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ABSTRACT

Passive-source seismic interferometry (SI) demonstrates sig-
nificant potential in geophysical monitoring owing to its low
cost and nondestructive attributes. However, uneven noise
source distributions, pervasive surface waves, and other sources
of noise often obscure body wave reflections, leading to very
low signal-to-noise ratios in reconstructed signals. Addition-
ally, long-term data acquisition generates large, high-noise
data sets, increasing processing costs. Thus, rapidly retrieving
body wave-dominated segments is essential for preprocessing.
In this study, a convolutional self-attention encoder (CSE) was
introduced to address these challenges. This method adopted
multimodal inputs consisting of noise segments and their corre-
sponding frequency attributes, enhancing overall performance.
An attention mechanism was integrated to construct a binary
classifier based on the CSE, enhancing contextual understand-
ing. These steps helped the CSE to better learn features from the
data sets, thereby improving generalization ability and prediction

accuracy. Accordingly, the network was updated through incre-
mental learning on small data sets, enabling continuous pre-
diction and gradual adaptation to new data. This enabled us
to rapidly generate large, high-quality training data sets and to
train models with high performance. To further improve predic-
tion data quality, the intermediate features extracted from the
deep convolutional layers corresponding to the retrieved body
wave events were extracted, and these features were clustered
to perform quality classification of the retrieved data. Synthetic
simulation data and field data from Northwest China validated
that the proposed method retrieves and classifies body wave
reflections with high accuracy and efficiency, providing robust
data for subsequent monitoring and enhancing imaging results.
The proposed method provides efficient and reliable data pre-
processing for the application of passive-source SI in energy
transition scenarios, such as subsurface fluid migration moni-
toring and carbon dioxide geological sequestration, and facil-
itates the development of low-carbon exploration and green
transformation in the energy industry.

INTRODUCTION

In the context of energy transition and climate change, technol-
ogies such as the low-carbon development of unconventional oil
and gas and geological carbon dioxide (CO,) sequestration have
become critical to achieving carbon neutrality goals. Passive-source
seismic interferometry (SI) (Wapenaar et al., 2008), characterized

by its environmentally friendly nature and lack of reliance on arti-
ficial seismic sources, demonstrates unique advantages in these
scenarios by enabling low-cost, sustainable subsurface dynamic
monitoring. By applying interferometry and processing to long-
term background noise recordings, surface and body waves similar
to those from active sources can be extracted from the noise for
subsequent imaging. The passive-source method was first proposed
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by Aki (1957), who proposed an innovative technique for inverting
subsurface velocity structures using seismic noise recordings.

Claerbout (1968) demonstrated that the autocorrelation of
seismic recordings transmitted from the subsurface when received
at the free surface of a horizontally layered medium is equivalent to
the zero-offset record. They referred to this correlation calculation
method as “daylight imaging” Rickett et al. (1999) verified Claer-
bout’s theory by obtaining a zero-offset profile that matched the
active source profile through autocorrelation. Schuster et al. (2001)
processed the virtual shot collection obtained through cross-cor-
relation during the active source imaging process, obtained images
of subsurface reflection structures, and renamed the original “day-
light imaging” to “seismic interferometry” Bensen et al. (2007)
proposed a method for processing background noise data. These
studies became the foundation of SI theory.

In the field of natural earthquakes, the passive-source seismic
SI method has advanced significantly and has been successfully
applied to crustal imaging (Nakata et al., 2011; Olugboji et al., 2016;
Lu et al., 2018) and subsurface monitoring (Bohnhoft et al., 2010;
Mao et al,, 2022). In the field of exploration seismology, due to the
ubiquitous surface wave sources, background noise data recorded
by geophones often contain a large amount of surface wave infor-
mation. Therefore, the passive surface wave method based on SI has
rapidly advanced and has been widely used in near-surface shear
wave velocity modeling (Cheng et al., 2016; Zhang et al., 2019;
Mordret et al., 2020; Ning et al., 2021; Wu et al., 2023), reaching a
relatively mature stage of development.

Years of research and experiments have proven that pas-
sive-source SI body wave imaging has significant application
potential in tasks such as subsurface structure imaging (Wegler et
al,, 2007; Draganov et al., 2009; Xu et al,, 2012; Zhang et al., 2022),
mine monitoring (Cheraghi et al,, 2015; Li et al.,, 2015; Gu et al.,
2021), CO, geological and gas storage monitoring (Boullenger et
al,, 2015; Cheraghi et al., 2017), and oil exploration and develop-
ment (da Silva et al., 2021; Likhacheva et al., 2021; Wu et al., 2025).
Passive body wave imaging still suffers from low signal-to-noise
ratios (SNR), limited resolution, and low imaging efficiency, which
significantly constrain its large-scale application. Consequently,
extracting body waves useful for imaging from seismic background
noise has become a prominent research focus, attracting consider-
able research attention from scholars.

