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Attention Mechanism-Based Improvement of
Stacked Surface Wave Cross-Correlation

From High-Frequency Ambient Noise
Shufan Hu , Member, IEEE, Huilin Zhou , Laura Valentina Socco , and Yonghui Zhao

Abstract— The cross-correlation of high-frequency ambient
noise (>1 Hz) is usually interpreted as the empirical Green’s
function between two stations and used for imaging the near
surface. However, high-frequency ambient noise mainly origi-
nates from human activities with nonuniform distributions, which
may lead to spurious arrival in cross-correlation and bias the
analysis of surface waves. Here, we develop an algorithm for
improving high-frequency surface wave cross-correlation using
an attention mechanism-based neural network, CCformer. The
CCformer takes two-station cross-correlations of different time
segments as input. Instead of directly producing an improved
cross-correlation, the CCformer integrates the process of stack-
ing individual cross-correlations to enhance its explainability.
By identifying coherent information between each segment and
generating stacking weights, the CCformer improves the desired
coherent signals and attenuates spurious and incoherent noises,
ultimately resulting in a well-stacked cross-correlation. After
training with a synthetic dataset of 200 000 labeled samples,
the CCformer presents a good ability to improve the quality
of stacked cross-correlation for a synthetic noise-added test
dataset with dispersion, source distribution, and acquisition
parameters different from the training dataset. The dispersion
spectrum of the improved cross-correlation is more continuous
than the results of linear stack (LS) and phase-weighted stack,
and the spectral maxima agree with the theoretical dispersion
curve. Moreover, a real dataset acquired from a test site
also indicates the generalizability of CCformer for laterally
varying media according to the symmetry of improved cross-
correlation, dispersion spectrum maxima consistent with that of
active data, and inversion results validated by known targets.
Therefore, the proposed algorithm provides a practical solution
for automatically extracting effective surface wave signals from
high-frequency ambient noise.

Index Terms— Ambient noise, attention mechanism, cross-
correlation, surface wave.
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I. INTRODUCTION

SEISMIC ambient noise, also known as microtremor or
ambient vibration, is a seismic wavefield originating from

human activities and natural phenomena [1]. As ambient noise
is dominated by surface waves [2], its records at two sta-
tions can be cross-correlated to retrieve the empirical Green’s
function (EGF) with the assumption of diffuse wavefield or
equipartition of the Earth’s modes [3], thereby processing to
infer relevant medium properties at different scales from the
upper mantle to the near surface [4], [5], [6], [7]. However, the
ambient noise field does not actually meet the assumption at
the near-surface scale where the high-frequency (>1 Hz) ambi-
ent noise of interest mainly comes from spatially nonuniformly
distributed human activities. Instead, the theory of stationary
phase approximation relaxes the requirement [8], [9], and the
surface wave EGF is considered to be retrieved by constructive
interference of waves emitted by noise sources in stationary
phase regions. Nevertheless, the presence of dominant noise
sources out of stationary phase regions can corrupt the EGF
with spurious arrivals [10], [11].

In practice, the ambient noise acquired for hours/days is
generally subdivided into several short-duration segments,
and the cross-correlation of all segments is calculated and
linearly stacked to recover the EGF. Within this framework,
the researchers proposed several strategies, including non-
linear stacking [12], [13], segment selection [14], [15], and
denoising [16], [17], to improve the quality of stacked cross-
correlations. A representative nonlinear stacking method is the
phase-weighted stack (PWS) [13], which takes instantaneous
phase coherence as the stacking weight to improve the quality
of linearly stacked cross-correlations. Inspired by this idea, Liu
et al. [18] extended the PWS to enhance the cross-correlations
of the linear array by considering spatial coherency. For
segment selection, it usually uses an indicator, such as the
signal-to-noise ratio [14] or noise source distribution analyzed
by beamforming [15], [19], to evaluate whether the cross-
correlation of a time segment should be considered in stacking.
Therefore, this method can be regarded as a stacking strategy
where the weight of the kept segment is one, while the
weight of the rejected segment is zero. Finally, denoising
strategies typically use techniques, such as time–frequency
filtering [20] or singular value decomposition [21], to remove
noise in individual unstacked cross-correlation. It can be
applied to cross-correlation of each time segment separately
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or to cross-correlations of all time segments simultaneously
by considering their coherence using a Wiener filter [16].
As we can see, most of the methods mentioned above leverage
stacking and cross-correlation coherence between different
time segments to improve the quality of final stacked cross-
correlation, while spurious arrivals caused by continuous noise
sources out of stationary phase regions may also present
coherence, which could be the case for high-frequency ambient
noise.

Machine learning, imitating the way humans learn, provides
the opportunity to retrieve effective information from ambient
noise. Viens and Iwata [22] used a two-step method to improve
the quality of correlation calculated by deconvolution for
predicting long-period ground motions from subduction earth-
quakes. They clustered the features in the low-dimensional
space reduced by the principal component analysis and
selected the best correlation function from the stacked cor-
relation corresponding to different clusters. In the field of
monitoring, Viens and Houtte [23] applied a convolutional
denoising autoencoder to reduce noise in the multicomponent
cross-correlation for a single station. At the exploration scale,
Sun and Demanet [24] trained a modified ResNet to overcome
the limitations of insufficient ambient noise recordings and
nonuniform source distribution for retrieving P-wave reflec-
tions; Zhao et al. [25] designed a global multiscale fusion
residual shrinkage network to denoise and encrypt the passive
source virtual shot records. These machine learning-based
methods enhance correlation functions based on learning from
data features and have achieved success across various appli-
cation fields.

