976 + 0.005

Abbreviations: DB-MS-CAN: Dual-Branch Multi-Scale Convolutional Attention Network; PINN: Physics-Informed Neural Network; RMSE: Root mean

square error; SSIM: Structural similarity index.
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Figure 11. Comparison of velocity inversion results on the synthetic benchmark: (A) Ground truth model; (B) PINN; (C) Vision Transformer; (D)
DB-MS-CAN. The dashed-line circles point out the key high-velocity and low-velocity anomalies, serving as a visual reference to compare the exact
structures in (A) with the inaccurately reconstructed regions in (B) and (C).
Abbreviations: DB-MS-CAN: Dual-Branch Multi-Scale Convolutional Attention Network; PINN: Physics-Informed Neural Network.

blue intervals (< 3600 m/s) and deep red stress zones (>
5200 m/s). This limitation yields the poorest quantitative
performance, characterized by an RMSE of 3.65 + 0.52%
and an SSIM of 0.720 + 0.045. The notably large standard
deviation (+0.52) highlights the inherent instability of ray-
based tomography, which remains highly sensitive to ray
coverage density and initial model selection.

The FWI result (Figure 12B) demonstrates marginal
visual improvement by incorporating waveform
information, reducing the RMSE to 2.87 + 0.38%. However,
structural definition remains indistinct, and boundary
integrity is compromised by non-physical artifacts arising
from cycle-skipping. The suboptimal SSIM (0.815 + 0.032)
and substantial metric variance indicate that optimization-
based methods struggle to converge consistently under
complex non-linear conditions, often trapping in local
minima.

In contrast, the proposed DB-MS-CAN (Figure 12C)
delivers the most geologically consistent reconstruction.
It precisely delineates complex stratification within low-
velocity zones and recovers the full dynamic range of the
velocity field. This fidelity translates into state-of-the-art
metrics: a peak SSIM of 0.925 + 0.008 and a minimum
RMSE of 2.17 £ 0.11% (a ~40% error reduction compared
to CT). The minimal variance significantly outperforms
traditional methods (CT’s + 0.52 and FWIs * 0.38),
demonstrating superior reproducibility for safety-critical
monitoring. Additionally, the inference time of ~7 seconds
achieves near-real-time performance, providing an optimal
balance between accuracy and efficiency.

3.4.2. Robustness and noise tolerance experiment

The test dataset utilized in this study is derived from raw
in situ microseismic monitoring. Consequently, the input
waveforms inherently contain complex, real-world mining
interference, including mechanical vibrations, electrical
hum, and background blasting noise (as visualized in
Figure 14). The model’s high performance on this test set
implicitly validates its robustness against realistic non-
Gaussian noise.

To rigorously evaluate the models theoretical
stability limits under strictly controlled SNR conditions,
we introduced Gaussian white noise as an additional
stress test variable. We constructed a stress-test dataset
by superimposing Gaussian white noise onto the test
waveformsat SNRsof 10dB, 5dB, and 0 dB. The performance
degradation of the three methods is quantified in Figure
15.

To rigorously evaluate the theoretical stability limits
under strictly controlled SNR conditions, we introduced
Gaussian white noise as an additional stress test variable.
We constructed a stress-test dataset by superimposing
noise onto the test waveforms at varying levels: Noise-
free, 10 dB, 5 dB, and 0 dB. The quantitative performance
degradation of the three methods is illustrated in Figure
15.

As the noise level increases (i.e., SNR decreases), a
general decline in performance is observed across all
inversion methods. However, the proposed DB-MS-
CAN demonstrates exceptional robustness compared to

Volume 35 Issue 3 (2026)

14

doi: 10.36922/JSE025480121


https://doi.org/10.36922/JSE025480121

Journal of Seismic Exploration

DB-MS-CAN for velocity inversion

Table 5. Performance comparison of DB-MS-CAN with conventional inversion methods

Method SSIM (mean + SD) RMSE (%) (mean + SD) R (mean + SD)
CT wave velocity 0.720 + 0.045 3.65+0.52 0.85 £ 0.035
FWI 0.815 +0.032 2.87£0.38 0.931 +0.022
DB-MS-CAN 0.925 £ 0.008 217 £0.11 0.968 + 0.004

Abbreviations: CT: Computed tomography; DB-MS-CAN: Dual-Branch Multi-Scale Convolutional Attention Network; FWI: Full waveform inversion;

RMSE: Root mean square error; SSIM: Structural similarity index.