One type of method focuses on filtering the original data to
highlight the body wave signal. These include coherence filtering
(Nakata et al., 2015), polarization filtering (Dangwal et al., 2021),
and filtering based on singular value decomposition (Moreau et al.,
2017), among others. Such methods are more suitable for regions
with favorable data collection conditions. Another type of method
focuses on selective superposition, that is, retaining time panels
related to body waves while rejecting time segments dominated
by other waves. Effective solutions include beamforming (Rost
and Thomas, 2017), illumination diagnosis (Almagro Vidal et al.,
2014; Chamarczuk et al., 2019), statistical time series classification
(Groos et al., 2012), the local similarity approach (Li et al., 2018),
SNR calculation (Liu et al., 2021), and other methods. This type
of method is more suitable for areas with poor data collection
conditions; however, most of these data selection approaches are
either semiautomatic or performed on cross-correlated data, which
increases processing costs. Each of these traditional methods has
distinct characteristics; however, they are ineffective when applied
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to large volumes of background noise data spanning tens of days or
even months.

Machine learning and deep learning have offer rapid inference
capabilities and have been widely applied in recent years to auto-
mate various tasks in geophysics, including seismic data denoising,
full waveform inversion, seismic imaging, first-break picking, data
reconstruction, and seismic inversion, with satisfactory results
(Pan et al., 2020; Zhang and Gao, 2021; Zhang et al., 2021; Wu et al.,
2022; Liu et al., 2023a, 2023b; Torres et al., 2023). These applications
demonstrate the applicability of deep learning in seismic explora-
tion. Deep learning methods have also been used in passive-source
seismic exploration; however, they are mostly limited to extract-
ing surface wave signals from natural earthquakes or near-surface
noise (Zhang et al., 2020; Chen et al., 2023). Few practical studies
have applied deep learning to passive-source body wave explora-
tion. Some scholars have used deep learning networks to recover
virtual shot records from short-term noise panels, achieving good
synthetic results (Sun et al., 2023; Ma et al., 2024; Zhao et al., 2024).

In regions with complex data acquisition environments, retriev-
ing body wave events is a crucial step; however, traditional methods
are insufficient when handling massive background noise data
spanning weeks or even months. Deep learning has fast inference
capabilities; however, there are challenges in building reliable train-
ing data sets. Because high-quality, short-time noise segments con-
taining effective body waves are scarce in collected data and data
quality is limited, the cost of generating high-quality training data
sets is high. Therefore, there is limited research on using deep learn-
ing to retrieve body wave signals from ambient noise. Chamarczuk
et al. (2019) applied, for the first time, a support vector machine
combined with body wave velocity constraints in the tau-p domain
to evaluate a set of virtual shots after correlation. They successfully
retrieved body wave events in the collected data. Next, Mezyk et al.
(2021) used a convolutional neural network (CNN) combined with
a specific visual geometry module to construct a binary classifica-
tion model. This model analyzes multiple image features of noisy
segments fed into the network, enabling body-wave events in the
noisy segments to be detected prior to correlation operations and
classifying them. However, the above methods require considerable
time to produce data sets.

In this study, we propose a novel, fast retrieval and classifica-
tion method for passive-source seismic body wave events using
a convolutional self-attention encoder (CSE). This approach can
quickly and robustly extract high-quality body wave events from
massive ambient noise and is applied to the real-time monitoring of
gas storage. It shows great potential in monitoring scenarios, such
as unconventional low-carbon oil and gas development and CO,
geological storage, providing a low-cost and sustainable novel sub-
surface dynamic monitoring solution for the energy industry. First,
the data set construction process based on illumination diagnosis
and incremental learning is introduced, enabling rapid generation
of high-quality training data by combining traditional methods
with machine learning. Next, the network training mechanism and
retrieval-classification process are described, which enhance pre-
diction accuracy through multimodal feature input and optimiza-
tion of the attention mechanism. Finally, the effectiveness of the
proposed method is demonstrated on synthetic data and field data.
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METHODS
Review of the SI method

In a closed-domain context characterized by a nonuniform and
lossless medium, we assumed acquisition geometry where the
source completely surrounds the receiver. The seismic sources are
located in the subsurface, with two receivers, A and B, on the ground
surface. By performing cross-correlation on the passive recordings
at these two receivers, it is possible to derive Green’s function repre-
senting the reflection response between them as follows:

{G(xB,xA,t)+G<xB,xA,—t>}*y<t>ziS(xB,ﬂ*S(xA,—t), )

where G(xg,x,,t) is the seismic reflection record (Green’s func-
tion) excited at receiver location x, and received at receiver loca-
tion x5, which is also referred to as the causal part; G(x,,x,,~1) is
the noncausal part; ¥(f) denotes the result of the convolution of
the noise component contained in the noisy signal; 0 and ¢ are
the constant mass density and velocity of the medium, respectively;
S(x4,0) and S(xz,f) denote the seismic response received by the
two receivers at x, and x, respectively; and * denotes the con-
volution operation.

Currently, equation 1 is typically used to reconstruct Green’s
function through cross-correlation and stack processing of long-
term background noise data. Notably, the reconstruction result
is affected by the source wavelet; however, the normalization and
spectral whitening applied during the data preprocessing in this
study can mitigate this effect. However, few segments in the field
data contain effective body wave events, and the abundance of
noise affects the reconstructed virtual source function. Therefore, it
is crucial to extract body waves that are beneficial for imaging from
seismic ambient noise.