To exploit the possibility of machine learning (specifically,
deep learning) in improving the cross-correlation of surface
waves from high-frequency ambient noise, we develop an
attention mechanism-based neural network and present the
procedure for training it. The main contributions of our work
are summarized as follows.

1) By leveraging the attention mechanism, a global repre-
sentation of individual cross-correlation within a series
of cross-correlations across different time segments
is achieved, allowing the network to pay atten-
tion to the expected information among all segments
selectively.

2) The designed network integrates the process of stacking
individual shot-duration cross-correlations, making it
explainable in enhancing meaningfully coherent signals
and attenuating spurious and incoherent noises.

3) The method for generating a high-quality training
dataset is provided by mathematically analyzing the
composition of ambient noise surface wave cross-
correlation, assisting the network in reaching the desired
results.

The test results of synthetic and field data show its
advantages in improving surface wave cross-correlation
of high-frequency ambient noise much better than tra-
ditional linear stack (LS) and PWS, both in terms of
waveform and dispersion spectrum, demonstrating its effec-
tiveness and generalizability for various complex source
distributions.

The remainder of this article is organized as follows. First,
we introduce the methodology of the proposed algorithm, the
generation of the training dataset, and the way to training.
Then, we use synthetic (with dispersion, source distribution,
and acquisition parameters different from the training dataset)
and field data (with multimodal dispersion and real urban
complex source distribution) to test the effectiveness and
demonstrate the generalizability of the proposed algorithm.
Finally, we analyze and discuss the improvement of the
proposed algorithm.

II. METHOD

In this section, we first analyze the composition of surface
wave cross-correlation. Then, we illustrate the architecture of
the attention mechanism-based network for improving stacked
surface wave cross-correlation. Finally, we demonstrate the
generation of training samples and the training process.

A. Surface Wave Cross-Correlation of Ambient Noise

Under the far-field assumption, the surface wave displace-
ment response of receiver A according to a single point-force
source S is presented as [26]

u A(S, ω) =
F(ω)e−α(ω)rS A

√
r S A

e j[ωt0−k(ω)rS A] (1)

where ω is the angular frequency; F(ω) and t0 are the
source amplitude and origin time, respectively; rS A is the
source–receiver distance; and k(ω) and α(ω) are the wavenum-
ber and attenuation coefficient related to the medium property,
respectively. As in [26], here we assume a horizontally layered
medium and consider only the vertical component of the
Rayleigh waves.

In the case of (1), the cross-correlation of displacement
response at receivers A and B in the frequency domain
becomes

CA,B(S, ω) = u A(S, ω)u∗

B(S, ω)

=
|F(ω)|2e−α(ω)(rS A+rSB )

√
rS ArSB

e− jk(ω)(rS A−rSB ) (2)

where rSB is the source–receiver distance for receiver B (as
shown in Fig. 1). For the source located in stationary phase
regions, it yields |rS A − rSB | → |rAB |, which allows us to
measure the phase velocity from the phase term of cross-
correlation directly, given the distance between two receivers
rAB and the relationship c(ω) = ω/k(ω). Otherwise, the
precise source position is necessary (but this is generally
not available for ambient noise) for dispersion measurement.
Ignoring the source position in the dispersion measurement
(i.e., supposing that |rS A − rSB | equals |rAB |) could lead to
underestimating the wavenumber (and, therefore, overestimat-
ing the phase velocity), as k(ω)|rS A − rSB |/|rAB | < k(ω) in
the case of |rS A − rSB | < |rAB |.

In practical preprocessing of ambient noise data, the long
record of ambient noise is generally subdivided into n seg-
ments. For the i th segment, the short-duration recording ui (ω)

can be considered as the summation of displacement corre-
sponding to noise sources in stationary phase regions ui

s(ω)
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Fig. 1. Definition of geometric variables for waves propagating from a source
at S to two receivers. Green areas indicate stationary phase regions (modified
from [8]).

and displacement related to the noise sources of nonstationary
phase regions ui

n(ω), i.e., ui (ω) = ui
s(ω) + ui

n(ω). Then, the
cross-correlation of the i th segment can be presented as

C i
A,B(ω) = ui

A(ω)ui∗
B (ω)

=
[
ui

A,s(ω) + ui
A,n(ω)

][
ui∗

B,s(ω) + ui∗
B,n(ω)

]
= ui

A,s(ω)ui∗
B,s(ω) + Ni

= Ai e− jk(ω)rAB + Ni (3)

where Ai is the amplitude term of ui
A,s(ω)ui∗

B,s(ω), which is
the cross-correlation corresponding to stationary phase region
sources; and Ni represents the noise (i.e., spurious arrivals)
in the sense of surface wave dispersion analysis, which is the
summation of cross-correlation related to nonstationary phase
region sources and the cross-terms

Ni = ui
A,n(ω)ui∗

B,n(ω)

+ ui
A,s(ω)ui∗

B,n(ω) + ui
A,n(ω)ui∗

B,s(ω). (4)

The cross-correlations of different sources are omitted in (3)
or they can be included in Ni .