Figure 12. Visual comparison of velocity inversion results between traditional methods and the proposed DB-MS-CAN model. (A) CT velocity inversion
image. (B) FWI inversion image. (C) DB-MS-CAN. The dashed-line circles point out local inversion inaccuracies and structural distortions in the

traditional methods, which are effectively overcame by the DB-MS-CAN model in (C).

Abbreviations: CT: Computed tomography; DB-MS-CAN: Dual-Branch Multi-Scale Convolutional Attention Network; FWI: Full waveform inversion.

Volume 35 Issue 3 (2026) 15

doi: 10.36922/JSE025480121


https://doi.org/10.36922/JSE025480121

Journal of Seismic Exploration

DB-MS-CAN for velocity inversion

Figure 13. Running time of the three methods

Abbreviations: CT: Computed tomography; DB-MS-CAN: Dual-Branch Multi-Scale Convolutional Attention Network; FWI: Full waveform inversion.

traditional approaches.

First, regarding structural fidelity (Figure 15A), the
SSIM of the traditional CT method (black line) drops
precipitously from ~0.79 to ~0.63 as noise intensifies to
0 dB, indicating severe structural distortion. In contrast,
DB-MS-CAN (blue line) maintains a high SSIM (> 0.92)
even under the harshest 0 dB conditions, significantly
outperforming FWI and CT. This suggests that the
multi-scale aggregation mechanism effectively preserves
geological structural details despite heavy interference.

Second, in terms of numerical accuracy (Figure 15B),
the RMSE of the CT method exhibits a sharp linear
increase, exceeding 5.4% at 0 dB. Conversely, DB-MS-
CAN maintains the lowest error rate, with the RMSE rising
only marginally to ~2.6%. The gentle slope of the blue
curve confirms the models stability in minimizing velocity
deviations.

Finally, the correlation coefficient (R value) in Figure
15 further validates the model’s reliability. While the R
value for CT and FWI falls to approximately 0.70 and 0.85
respectively at 0 dB, DB-MS-CAN sustains a correlation
above 0.92. This superior performance is attributed to
the BFM, which adaptively assigns low attention weights
to noise-dominated time steps, effectively “locking
on” to effective signal phases and filtering out random
interference.

4, Discussion

The primary bottleneck in microseismic monitoring for
mine safety has consistently been the trade-oft between

inversion accuracy and computational efficiency.

Traditional methods represent two extremes: travel-time
tomography (CT) is fast but lacks detail, while FWT is
precise but computationally intensive. The DB-MS-CAN
model proposed in this study effectively bridges this
gap. While there are formal differences in comparing an
offline-trained deep learning model with online iteratively
optimized traditional methods, this comparison possesses
substantial fairness and significant industrial value within
the specific context of dynamic mine safety monitoring.
Traditional methods, particularly FWI, treat each
microseismic event as an independent problem and must
solve the wave equation from scratch. While this strategy is
reasonable in exploration seismology, it appears redundant
in real-time early warning scenarios. By shifting the heavy
computational burden to the offline training phase, DB-MS-
CAN achieves an online inference speed of approximately
7 seconds per event. This near-real-time processing
capability allows the stress field to be updated dynamically
at a speed synchronous with event occurrence, enabling
engineers to promptly identify hazardous precursors such
as high-stress concentration zones. Furthermore, both
CT and FWI used for comparison in this paper employ
industry-leading optimization algorithms to ensure
performance, which further highlights the generational
efficiency advantage of the proposed model.

Moreover, compared with current state-of-the-art
models, the model in this paper maintains an advantage.
Ablation experiments confirm the strengths and roles of
each module within the model: the MDFA module focuses
on the spatial continuity of low-frequency geological
structures, while the BEM module focuses on the transient
scattering of high-frequency P/S waves.
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Figure 14. Raw microseismic signals featuring complex real-world noise

Figure 15. Evaluation metrics of the three methods after adding noise

Abbreviations: CT: Computed tomography; DB-MS-CAN: Dual-Branch Multi-Scale Convolutional Attention Network; FWI: Full waveform inversion;

RMSE: Root mean square error; SSIM: Structural similarity index.