Construction of training data sets based on incremental
learning

Inspired by incremental learning (Rebuffi et al., 2017), we used a
two-step method that combined the traditional illumination diag-
nosis method with deep learning to construct the training data sets.
The illumination diagnosis method (Almagro Vidal et al., 2014)
primarily relies on the velocity difference between body and surface
waves within the study area. By setting a threshold for the slowness
parameter, the method determines whether body waves dominate
the cross-correlated noise panels. Building upon this, the 3D illu-
mination diagnosis method (Chamarczuk et al., 2019) enhances
accuracy by incorporating arrival time information of subsurface
transient sources propagating to different receiver lines. In general,
subsurface seismic sources are transient during passive-source
data acquisition. The illumination characteristics of these transient
sources can be analyzed in the corresponding virtual source panel,
described as follows:

1
CS (xp,x4,t)=— (1 (x4, %x5,—t gy 0bs Xp,Xs,t)).
(sm500) =L (1 (et 1) 0 (e ). )
Suppose that a source is located at receiver x,, emitting
energy to multiple receivers x; within a finite angular window.
Let * denote time convolution and u°(x,,xs,~t) represent the
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reverse-time wavefield observed at x, from a transient source
at xg. The ray parameter of the event at time t = 0 s, observed at
the position of receiver x, (virtual source position), provides a
measure of the illumination characteristics of the primary tran-
sient source captured in a given noise panel. This ray parameter
serves as a potential tool for distinguishing between surface waves
and body waves. Then, we used the slant-stack transform of field v,
V(p,t)=[v(x, T + px)dx, where P is the ray parameter, x is
the offset, and 7 is the intercept time at P=0. We subsequently
evaluated the slant stack at 7 =0 s for each virtual common-source
panel C*:

CS(XAap):JCS[xBaxA’P'(xB_xA)]de> (3)

where C° represents the virtual-source function of the transient
source S in the T — p domain. C® describes the dominant ray-pa-
rameter contribution from the transient source to the virtual source
located at x, and recorded at x,. Based on the expected velocities
of body waves and surface waves in the study area, ray parameter
limits can be established, and the discrimination criteria defined
as follows:

. G
CH(XpXat)=1 1

;(u""s (seas 55—t ) *u™ (xﬂyx&t))’ if maX(Héf (XA’P)H) < Plimit>

(4)

where max(H@LS (x A’P)H) is the dominant ray-parameter value and
Diimi is the expected minimum slowness of P-waves in the record-
ing area. The above steps describe the traditional illumination diag-
nosis method. Next, we performed this analysis simultaneously
on a noise panel recorded across several parallel receiver lines,
denoted by the subscript L, thereby extending the illumination
analysis to 3D. The time difference between body wave events arriv-
ing from the subsurface to different receiving lines on the surface
is significantly smaller than that of surface waves arriving at differ-
ent receiving lines on the surface. Therefore, we scanned the noise
panels using a sliding time window, evaluated the ray parameters of
the dominant events within each window, and identified the event
with the highest slant-stack value across the entire panel. Given
the difference in arrival times At for this event from the ith par-
allel receiver line and the distance Ax; between them, the apparent
slowness p; in the crossline direction is estimated as follows:

_An
pi_AX,-. (5)

According to the predefined body wave speed limit, the final dis-
crimination criterion is defined as follows:

0, if PLADPY> Py

obs _ limit

SL (t)_ obs . < (6)
Sbody> i P1 APy S Priics

where S%(f) represents the noise panel after passing the first step
and sg’ij represents the noise panel classified as containing body
wave events. Readers are referred to Almagro Vidal et al. (2014)
and Chamarczuk et al. (2019) for a detailed description on the illu-
mination diagnosis procedure.
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Because noisy segments containing body wave events are scarce
and the illumination diagnosis method requires correlation opera-
tions on raw data, the cost of generating a large number of high-qual-
ity data sets using this method is significant. Deep learning has the
advantage of fast inference. As shown in Figure 1, incremental learn-
ing is an efficient deep learning approach that updates the model
by gradually learning new data without retraining the entire model.
This method is particularly suitable for processing large-scale or
continuously evolving data sets, as it can not only significantly
reduce running time but also enhance the model’s adaptability.

Inspired by incremental learning (Rebuffi et al, 2017) and
aiming to generate large, high-quality data sets more rapidly while
achieving better training results, we propose the workflow shown in
Figure 2. First, a small initial training data set is generated through
the illumination diagnosis method, with each sample verified for
accuracy. Then, the model is preliminarily trained using the initial
data sets to provide it with basic retrieval capabilities. The trained
model is subsequently applied to new, unlabeled data to obtain pre-
liminary prediction results.

These prediction results are corrected manually or semi-auto-
matically, and the corrected samples are added to the training data
set to further optimize and enhance the model’s performance. As
model performance improves, new training data are continuously
added for testing and correction, gradually expanding the size of
the training data set. Each optimization cycle builds on the results
of the previous round of corrections and training. After multiple
adjustments, the size and quality of the training data set are greatly

New Datasets 1 New Datasets 2

Initial Datasets

Learning Learning

Model 1 Model 2

—

Incremental Learning

Figure 1. Incremental learning diagram.

Stepl Step2
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improved, and the model eventually achieves a stable, high-preci-
sion level. This gradual expansion enables the rapid acquisition of
large, high-quality training data sets while avoiding retraining on
the entire data set, thereby greatly reducing computational costs.