For all n segments, the linearly stacked cross-correlation is
as follows:

⟨CA,B(ω)⟩ =

n∑
i=1

C i
A,B(ω) =

n∑
i=1

Ai e− jk(ω)rAB +

n∑
i=1

Ni . (5)

In cases of isotropic noise sources, the influence of the
noise term

∑n
i=1 Ni is minimized according to the destruc-

tive interference of waves originating from the nonstationary
phase regions, and the surface waves are predominance in the
cross-correlation waveforms by the constructive interference
of waves from the stationary phase regions. However, if the
sources in nonstationary phase regions are dominant, spurious
arrivals can corrupt the effective surface wave signals, making
it challenging to analyze surface wave dispersion accurately.

B. Network Architecture

To improve the effective surface wave signals in stacked
cross-correlation, we design the neural network (cross-
correlation Transformer, CCformer), as shown in Fig. 2.
The network receives two-station cross-correlation of all time
segments as input. The input is linearly embedded, with no
positional encoding added since the order of individual cross-
correlations is unnecessary for extracting the desired coherent
information from all of them. Then, the embedded vectors are
fed to the Transformer encoder, which consists of N iden-
tical layers. Each layer comprises multiheaded self-attention
and feedforward blocks, with residual connection and layer

normalization applied after both blocks. The latent vector
size d and the hidden size d f f of the feedforward block
are the same for all Transformer encoder layers. In addition,
we use the Gaussian error linear unit (GELU) as the activation
function in the feedforward block. After the process of the
Transformer encoder, the latent vector is passed to a single
linear layer with a sigmoid activation function, designed to
perform the linear transformation of the latent vector to
match the number of samples in cross-correlation and pro-
duce stacking weights between 0 and 1. Finally, the original
time-segmented cross-correlation input is multiplied by the
corresponding stacking weight, and a time-domain summation
(i.e., stacking) is implemented to output the single improved
stacked cross-correlation.

Given the input X = [x1; x2; . . . ; xn], where xi ∈ R1×ns

is a row vector containing the two-station time-domain cross-
correlation with ns samples for the i th segment, the j th sample
of the improved stacked cross-correlation ŷ j output from the
network is calculated as follows:

Z0 = XE (6)
Z′

l = LN(MSA(Zl−1) + Zl−1), l = 1, 2, . . . , N (7)

Zl = LN
(

GELU
(

Z′

lW
(1)
l + b(1)

l

)
W(2)

l + b(2)
l + Z′

l

)
l = 1, 2, . . . , N (8)

ŷ j =

∑
i

(X · sigmoid(ZN W+b))i, j (9)

where E ∈ Rns×d is the parameter matrix in linear embedding;
LN and MSA indicate layer normalization and multiheaded
self-attention [27], respectively; l = 1, 2, . . . , N represents
the lth layer in the Transformer encoder; W(1)

l ∈ Rd×d f f and
W(2)

l ∈ Rd f f ×d are the weights in the feedforward block;
b(1)

l ∈ R1×d f f and b(2)
l ∈ R1×d are the corresponding biases;

and W ∈ Rd×ns and b ∈ R1×ns are the weight and bias for the
final linear layer, respectively.

For the MSA block, it parallelly performs h attention
functions. Each attention function (here, it is the scaled dot-
product attention) produces outputs by

Attention(Q, K, V) = softmax
(

QKT

√
dk

)
(10)

where Q ∈ Rn×dk , K ∈ Rn×dk , and V ∈ Rn×dv are the matrices
linearly projected from the input of the MSA block. As in [27],
we use dk = dv = d/h.

According to (10), the attention mechanism focuses on the
parts of the input most relevant to the desired output by mea-
suring similarity, making it inherently well suited for extract-
ing coherent information from cross-correlations of all seg-
ments. Moreover, it achieves a global representation of indi-
vidual cross-correlation within a series of cross-correlations
across different time segments. This benefit enables the net-
work to understand the importance of specific individual
correlations without being affected by their order in the input
sequence. With the integration of the stacking process, the
network is considered easier to train to produce a high stacking
weight for coherently effective surface wave signals and a
low stacking weight for spurious and incoherent noises and,
therefore, an improved stacked surface wave cross-correlation.
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Fig. 2. Architecture of the network for improving surface wave cross-correlation.

Fig. 3. (a) Ten randomly selected samples of the generated elastic models and (b) corresponding dispersion curves.

C. Dataset

With the input being the two-station cross-correlation of all
segments and the output being the single improved stacked
two-station cross-correlation, we use numerical simulation to
generate the dataset for training the network. We first establish
200 000 1-D elastic models using the constrained Markov
decision method [28]. Each elastic model consists of ten
layers with a half-space. The top layer has an S-wave velocity
varying from 100 to 350 m/s and a thickness of 5 m; the
S-wave velocity of half-space is fixed to 1500 m/s; for other
layers, its thickness is 1.2 times that of the upper layer, and
the S-wave velocity is determined according to the upper
layer with different possibilities to increase or decrease. After
generating the elastic models, we calculate the corresponding
phase–velocity dispersion curve of the fundamental mode
using the transfer matrix method [29], [30]. Fig. 3 shows
ten randomly selected elastic models and their dispersion
curves. Note that using the specific stratum and fundamental
dispersion in dataset generation does not limit the network
because the task is to reduce the influence of nonuniformly
distributed noise sources, and the main point is to generate a
dataset with abundant diversity.