Although this study has achieved encouraging results
in specific mining areas, to meet rigorous scientific
standards, we must frankly discuss the limitations of
the current method: synthetic vs. field data. Laboratory
synthetic data are simpler than field data and struggle
to restore the complex geological structures of mining

environments. This paper adopts a strategy of synthesizing
ground truth based on the actual physical environment
of the mining area to ensure that the validation of the
model under complex working conditions has practical
significance. Additionally, to ensure data accuracy, our
field labels are not purely data-driven results but are
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subjected to strict geological constraints from currently
publicly available borehole logging and active source
detection, followed by manual screening by experienced
experts. This minimizes the non-uniqueness errors
inherent in offline CT itself. Nonetheless, we acknowledge
that systematic errors in offline inversion may still set an
upper bound on model accuracy, potentially introducing
risks of bias transfer and circular validation. To verify
the reliability of the proposed model, we introduced
a synthetic benchmark dataset generated via physical
equation forward modeling. In this experiment, the
ground truth is absolutely precise and independent of any
inversion algorithm. The performance of DB-MS-CAN
over PINN and Transformer on synthetic data proves that
the network has indeed learned spatiotemporal patterns
consistent with wavefield propagation physics, rather than
merely fitting specific artifacts of offline tomography. In
comparative experiments, we found that PINN possesses
a natural physical advantage in background smoothness,
while Transformer excels in global macro-positioning.
Future work will explore unsupervised learning or
reference the advantages of PINN and Transformer by
using wave equation residuals directly as a loss function to
fundamentally escape dependence on labeled data.

Current validation is based on data from a single
mine. While the dataset provides comprehensive spatial
coverage, its “universal applicability” should currently
be limited to engineering environments with similar
geological backgrounds. The main challenge facing cross-
mine application is domain drift. The different dilation rate
features captured by MDFA correspond respectively to
fractures and structures of different scales in the geological
body. This “scale-independent” feature extraction
capability gives it potential structural robustness when
processing heterogeneities of different scales across mines.
Future work for this model will focus on physics-driven
transfer learning, utilizing the architecture’s ability to
capture physical laws to achieve small-sample fine-tuning
for new scenarios.

The current model assumes a relatively fixed sensor
layout. However, in actual mining, rock movement may
lead to sensor displacement or failure, thereby causing
changes in input tensor patterns. It is crucial to highlight
that the Channel Attention mechanism within the BFM
module provides an inherent degree of topological
robustness against sensor malfunctions. As demonstrated
in our quantitative analysis (Figure 5C), the proposed
mechanism autonomously learns to evaluate sensor
reliability. For noise-dominated or faulty channels, such as
Channel 2, the network assigns a significantly suppressed

weight (0.13), effectively filtering out misleading data.
Conversely, the model prioritizes high-fidelity signals
by assigning dominant weights to coherent channels
like Channel 7 (0.78). This adaptive weighting capability
ensures that the inversion process remains stable even
under partial sensor failure, significantly enhancing the
practical utility of DB-MS-CAN for continuous safety-
critical monitoring in harsh industrial settings.

5. Conclusion

This study proposes the DB-MS-CAN deep learning
framework to address the difficulty of balancing inversion
accuracy and computational efficiency in microseismic
passive tomography. By integrating multi-scale feature
aggregation and a dual-branch attention mechanism, this
method demonstrates potential superior to traditional
methods in the studied mining environment. The core
findings and contributions of this research are summarized
as follows: The proposed framework, through an offline
learning strategy, reduces the inference time for a single
event to approximately 7 seconds while maintaining
structural fidelity (SSIM 0.925) comparable to high-
precision physical inversion, providing a feasible technical
path for real-time dynamic disaster warning. The temporal
decoupling mechanism of the BFM module endows
the model with stability in strong noise environments.
Even under stress tests with a 0 dB signal-to-noise ratio,
the model maintains a high correlation coefficient,
indicating its ability to adapt to complex industrial site
noise environments. Compared to general computer
vision models, the network architecture integrating the
MDFA and BFM modules shows significant advantages
in resolving micro-scale fractures and macro-scale fault
zones.
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