Network architecture

We developed an end-to-end CSE to learn different features
from various noise data segments for data classification, enabling
efficient data-driven retrieval of body wave events. This approach
enables direct classification of data before cross-correlation oper-
ations. Figure 3a depicts the network architecture, which primar-
ily consists of three parts: the self-attention mechanism (SAM),
the CNN, and fully connected layers. The principle of this model
is to feed the preprocessed seismic data and their corresponding
actual and imaginary components, obtained via Fourier transfor-
mation, into the network. First, the CNN layer extracts nonlinear
spatial features. By jointly inputting time-domain and frequency
features, the network better captures the characteristics of body
wave events. Then, SAM (Vaswani et al., 2017) is applied to the
CNN layer output to discard irrelevant information and empha-
size features critical for retrieving body wave events. Then, the
fully connected layer adjusts the output dimension, and finally,
the output corresponds to the binary logic value of different
data types. The network architecture is relatively simple, and
the running cost is low. Because our objective was to distinguish
between segments containing body wave events and other noise

segments for binary classification, the
loss function of the network is

BCELoss =—(y*log(P)+(1— y)*log(1—P)),

)

L niew where P is the predicted value and ¥
= is the label value. Each CNN layer
N W consists of two convolutional layers,

one batch normalization layer and a
maximum pooling layer. The hyperpa-
rameters for each layer of the network

Model 3

architecture and the training hyperpa-
rameters are shown in Tables 1 and 2,
respectively.

We used six 2D convolutional layers.
The first through sixth layers used 16,

| Field ambient nosie

| Updated training dataset |

32,64, 32,16, and 1 convolution kernels

for feature extraction, respectively.
Each convolutional layer performs

| deeper feature extraction on the output

of the previous layer. The size of each

Test dataset ‘ convolution kernel was 3 x 3, with a

stride of 1 and padding of 1. By incor-
porating SAM, the CNN output layer

| was used as the query, key, and value

1 1
: I De mean and de trend | : l
i 1 '
1
! . 1 | 2D/3D illumination diagnosis ‘
' | Resallnpmg | ! g | CSE Network
1
: | Bandpass filterin: | :
' P 1 g :0—{ Preprocessing ‘
1
' - . i | Finally trained model H
: | Time splitting | 1
1
: l 1 | Small initial training dataset ‘ l
1
: I Time domain normalization | 1 |
\ Test results
: : CSE Network
[ I Spectral whitening | A Rt
[ ) l
| New training data }——-| Trained model ‘ Update

|

| Predicted results

Figure 2. Workflow of dataset construction and training.

vectors to redistribute feature weights.
This enables the model to more accu-
rately select and use significant features,
thereby improving its performance.
The output ) of the attention layer is
defined as follows:
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I=X-W,, I=QK.,V,

KT
Ja ' (8)

o = Soft max(scores),

scores =

y=a-V,
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and value matrices, respectively; d' is the dimension of the query
and key vectors; and o is the weight of SAM.

Evaluation and classification of retrieval results

In binary classification problems, prediction accuracy is typically

evaluated based on the difference between the actual and predicted
values. To measure the overall performance of the classifier under
different experimental conditions and to highlight the effectiveness

where X is the CNN output; Wy, Wy, and W, are the weight
matrices learned during training; O, K , and ¥ are the query, key,

a)
Input i Output
32
4 - Body wave or other?
Body wave: 1
16 , Other:0
S S S = - -
Real FFT |, —, & A A0 — A — 5 - T m
data g C 1x1

S
M ME M
1

s T

3xMxN "

@ BN @mu @ Max E
— — ool

Cony 2D
b)
Test datasets Trained network Retrieved results Trained network
g e

G = | = |F

& N g N
H 7 a5 S Output
Quality classification |, Clustering algorithm |<—| T-SNE dimensionality reduction l<— Tuternisliste

results features

Figure 3. (a) CSE network architecture for body wave event retrieval. (b) The quality classification
process of retrieved results.
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Figure 4. Two-dimensional synthetic P-wave velocity model. (a) Before gas injection. (b) After
gas injection.

and superiority of the proposed method, we introduced five evalu-
ation indicators: runtime, confusion matrix.

In addition, as shown in Figure 3b,
we reinput the retrieved body wave
events into the trained network model
and extracted the intermediate features
from the deep convolutional layer. After
dimensionality reduction, unsupervised
clustering analysis was performed to
classify the retrieved data effectively.
Notably, we output the intermediate fea-
tures after the flatten operation, with each
noise segment corresponding to a row
vector of features. This was performed to
avoid the loss of key information caused
by overly small feature dimensions, as
well as to prevent increased computa-
tional cost and the introduction of irrel-
evant features resulting from excessively
large dimensions. This approach allows
us to discard noise segments with incor-
rect predictions and body wave event
segments with low SNR, retaining only
the retrieved segments with high SNR to
further improve imaging quality.

To facilitate the visualization and
interpretation of the clustering results,
we first applied the t-distributed sto-
chastic neighbor embedding (T-SNE)
method (Vander Maaten et al., 2008) to
capture local similarities between points
in high-dimensional space and to sep-
arate projected samples represented by
detected body wave segments from other
irrelevant samples (see Appendix A
for T-SNE details). Then, the retrieved
body wave events can be distinguished
by further clustering the projection
points corresponding to the body wave
segments.

EXPERIMENTS AND RESULTS
Synthetic data test

To verify the feasibility of the method,
we established a synthetic model sim-
ulating the process before and after
gas injection in the storage facility and
generated extensive synthetic back-
ground noise data for testing. During
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Table 1. Main structural hyperparameters of the network.

Wu et al.