We then use the method in [26] to simulate ambient
noise records at two stations for each elastic model. In the
simulation, the noise source signature is a random sequence
constructed according to the method in [31], with a duration

of fewer than 5 s, a maximum amplitude in the time domain
satisfying the normal distribution N (0, 1), and a maximum
frequency between 1 and 50 Hz. We place 1000 noise sources
randomly distributed at the polar coordinate with a radius
between 1 and 2 km. Under this setting, the spatial distribution
of noise sources is nearly uniform along the azimuth; however,
the source distribution is indeed nonuniform in terms of the
amplitude of each frequency component since the maximum
frequency of each noise source is different. For the distance
between the two stations, we set it to vary from 1 to 200 m.
After simulation with a recording time of 30 min and a
sampling interval of 4 ms, we obtain the two-station ambient
noise recordings for each elastic model. Fig. 4 presents the
spatial distribution of noise sources, the source signature of
20 noise sources, and the simulated ambient noise, for one of
the generated elastic models.

For each simulated two-station ambient noise recording,
we preprocess it to generate the input of the network, following
the procedure described by Bensen et al. [32].

1) Remove the mean and trend of the signals recorded at
each station.

2) Apply a bandpass filter with cutoff frequencies of
0.05 and 30 Hz (we limit the cutoff frequency to 30 Hz
to avoid tending to retrieve relevant information of
higher frequencies but rare sources with these frequen-
cies located in stationary phase regions).
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Fig. 4. Ambient noise simulation for one of the generated elastic models. (a) Spatial distribution of noise sources, (b) source signature of 20 noise sources,
and (c) simulated ambient noise.

3) Cut the continuous recordings into segments with a
length of 30 s and an overlap of 15 s.

4) Employ the running absolute mean normalization and
spectral whitening to each segment.

5) Compute the cross-coherence H i
A,B(t) (the cross-

correlation discarding amplitude information) [33]
between two stations for each segment as

H i
A,B(t) =

1
2π

∫
∞

−∞

ui
A(ω)ui∗

B (ω)∣∣ui
A(ω)

∣∣∣∣ui
B(ω)

∣∣e jωt dω. (11)

For the ground truth y, it is calculated by the reverse Fourier
transform as

y(t) =
1

2π

∫
∞

−∞

e− jk(ω)rAB e jωt dω (12)

according to the phase information of the cross-correlation
corresponding to the stationary phase region sources, as in (3).
Note that (12) does not introduce a π /4 phase shift, as we
only expect to extract the relevant information corresponding
to sources located in stationary phase regions rather than
transform the cross-correlations into a homogenous source
condition [34]. Moreover, only the frequency component
within the cutoff frequencies is calculated for generating the
ground truth of (12) since we apply a bandpass filter in the
preprocessing to obtain the input. Fig. 5 shows an example of
the input and ground truth in the dataset.

D. Training

We set the parameter of the CCFormer similar to the base
model in [35], i.e., the number of layers N in the Transformer
encoder is 6, the latent vector size d is 256, the number
of heads h in the MSA block is 4, and the hidden size of
the feedforward block d f f is 1024, resulting in a total of 5
508 573 trainable parameters. Since the magnitude of the

network output (a stacked cross-correlation) can differ from
that of ground truth, we define an amplitude-normalized mean
squared error (mse) loss function as

Loss =
1
ns

∥∥ ynorm − ŷnorm
∥∥2

2 (13)

where ynorm and ŷnorm are the normalized ground truth and
network output, respectively, and their element is between −1
and 1.

We then train the network using Pytorch on an NVIDIA
GeForce RTX 4090D graphics processor. To check the con-
vergence and avoid overfitting, we randomly select 70% of
the dataset for the training and 30% as the validation dataset.
The batch size is set to 128, and an AdamW optimizer [36]
with β1 = 0.9, β2 = 0.98, and ϵ = 10−9 is used. In addition,
we vary the learning rate over the course of training using the
warmup schedule [35]

lr = α · d−0.5
· min

(
k−0.5, k · warmup−1.5

k

)
(14)

where k is the step number, α is a tunable scalar, and warmupk
is the number of steps increasing the learning rate in the early
training. Here, we use α = 0.25 and warmupk = 4000. Fig. 6
shows the training loss and validation loss, which indicate a
good convergence and no overfitting is observed.

III. RESULT

In this section, we use both synthetic noise-added data (with
dispersion, source distribution, and acquisition parameters
different from the training dataset) and field data from a
test site (with multimodal dispersion and real urban complex
source distribution) to evaluate the effectiveness and test the
generalization of the CCformer. We also compare the improved
cross-correlations and their corresponding dispersion spectrum
to those of LS and PWS (a default power v = 1 is used
throughout this work).
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Fig. 5. Example of (a) input and (b) ground truth in the dataset.

Fig. 6. Training and validation losses of the CCformer.

A. Synthetic Data

The synthetic data are generated using an S-wave velocity
model [Fig. 7(a)] similar to the inversion result of field
data in [37], which is different from the models used in
generating the training dataset. To simulate the ambient noise
recordings, we distribute 1000 noise sources in the polar
coordinate, with a radius ranging from 1 to 2 km. Of these
noise sources, half of them are uniformly distributed, and
the other half of them are symmetrically arranged along a
specific azimuth (either π /2 or 3π /4) with ranges of ±π /2,
±π /3, and ±π /6 (we refer to it as nonuniformly distributed
noise sources). This setup results in six different configurations
for the source distribution, as illustrated by Tests 1–Test 6 in
Fig. 7(b)–(g). The source duration, amplitude, and frequency
used in the simulation are the same as in the training dataset
generation, but a sampling interval of 5 ms (compared to 4 ms
of the training dataset) is adopted to test the performance
of CCformer in processing input with different acquisition
parameters. We simulate 30-min ambient noise for a linear
array of 41 stations with an equal spacing of 5 m. In addition,
we add Gaussian noise with a mean of 0 and a standard
deviation of 5% of the maximum amplitude to each simulated
ambient noise data. As a result, it produces synthetic data with
differences in dispersion, source distribution, and acquisition
parameters compared to the training dataset, making it suitable
for testing the ability of the proposed algorithm.

After simulation, we preprocess the synthetic data following
the same procedure as preparing the training dataset, with the
leftmost station as the virtual source. This results in unstacked
cross-correlations for each time segment and each possible
station pair. Then, we use the proposed CCformer to generate
improved stacked cross-correlations. We also produce LS and
PWS results for comparison.

Fig. 8 shows the stacked cross-correlations and their cor-
responding dispersion spectra for configurations with half of
the sources being symmetrically distributed along the azimuth
of 3π /4 (i.e., Tests 1–3), using the LS, PWS, and CCformer.
It indicates that, for these three cases, the cross-correlations
improved by the CCformer present a better symmetry between
causal and acausal branches than the results of LS and
PWS. Moreover, the waveform of effective surface waves is
enhanced in the CCformer results, clearly showing the dis-
persion characteristic as the station distance increases despite
the cross-correlation of each station pair being processed
separately. For the dispersion spectrum, the energy maxima in
each spectrum of CCformer display good continuity along the
frequency axis, and they agree with the theoretical dispersion
curve at wavelengths shorter than the maximum array aperture
(i.e., the length of the linear array). In contrast, although the
influence of nonuniformly distributed sources on the spectrum
of LS is insignificant for Tests 1 and 2, the spectrum of
Test 3 produced by the LS overestimates the phase velocity
at frequencies below 10 Hz. It also exhibits strong artifacts
at frequencies above 25 Hz, as most of the nonuniformly
distributed sources in Test 3 are out of the stationary phase
regions and consequently cause considerable spurious arrivals.
The PWS additionally leads to an increase in spurious arrivals
for Test 3 that the dispersion spectrum shows more artifact
energies at a wide frequency band and a gap at frequencies
near 5 Hz. This is because spurious arrivals originating from
sources with similar azimuth can also present coherence,
which is noticeable by early arrivals in the causal branch of
the corresponding cross-correlations for Test 3.

Fig. 9 shows the stacked cross-correlations and their cor-
responding dispersion spectra for configurations with half of
the sources being symmetrically distributed along the azimuth
of π /2 (i.e., Tests 4–6), using the LS, PWS, and CCformer.
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Fig. 7. (a) S-wave velocity model and (b)–(g) placements of noise sources for simulating the synthetic data. The black and red dots in (b)–(g) indicate
uniformly and nonuniformly distributed noise sources, respectively. The blue line in (b)–(g) represents the linearly receiving array consisting of 41 stations.

For Test 4, where all sources can be considered uniformly
distributed (the sources distributed within the azimuth of [0, π]
are essentially identical to the one of [0, 2π] for the linear
array), the spectral maxima in the dispersion spectrum for LS,
PWS, and CCformer are similar and agree with the theoretical
dispersion curve at wavelengths shorter than the maximum
array aperture. Notably, the CCformer produces the clearest
waveform of effective surface waves by attenuating possible
background noise caused by cross-correlating responses from
separated sources. For Tests 5 and 6, where most noise sources
are out of stationary phase regions, significant spurious arrivals
are present in the cross-correlation of LS and PWS. These
spurious arrivals result in a dispersion spectrum containing
numerous artifact energies, making it challenging to esti-
mate phase velocity (especially for Test 6). Nevertheless, the
CCformer still produces cross-correlations with high-quality
waveforms of surface waves, and the corresponding dispersion
spectrum clearly reflects the expected dispersion pattern con-
sistent with the theoretical dispersion curve. Although there
are some slight oscillations in the dispersion spectrum of
CCformer, we consider it acceptable because, in these two
cases, the nonuniformity of the noise source is very strong,
and additional random noise is added to the simulated ambient
noise.