Stage Module

Hyperparameters

Conv2D_1
BN

Max pooling
Conv2D_2
BN

Max pooling
Conv2D_3
BN

Max pooling

Network architecture

Self-attention layer
Conv2D_4

BN

Max pooling
Self-attention layer
Conv2D 5

BN

Max pooling
Self-attention layer
Conv2D_6

BN

Max pooling

Full connected layer

Input channels: 3 Output channels: 16
Number of features: 16

Pooling size: 3 Stride:2

Input channels: 16 Output channels: 32
Number of features: 32

Pooling size: 3 Stride: 2

Input channels: 32 Output channels: 64
Number of features: 64

Pooling size: 3 Stride: 2

Hidden dimension: 64 Output dimension: 64
Input channels :64 Output channels: 32
Number of features: 32

Pooling size: 3 Stride: 2

Hidden dimension: 32 Output dimension: 32
Input channels: 32 Output channels: 16
Number of features: 16

Pooling size: 3 Stride: 2

Hidden dimension: 16 Output dimension: 16
Input channels: 16 Output channels:1
Number of features: 1

Pooling size: 3 Stride: 2

Output: 1

Table 2. List of training hyperparameters.

Stage Hyperparameters

Optimizer: Adam

Batch size: 8

Learning rate: 0.001

Loss function: BCE

Epochs: 50

Activation function: Sigmod
GPU: 4x1080Ti

Training

gas injection into the ground, the seismic velocity state of the res-
ervoir changes; therefore, a new model is created by modifying the
formation velocity after gas injection. Because gas injection is a
complex process, we focused on quickly retrieving noise segments
containing body wave events and used only simple velocity changes
to replace the changes in the ground before and after gas injection.

To more intuitively observe the changes before and after gas
injection, a 2D synthetic model was established for experiments.
Figure 4a shows the original model, whereas Figure 4b depicts the
model after gas injection, where the P-wave velocity in the target gas
injection area decreased by 800 m/s. We used the finite-difference
2D elastic wave seismic wave field simulation method. Notably, the
field data were collected as single-component data; therefore, only
the Z-component data were used. To better simulate actual subsur-
face conditions, 300 seismic sources were randomly distributed on
the surface (generating noise such as surface waves), at injection
locations, and at the bottom of the model.

The 101 receivers were located on the surface, spaced 20 m
apart, with a sampling interval of 4 ms. The source wavelet was
a Ricker wavelet with a dominant frequency of 35 Hz. To obtain
long-term background noise recordings for testing, passive-source
seismic records of 4 h each were simulated on the model before and
after gas injection through the passive-source observation system.
Surface wave noise generated by different seismic sources was ran-
domly superimposed and added to the passive-source recordings
from different time periods to create segments dominated alter-
nately by surface waves and body waves.

For comparison, we first simulated active-source shot records
and performed reverse time migration (RTM) imaging (Figure 5).
As shown in Figure 5b, a new reflection event emerged at approx-
imately 1.2-1.3 s, resulting from strong reflection coeflicients
caused by reduced formation velocity. This velocity reduction
induces phase variations in subsurface reflection events, causing
misalignment between events before and after the velocity change.
Notably, the position of this new reflection event in Figure 5d per-
fectly corresponds to the designed gas injection model.

Next, the long-term ambient noise was divided into 5-s-long seg-
ments, and all segments were interfered and stacked to obtain the
passive-source virtual shot records shown in Figure 6, followed by
RTM imaging. Owing to the influence of surface noise sources, the
passive-source imaging results, compared with those from active
sources, were largely dominated by noise such as surface waves.
The effective event axis was mostly obscured, and no effective signal
could be observed.

We then applied the workflow shown in Figure 1 to create data
sets and train the CSE network shown in Figure 2. The data sets

Downloaded from pubs.geoscienceworld.org/seg/geophysics/article-pdf/91/1/WA123/7455098/geo-2024-0534.pdf by Xi'an Jiaotong University user on 11 September 2026



Passive seismic events classifier

were divided into a training set and a validation set at a 5:1 ratio, and
2 h of data before and after gas injection were retained as the test set.
Figure 7 illustrates the segments containing body wave events and
those without obvious body wave events, as identified by the illu-
mination diagnosis method for initial training. The absolute value
of the slowness corresponding to the energy peak was smaller for
segments dominated by body waves, that is, the peak appeared in
the central region. Spectral analysis showed that segments contain-
ing body wave events differed from other segments, supporting the
inclusion of frequency-domain information for training. The corre-
sponding outputs when generating labels were 1 and 0, respectively.

To demonstrate the effectiveness and superiority of our method,
we conducted ablation experiments to validate the contribution of
each component and compared the results with those of traditional
methods (see Appendix A for specific experimental information).
The results indicated that incorporating attention mechanisms
and using incremental learning to expand the data sets can signifi-
cantly improve network performance. Furthermore, integrating
time-domain and Fourier transform data for training can further
optimize prediction results without significantly increasing com-
putational time.

Compared to traditional methods, the proposed CSE network
offers greater efficiency in body wave retrieval, with its time-saving
advantage becoming increasingly significant as the volume of pre-
dicted data increases. Next, we reconstructed virtual shot records
using the 617 segments containing body wave events retrieved by
the CSE network from a total of 2880 segments. As depicted in
Figure 8, the reflection signal of the imaging results after retrieval
was recovered; however, the resolution and SNR were not as good
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Figure 5. (a) Active source shot records acquired before gas
injection. (b) Active source shot records acquired after gas
injection. (c) Depth-domain RTM image generated from (a). (d)
Depth-domain RTM image generated from (b).
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as those of active-source recordings. A new strong reflection event
appeared at 1.2 s, providing a basis for subsequent monitoring.