According to these tests, the CCformer does not reduce
the quality of stacked cross-correlations when the impact of
nonuniformly distributed noise sources is slight; for cases
where the influence of nonuniformly distributed noise sources
is significant, it can effectively eliminate spurious arrivals
in stacked cross-correlations and enhance the dispersion

spectrum, producing results superior to that of LS and PWS
methods.

B. Field Data

The field data are acquired from a test site in Shanghai,
China. This test site was first designed with known buried
targets, including precast concrete or stone near the site,
to evaluate the capabilities of the EM wave method in under-
ground space exploration. The design depths of these targets
are 3–20 m, placed by drilling a hole. However, their depths
can exceed the design values due to settling within the drilling
mud.

About three months after the construction of the site,
we measured ambient noise by 17 × 17 (i.e., 289) Earth Pulse
Ant-1C nodal seismographs (5 Hz), using the deployment of
a small regular seismic network with an even spacing of 1 m
along the x- and y-directions, as shown in Fig. 10. Moreover,
traffic on nearby roads [Fig. 10(a)] around the site provides
potential high-frequency noise sources. Although we deploy
a seismic network, the purpose of the measurement is to
exploit the possibility of using urban high-frequency ambient
noise recorded by a linear array to estimate accurate surface
wave dispersion as active data, given that the linear array is
convenient to deploy in urban areas and, further, to retrieve
the shallow laterally varying S-wave velocity model (mainly
for Line 6 that the targets are stone and with shallowest
design depth of 3 m). Therefore, we treat the seismic network
as several survey lines. For each station, we recorded 24 h
continuous ambient noise with a sampling rate of 2 ms
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Fig. 8. Improvement results for Tests 1–3 of synthetic data. The first to third rows depict the cross-correlations produced by LS, PWS, and CCformer,
respectively. The fourth to sixth rows represent the corresponding dispersion spectrum for LS, PWS, and CCformer results, respectively. The white dotted-dashed
line in the dispersion spectrum indicates the theoretical dispersion curve, and the white dashed line in the dispersion spectrum demonstrates the wavelength
equal to the maximum array aperture. Note that all wiggle plots of the cross-correlations are on the same scale.

(compared to 4 ms of the training dataset). At the same time,
we acquired active data by shooting near the first station of
each line [an offset of about 0.5 m, Fig. 10(c)]. This allows
us to check the quality of cross-correlations retrieved from
ambient noise by comparing the dispersion spectra with the
ones of active data.

First, we use the ambient noise data of Lines 1, 9, and 17
(i.e., the first, middle, and last line) to evaluate the capability
of estimating phase velocity for the urban high-frequency
ambient noise recorded by the linear array. We preprocess
the data using the same procedure in generating the training
dataset, taking the first station as the virtual source. After
obtaining unstacked cross-correlation for each time segment
and each possible station pair, we produce the stacked cross-
correlation using LS, PWS, and CCformer, as shown in
Fig. 11. It indicates that, for each line, the CCformer produces
the cross-correlations with the best symmetry compared to
the results of LS and PWS, demonstrating the advantage of

the CCformer in reducing the influence of the nonuniformly
distributed noise sources. Fig. 12 depicts the dispersion spectra
corresponding to cross-correlations in Fig. 11, with compar-
isons to the spectral maxima on the dispersion spectrum of
active data. It should be noted that there are lateral vari-
ations along Line 9 according to the known buried targets
[Fig. 10(c)], and the media under Lines 1 and 17 are assumed
to be laterally homogenous since no targets are designed
along the two lines. For Line 1, the energy on the dispersion
spectrum of CCformer coincides with the spectral maxima
of the active data at wavelengths shorter than the maximum
array aperture. In contrast, there is a gap near frequencies of
25 Hz in the high mode of the LS spectrum, and the PWS
spectrum exhibits crosstalk between different modes at the
frequency of about 22 Hz. For Line 9, despite dispersion
spectra of LS and PWS exhibiting a gap of energy at fre-
quencies near 12 Hz, the one of CCformer presents dispersive
energy with good continuity along the frequency axis, and
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Fig. 9. Improvement results for Tests 4–6 of synthetic data. The first to third rows depict the cross-correlations produced by LS, PWS, and CCformer,
respectively. The fourth to sixth rows represent the corresponding dispersion spectrum for LS, PWS, and CCformer results, respectively. The white dotted-dashed
line in the dispersion spectrum indicates the theoretical dispersion curve, and the white dashed line in the dispersion spectrum demonstrates the wavelength
equal to the maximum array aperture. Note that all wiggle plots of the cross-correlations are on the same scale.

the spectral maxima agree with those of active data at most
frequencies. The slight deviation at frequencies lower than
12 Hz may arise from the differences in locations between
active and virtual sources, as lateral variations are presented
along this line [Fig. 10(c)]. Finally, for Line 17, although
the dispersion spectrum of LS displays a gap of energy at
frequencies near 12 Hz, both PWS and CCformer produce
the dispersion spectrum with energy that agrees with the
spectral maxima of active data at wavelengths shorter than the
maximum array aperture. Notably, the dispersion spectrum of
Line 17 from the CCformer additionally presents the advantage
that more low-frequency energy related to the higher mode is
retrieved, even though we consider only the fundamental mode
in the training stage. These tests indicate that the CCformer
effectively mitigates the adverse influence of noise sources out
of stationary phase regions and improves the stacked cross-
correlations, making it possible to estimate accurate surface

wave dispersion from urban high-frequency ambient noise
recordings of the linear array.

As the CCformer effectively improves the stacked cross-
correlations of high-frequency ambient noise recorded by the
linear array, we use the MWASW method [38] to retrieve
the 2-D S-wave velocity model of Line 6 by inverting the
dispersion data analyzed from the improved stacked cross-
correlations. By taking all stations as the virtual source,
we first calculate the cross-correlations of all possible station
pairs in Line 6 and use the CCformer to improve them,
resulting in 17 common virtual-source gathers. The use of mul-
tiple virtual sources at different locations enhances dispersion
stacking, improving the signal-to-noise ratio of the dispersion
spectrum and benefiting subsequent dispersion analysis. Then,
we use spatial windows with multiple sizes, successively
varying from 7 to 15 stations, to extract several dispersion
curves along the survey line. Fig. 13(a) shows extracted
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Fig. 10. (a) Satellite image and (b) photograph of the test site, along with the deployment of (c) seismic network for acquiring field data. In (c), the red
dashed circles with crosses indicate the designed positions for targets, and the red crosses denote the positions of active sources.

Fig. 11. Improvement results on cross-correlations for Lines 1, 9, and 17 of filed data. The first to third rows depict the cross-correlations produced by LS,
PWS, and CCformer, respectively. All wiggle plots of the cross-correlations are on the same scale.

dispersion data for all spatial windows. Note that the active
data for Line 6, obtained from a single shooting position,
cannot yield such dispersion curves since the signal-to-noise
ratio of the dispersion spectrum for the small window in
far offset is too low to identify the accurate dispersion (not
shown here). Finally, using the Gauss–Newton optimization
and a 2-D forward algorithm, we simultaneously invert all
estimated dispersion curves to obtain the 2-D S-wave veloc-
ity model, as depicted in Fig. 13(c). The retrieved S-wave
velocity model highlights two high-velocity areas. The left
high-velocity area corresponds well to the intended design,
while the right high-velocity area is positioned slightly further
to the right than planned. This difference may be attributed
to errors in station deployment and site construction. Despite
this, we consider the quality of the retrieved model to be

acceptable since only 17 stations are used. The retrieved targets
also indicate that the stacked cross-correlation produced by
the CCformer has been well improved for later surface wave
analysis and inversion.

IV. DISCUSSION

We presented an attention mechanism-based network,
CCformer, to improve the stacked high-frequency ambient
noise surface wave cross-correlation for estimating surface
wave dispersion. The CCformer incorporates the routine pro-
cedure in traditional ambient noise processing, i.e., stacking
the original individual cross-correlations of each time seg-
ment, and the novelty includes two aspects: 1) the network
leverages the attention mechanism to pay attention to desired
coherent information between cross-correlations of different
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Fig. 12. Results on dispersion spectra for Lines 1, 9, and 17 of filed data. The first to fourth rows depict the dispersion spectrum for the result of LS, PWS,
CCformer, and active data, respectively. The white dotted line in the dispersion spectra indicates the spectral maxima on the dispersion spectrum of active
data, and the white dashed line in the dispersion spectrum demonstrates the wavelength equal to the maximum array aperture.

Fig. 13. (a) Extracted dispersion curves, (b) sketch of embedded targets, and (c) retrieved S-wave velocity model for Line 6 of the site.

time segments and 2) it is designed to integrate the stacking
process and is trained to learn the stacking weights for
enhancing effectively coherent signals and attenuating spurious

and incoherent noises. As a result, the network is more
straightforward to train under our carefully established train-
ing dataset, producing improved cross-correlation. Tests on
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Fig. 14. Test result for checking the stacking weight produced by CCformer. (a) Placements of sources and receivers, (b) produced stacking weight overlapped
with input cross-correlations, and (c) stacked cross-correlations produced by LS, PWS, and CCformer.

synthetic and field data all show the effectiveness and gen-
eralizability of the proposed CCformer.

Most traditional methods, such as nonlinear stacking and
segment selection [12], [13], [14], [15], work with the idea of
stacking more useful cross-correlations. This concept inspired
the CCformer, making it explainable rather than operating as
a opaque system. To check whether the CCformer works as it
should, we carry out a test to show the stacking weight it gen-
erates during processing. In this test, we distribute 110 sources
at a radius of 2 km to simulate a situation where dominant
coherent out-line sources are presented in a homogeneous
wavefield. Of these sources, 100 are arranged with azimuth
linearly increasing from 0 to π , and the remaining ten sources
are located in the azimuth of π /2, as shown in Fig. 14(a).
For each source, we directly calculate the cross-correlation of
two receivers (with a receiver distance of 200 m) according
to the formula of (2), using a Ricker wavelet with a center
frequency of 15 Hz and the same model in Fig. 7(a). The time
lags of the cross-correlation are between −1 and 1 s. We then
consider the cross-correlation of each source as the ambient
noise cross-correlation of a time segment and pass them to
the CCformer. During its processing, we save the intermediate
product, i.e., the stacking weight between 0 and 1 output
by the final linear layer with a sigmoid activation function.
Fig. 14(b) depicts the stacking weight output by the final
linear layer overlapped with input cross-correlations. Although
the ten cross-correlations corresponding to the sources at an
azimuth of π /2 are the same, the CCformer produces high
stacking weight for events only in the cross-correlation related
to the stationary phase region sources, i.e., the CCformer
pays attention only to the coherent waveform with late
arrivals despite that there is earlier event showing higher
consistency. Moreover, the stacking weights exhibit a certain
symmetry, indicating that the CCformer seeks to extract useful
information from either the causal or acausal branch when