To further improve the quality of the virtual shot records, we
classified the segments with body wave events retrieved by the CSE
network. Figure 9 illustrates the T-SNE dimensionality reduction
and clustering of intermediate feature data for the retrieved body
wave events, successfully dividing them into three categories. The
corresponding noise segments in the time domain are shown in
Figure 10. Finally, we discarded segments with identification errors
and low SNR, retaining only the higher-quality segments contain-
ing body wave events for virtual shot record reconstruction and
imaging.

As shown in Figure 11, the SNR data were improved, and the
abnormal areas that changed in the imaging results are clearly pre-
sented, providing reliable information for monitoring. Notably, con-
strained by the fundamental synthetic assumptions of SI (e.g., the
need for sufficiently long valid body wave recordings and a uniform
spatial distribution of subsurface noise sources), the reconstructed
virtual shot records and corresponding imaging in Figure 11 do not
fully reach the quality standard of the active-source results shown
in Figure 5. However, compared to the original passive-source
results presented in Figure 6, substantial improvements are evident
in the virtual shot records and imaging quality, validating the effi-
cacy of our methodology.

Field data test

Encouraged by the synthetic data retrieval results, we further
verified the reliability and practicability of the proposed method
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Figure 6. (a) Reconstructed virtual shot record before gas injection
(before data screening). (b) Depth-domain RTM image generated
from (a). (c) Reconstructed virtual shot record after gas injection
(before data screening). (d) Depth-domain RTM image generated
from (c).
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by applying it to the body wave retrieval task using actual ambient
noise. These data were obtained through a 3D linear array deployed
at a gas storage project in Northwest China, with the observation
system shown in Figure 12. For data collection, we selected the
SmartSolo high-resolution single-component intelligent seismic
sensor. There were 16 receiving lines, with a sampling interval of 1
ms, and data collection spanned several months.

For the experiments, we selected two 48-h periods of data from
three lines (L3-L5) recorded at different times. The raw data and
their corresponding frequency domain characteristics are shown
in Figure 12b and 12c. Spectral analysis showed that the raw data
exhibited a relatively low SNR. The main frequency band was
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Figure 7. (a) Samples with body wave events and corresponding
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Figure 8. Reconstructed virtual shot records by CSE retrieved
results. (a) Before gas injection. (b) After gas injection.
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concentrated between 0 and 30 Hz, with dramatic spectral changes.
Frequencies between 0 and 10 Hz mostly consisted of low-fre-
quency noise and were considered uninformative. Consequently, a
bandpass filter of 10-30 Hz was applied.

To improve processing efficiency, each line used data from only
140 geophones (see the red box in Figure 12a). The long-term
seismic data were divided into 5-s long segments, and the data were
resampled from 1 to 8 ms after preprocessing. Similarly, we applied
the workflow shown in Figure 1 to create the data sets and used the
CSE network shown in Figure 2 for training and prediction. The
data sets were divided into a training set and a validation set in a
5:1 ratio, and 2 days of 20-h-long data were retained as the test set.
Figure 13 shows the positive and negative samples generated for
initial training using the 3D illumination diagnosis method.

Due to the poor quality of the collected data, we produced a total of
195 segments containing valid body wave events from the 5760 seg-
ments in the 8-h-long data of the L4 line in the training set. Then, we
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Figure 9. (a) Results of T-SNE dimensionality reduction of the
intermediate features corresponding to the prediction results. (b)
Results of clustering the intermediate features corresponding to the
retrieved body wave events using the K-means clustering method.
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used the hyperparameters presented in Table 1 for training. The exper-
imental results shown in Table 3 (note that, due to the large amount of
field test data, we calculated only precision, recall, and the F1 score for
comparison) indicate that the proposed method successfully retrieved
987 body wave events from the 40-h-long L4 line test data (28,800
segments) over 2 days, demonstrating high recall. Compared to the
conventional method, our method greatly improved work efficiency.
Next, we classified the segments containing body wave events
retrieved by the CSE network. Figure 14 shows the T-SNE dimen-
sionality reduction and clustering process of the intermediate
feature data corresponding to these events, which were successfully
classified into four categories. The corresponding noise segments
in the time domain are shown in Figure 15. We subsequently dis-
carded segments with recognition errors and low SNR for imaging.
Due to limitations in data quality, the process of recovering virtual
shot records and imaging not only amplifies invalid noise but also
results in the loss of useful information. Therefore, we directly
performed auto-correlation stack imaging (equivalent to zero-off-
set imaging) on the high-quality segments containing body wave
events. To verify the reliability and accuracy of the imaging results,
we first presented the active-source profile corresponding to the L4
line (Figure 16a), where the red box marks the reservoir location
at a depth of approximately 1 km within a time window of 0.8-1s.
The passive-source imaging results (Figure 16b-16e) showed
that, due to the lower main frequency band of the passive monitor-
ing data and the fact that actual data acquisition conditions deviated
further from the SI hypothesis compared to synthetic experiments,
there were significant differences between the imaging results and
the active-source profile. Therefore, we adopted the event axis com-
parison method rather than direct image subtraction to analyze
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Figure 11. (a) Final reconstructed virtual shot records before gas
injection. (b) Final reconstructed virtual shot records after gas injection.
(c) Final depth domain RTM imaging result before gas injection. (d)
Final depth domain RTM imaging result after gas injection.
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subsurface changes. Specifically, we first marked the strong ampli-
tude events caused by prominent reflection interfaces (indicated by
black lines) on the active-source profile and then projected them
onto the passive-source profile for comparison.

The analysis indicated that the full-day data imaging results
without effective noise segment retrieval (Figure 16b and 16c¢)
exhibited the following issues: the event axis showed poor consis-
tency with the active source; there were anomalous differences in
the event axis between the 2 days’ imaging results in the shallow
layers and marked positions, which did not align with the actual
geological conditions. In contrast, the imaging results based on the
retrieved noise segments (Figure 16d and 16e) demonstrated signif-
icant improvements: the event axis exhibited good consistency with
the active source; the event axis in the shallow layers and marked
positions remained stable across the 2 days’ imaging results, with
noticeable changes only beginning at the green line position. In par-
ticular, the variations in the event axis within the red box clearly
reflected the impact of gas injection operations on the reservoir,
and the imaging results were reasonable. Application to field data
showed that the method proposed in this study correctly retrieves
noise segments containing body wave events, improve the quality of
passive-source imaging, provide a reliable basis for time-lapse anal-
ysis, and validate the practicality and effectiveness of the method.

DISCUSSION

Note that the method proposed in this study can not only effec-
tively retrieve body wave events from massive passive seismic data
but also establish an effective passive-source time-lapse moni-
toring technique to reveal spatiotemporal subsurface changes.

a)

¥ (m)

o 200 an 0 00 1000 1200 1400 1600 1800

b) c)
(] 8 [
ED ER
24 =
3 £S5
<2 <
0 0
0 20 40 60 80 0 20 40 60 80

Frequency (Hz) Frequency (Hz)

5 P = A - SRR P -
0 500 1000 1500 2000 2500
Distance (m)

0 500 1000 1500 2000 2500
Distance (m)
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In the context of global efforts to promote energy transition and
address climate change, this method may prove particularly valu-
able across various applications. For example, in the field of CO,
geological storage, it can help evaluate the integrity of CO, storage
bodies, mitigate potential leakage risks, and thus assist in achiev-
ing carbon neutrality goals. In oilfield development scenarios,
this technique can estimate changes in subsurface oil reservoirs
to provide data support for optimizing production plans, thereby
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Figure 13. (a and b) Samples with body wave events (green arrows
are body wave events). (c and d) Samples without significant body
wave events.

Table 3. Comparison of field data experimental results.

Wu et al.

improving oil and gas recovery rates. Additionally, it can reduce
resource waste and carbon emissions during energy exploration
and production processes. In these applications, efficient and
rapid retrieval of body waves is crucial for estimating real-time
subsurface changes. The CSE-based body wave event retrieval
scheme has demonstrated its capability to intelligently identify
noise segments dominated by body wave energy within massive
noisy data sets, thereby improving the quality of passive-source
imaging results.

Traditional SI relies on the assumptions of long-term effec-
tive recording and uniform spatial distribution of seismic
sources. Consequently, virtual cannon recordings reconstructed
in passive-source time-lapse monitoring generally exhibit infe-
rior quality compared to that of active-source data. This is also
the main reason for the scarcity of practical applications of this
technology. Due to limitations in existing active-source data and
logging data, as well as the inherent resolution constraints of
passive-source imaging, we have not yet been able to quantita-
tively interpret the monitoring results. However, by innovatively
solving the problem of effective data recognition and combin-
ing autocorrelation imaging with phase axis analysis techniques,
we have achieved a qualitative and reasonable interpretation of
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Figure 14. (a) Results of T-SNE dimensionality reduction of the
intermediate features corresponding to the prediction results. (b)
Results of clustering the intermediate features corresponding to the
retrieved body wave events using the K-means clustering method.

Method Train data sets Data type Time (train + test) (h) Accuracy (%) Precision (%) Recall (%) F1 value
(Size of positive samples)

Traditional / Time 9.5 100 100 100 1

CSE Updated (3 x 215 x 625 x 101) Time + FFT 1.5 / 93.2 96.5 0.948

Table 4. The ablation experiment results of the test datasets.

Method Train datasets Data type Time (train + Accuracy  Precision Recall ~ Fl value
(size of positive samples) test) (min) (%) (%) (%)

Traditional / Time 57 100 100 100 1

DL (no SAM) Initial (184 X 1250 X 101) Time 9 763 73.8 75.6 0.747

CSE Updated (184 X 1250 X 101) Time 11 80.6 78.5 80.3 0.794

CSE Updated (566 X 1250 X 101) Time 26 93.1 91.6 92.8 0.921

(incremental learning)

CSE Updated (2 X 566 X 1250 X 101) FFT 25 91.9 89.4 90.9 0.907

(frequency domain)

CSE (this study) Updated (3 X 566 X 1250 X 101) Time + FFT 36 98.1 95.5 98.4 0.969
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passive-source time-lapse imaging, providing key methodological
guidance for the development of the field. Notably, this study pri-
marily focused on the preprocessing of passive-source data and
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Figure 15. Quality classification of retrieved results (green arrows
are body wave events and red arrows are dominant noise). (a)
High-quality segment. (b) Segment with significant air wave. (c)
Segment with significant surface wave. (d) Misidentified segment.
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does not further explore methods to improve the accuracy and
resolution of time-lapse monitoring.