coherent waveforms are present in one of the branches.
Notably, high stacking weights (with some values almost
close to 1) are also observed for the cross-correlations of
sources at the azimuth near π /2, with corresponding time lags
where the stacking weights are high for the cross-correlation
related to stationary phase region sources. This seems to be
that the CCformer tends to preserve the zeros in the cross-
correlations with significant deviation from the effective event
or it attempts to extract information from cross-correlation
with significant arrivals near zero time lag (this could be
the case that there are dominant sources out of stationary
phase regions, but effective information is present in the
cross-correlation). We also present the final stacked cross-
correlations produced by LS, PWS, and CCformer, as shown
in Fig. 14(c). It indicates that the LS does not effectively
attenuate the arrival at zero time lag caused by sources at
an azimuth near π /2, and the PWS worsens this issue, as this
arrival remains consistent across multiple cross-correlations.
In contrast, the proposed CCformer successfully attenuates it
by generating a stacking weight close to zero, consequently
improving the effective event. This test suggests that the
working process of the CCformer is more explainable than
an end-to-end opaque system, and we can use the inter-
mediately generated stacking weight to verify the stacked
cross-correlation output by the neural network.

Although long-term recordings of ambient noise, such as
over months or years, are generally considered necessary
to retrieve high-quality cross-correlations [11], short-term
deployments (such as several minutes) are often favored for
near-surface surveys due to site conditions and cost consid-
erations [17], [18], [19], [39]. However, the field data results
(Figs. 11 and 12) indicate that the recordings of 24 h may still
not be sufficient to retrieve reliable cross-correlations using
the traditional LS. We then use field data of Line 17 to test
the performance of the CCformer in improving short-term
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Fig. 15. Results for the field data of Line 17, with recording time of 10, 20, and 30 min. The first to third rows depict the cross-correlations produced by LS,
PWS, and CCformer, respectively. The fourth to sixth rows represent the corresponding dispersion spectrum for LS, PWS, and CCformer results, respectively.
The white dotted line in the dispersion spectrum indicates the spectral maxima on the dispersion spectrum of active data, and the white dashed line in the
dispersion spectrum demonstrates the wavelength equal to the maximum array aperture. Note that all wiggle plots of the cross-correlations are on the same
scale.

recordings. Fig. 15 depicts the stacked cross-correlations and
corresponding dispersion spectrum for the first 10, 20, and
30 min of recordings produced by LS, PWS, and CCformer.
The result indicates that although the cross-correlations of
CCformer exhibit asymmetry due to insufficient recording
time, the corresponding dispersion spectra for all cases present
clear dispersive patterns that agree with the spectral maxima
of active data. In contrast, the dispersion spectra of LS
and PWS either exhibit energy gaps or overestimate phase
velocities. The results of LS also suggest that the quality of
cross-correlations retrieved from high-frequency ambient noise
might not simply increase with recording time, as sources
within nonstationary phase regions can be dominant at any
time window. Nevertheless, the CCformer extracts coherent
and effective information from cross-correlations of different

time segments, always producing stacked cross-correlations
with higher quality for situations with different recording
times. Note that the recording time necessary to achieve
high-quality cross-correlation also depends on the complexity
of noise sources at the site [39]. Given the high efficiency of
the CCformer in the inference stage (no more than 0.02 s for
processing each two-station cross-correlation of our 24 h field
data, consuming approximately 634 MB of GPU resources
within our runtime environment), its combination with wire-
less transmission modules holds the potential of real-time
estimation of data quality, thus avoiding unnecessary lengthy
recordings. Moreover, considering the effectiveness of the
CCformer, its extension to enhance body waves and process
multicomponent ambient noise recordings could be a direction
for future work.
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V. CONCLUSION

We have developed a novel deep learning-based algorithm
to improve stacked high-frequency ambient noise surface wave
cross-correlation for estimating surface wave dispersion. The
proposed neural network takes advantage of the attention
mechanism to pay attention to coherent and effective surface
wave information between different time segments and with a
design of integrating the process of stacking original individual
cross-correlation by learning to produce a weight for each
sample of each time segment. Tests on synthetic and field
data all show that the proposed algorithm adequately enhances
effectively coherent surface wave signals and attenuates spuri-
ous and incoherent noises, providing superior results compared
to LS and PWS. Moreover, it presents good generalizability
for datasets with different dispersions, source distributions, and
acquisition parameters. It consequently provides a practical
solution for automatically extracting effective surface wave
signals from high-frequency ambient noise. Other possible
developments might be extending the proposed improvement
algorithm in enhancing body waves and processing multicom-
ponent ambient noise recordings, which could extract more
high-quality information about the subsurface from ambient
noise.
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