The academic community is actively exploring high-precision
reconstruction techniques for passive-source data to achieve results
comparable to those of active-source exploration, such as using
deep learning to overcome the synthetic limitations of traditional SI
(Sun et al., 2023; Ma et al., 2024; Zhao et al., 2024). Although such
research has achieved results comparable to those of active-source
shot records in synthetic data experiments, there have been no
public reports of applications to actual data. Nevertheless, this is of
great significance for advancing the practical use of passive-source
wave exploration and warrants further research and breakthroughs.

CONCLUSION

This study proposes a fast retrieval and classification method for
passive-source seismic body wave events using CSE, enabling direct
classification of noise segments prior to cross-correlation opera-
tions. To better learn features, we input multimodal data consisting
of three components: time-domain data and the real and imaginary
components obtained through Fourier transformation. During
data set generation, we used illumination diagnosis and incremen-
tal learning methods to rapidly update and construct high-qual-
ity training data sets. In addition, we visualized the intermediate
features extracted by the deep convolution layer corresponding to
the retrieved body wave events and performed unsupervised clus-
tering to complete the quality classification, which was then used
to further improve imaging quality. The application results on syn-
thetic and field data demonstrate that the method offers high accu-
racy and efficiency, significantly improves the SNR of the imaging
results, and provides a solid foundation for subsequent monitor-
ing and interpretation. It shows great potential for application in
low-carbon exploration and monitoring using passive-source SI in
the context of energy transition scenarios.

1500
Distance (m)

1
I Tie (s)
o o

ol ol

1500
Distance (m)

1000 1500

Distance (m)

2000 2500

- — =
e e ——————————————

P = = el

0D —

O — |

2 0 — — ——
=£ e ————— — — —— . —
£ — — —————|
0. L m——— —

e
1600
Distance (m)

- -
1000

Figure 16. (a) Field active source poststack profile. (b) August 28th autocorrelation imaging result (before processing). (c) October 5th
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APPENDIX A
Basic principle of T-SNE

The core idea of T-SNE is to define a probability distribution over
pairs of data points in the high-dimensional space to represent their
similarities and then construct a corresponding distribution in a low-di-
mensional space. By minimizing the difference between these distri-
butions using Kullback-Leibler (KL) divergence, the algorithm maps
high-dimensional data into a low-dimensional space for visualization.

Step 1. Calculate similarities in high-dimensional space:

For each data point x;, we calculate the conditional probability
Pj; of each other point x; given x;. This probability represents the
likelihood that point x; is a neighbor of point x;. It is calculated
using the following formula:

exp(f"x,- - xj"2 128%)
Zk#exp(_"xi - xk"2 1267) ,

Pji= 9)

where §, is the Gaussian variance with data point x; as the center,
which determines the neighborhood range. The value of &, may
differ for each point x; and is determined based on “perplexity”
Finally, to obtain a symmetric similarity matrix, we average Py and
Py to obtain p,:

:pj‘i+Pi‘j.

2n (10)

ij

Using this approach, a symmetric similarity matrix is obtained in
which each element p,, reflects the similarity between data points x;
and x; in high-dimensional space.

Step 2. Calculate the similarity between points in low-dimen-
sional space:

In low-dimensional space, we calculate the similarity g, between
points y; and y; as follows:

o 7 R
ST o a

Next, the T-SNE algorithm minimizes the difference between the
similarity matrix p; and the similarity matrix q,;t0 obtain an appro-
priate low-dimensional space representation.

Step 3. Optimize the positions of points in low-dimensional space:

The positions of points in low-dimensional space are opti-
mized by minimizing the KL divergence. KL divergence is used to

Wu et al.

measure the difference between the similarity distributions in high-
and low-dimensional spaces:
p ij
C:Ziijp,»jlogf. (12)
9ij
Next, the gradient descent method is used to minimize the KL diver-
gence and update the positions of the points in low-dimensional space:

5
O =43 (a3 )+ = (13)
Yi j

Ablation experiment details

To clarify the contributions of each component of the CSE
network, we conducted ablation experiments while keeping other
training parameters constant. The experimental results were com-
pared with those of a traditional method, and the relevant data are
summarized in Table 4. In the experiments, after incorporating
the attention mechanism into the basic network architecture, key
indicators such as the accuracy and recall rate in the body wave
retrieval task improved significantly, demonstrating its effective-
ness in focusing on key information.

Through incremental learning via gradually increasing the size
of the training data set, the prediction accuracy of the network
for body wave events improved substantially, indicating that this
approach facilitates learning more sample features and enhances
generalization ability. When training the network separately using
only time-domain data and Fourier transform data, we found that
the difference in prediction accuracy between the two was minimal.
However, combining time-domain and Fourier transform data for
training further improved the network’s prediction results without
significantly increasing training or prediction time. Additionally,
predictions made using a small training data set contained errors that
required manual screening. However, as the volume of prediction
data increased, the method’s time-cost and overall efficiency advan-
tages in body wave retrieval tasks became increasingly significant,
fully demonstrating its superiority compared to traditional methods.
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