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Abstract

We present a deep learning-based surrogate forward operator to accelerate 1D shear-
wave velocity (V) inversion from Rayleigh-wave dispersion. A gated recurrent unit-
based surrogate forward model (FGRU) is trained to predict phase-velocity dispersion
curves from the V profiles. Training data are generated using a cubic B-spline crust-
mantle parameterization with sufficiently broad variability to ensure accurate learning
of the mapping. Benchmarks on a consumer-grade workstation show that FGRU repro-
duces the reference dispersion curves computed by a physics-based surface-wave
dispersion solver accelerated using numba (DISBA) with high fidelity. In contrast,
graphic processing unit (GPU)-accelerated batch inference enables forward evaluations
that are orders of magnitude faster. When embedded in particle swarm optimization
(FGRU-PSO), synthetic tests demonstrate that the surrogate forward operator acceler-
ates the inversion by reducing the computational cost of large forward-model ensem-
bles, while producing results comparable to those obtained with the conventional
solver (DISBA-PSO). Application to South China phase-velocity data allows up to
one million model evaluations per grid point at a manageable cost. Compared with pre-
vious tomographic models, the resulting 3D Vs model not only recovers the major tec-
tonic features but also reveals clearer shallow basin-related low-velocity anomalies,
owing to a more thorough exploration of model space. These results demonstrate that
the GPU-parallelized surrogate forward operator provides an efficient and practical
route for accelerating regional surface-wave inversion.

Cite this article as Dong, Q., H. Qiu,
J. Hu, Y. Zheng, S. Ai, S. He, and L. Qin
(2026). A Deep Learning-Based Forward
Surrogate Model for Accelerating Surface-
Wave Dispersion Inversion, Seismol. Res.
Lett. XX, 1-12, doi: 10.1785/
0220260035.

Supplemental Material

Introduction

Surface-wave tomography has long been used to probe Earth’s
interior across diverse spatial scales, incorporating isotropic
and anisotropic imaging of crustal and mantle structures
(e.g., Moschetti et al., 2010; Lin et al., 2011; Xie et al, 2013;
Shaw et al., 2015; Lynner et al., 2018; Ai et al, 2020; Wang
et al., 2020; Zhang et al., 2020; Zheng, 2023; Cheng et al.,
2025). Compared to body waves, surface waves propagate pri-
marily along Earth’s surface in a quasi-2D manner (Aki and
Richards, 2002) and can be efficiently extracted from ambi-
ent-noise cross correlations (e.g., Bensen et al., 2007; Nakata
et al., 2019; Yang et al., 2026). This has led to the development
and widespread application of ambient-noise tomography,
which significantly alleviates limitations associated with the
uneven spatial and temporal distribution of natural earth-
quakes (e.g., Shapiro and Campillo, 2004; Lin et al, 2008).
Although full 3D inversion methods for surface-wave data
(e.g., Fang et al., 2015; Sager et al., 2018; Zhang et al., 2018;
Wang et al, 2019) offer higher accuracy and have been
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successfully applied in various regions, the conventional
approach—constructing 2D surface-wave velocity maps (e.g.,
Barmin et al., 2001; Lin et al., 2009), followed by inversion
for piecewise 1D velocity structures and assembling them into
a pseudo-3D model—remains widely used (e.g., Zigone et al,
2015; Shen et al., 2016; Mordret et al., 2019; Qiu et al., 2019).
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This is primarily due to its simplicity and its ability to provide
a first-order approximation of the true structure in most
cases.

The inversion of piecewise 1D velocity structures in surface-
wave tomography is based on locally measured surface-wave
observations, including phase and group velocities. These obser-
vations are inherently dispersive, meaning their sensitivity to
subsurface velocity structure varies with frequency (Aki and
Richards, 2002). As a result, different frequencies sample differ-
ent depths, enabling the recovery of depth-dependent velocity
structures from dispersion measurements (e.g., Wathelet et
al., 2008; Herrmann, 2013). Given the predominant sensitivity
of surface-wave dispersion to shear-wave velocity (V) over
compressional-wave velocity (Vp), we hereinafter refer to this
process as 1D V inversion (e.g., Zhou et al., 2004). The essence
of 1D Vg inversion is to parameterize the local subsurface struc-
ture as a layered V5 model, whereas the corresponding Vp and
density are constrained via prescribed empirical relationships
(e.g., a constant Vp/ Vg ratio and density) to calculate theoretical
dispersion curves. The inversion then seeks a set of 1D Vg mod-
els whose theoretical surface-wave dispersion curves match the
observed dispersion measurements within their estimated
uncertainties (e.g., Shen et al, 2013; Berg et al, 2018).

Several established approaches can effectively address the
inversion problem with good computational efficiency and sat-
isfactory data fit in most scenarios. These range from classic lin-
earized inversion methods (e.g., Herrmann, 2013) to forward-
modeling-based global optimization methods such as Markov
chain Monte Carlo (MCMC; e.g., Shen et al., 2016; Berg et al.,
2018) and particle swarm optimization (PSO; e.g., Song et al,
2012), alongside emerging machine learning-based (ML-based)
methods (e.g., Hu et al.,, 2020; Luo et al, 2022; Huang et al.,
2023). While efficient, linearized inversions are often ill-condi-
tioned and susceptible to initialization bias, potentially converg-
ing to local minima. This has prompted a shift toward global
optimization and ML-based methods; the latter, in particular,
show significant promise in mitigating dependence on the start-
ing model. Nevertheless, the reliability and generalizability of
ML-based approaches across diverse datasets still require further
rigorous validation (Hu et al., 2020; Cai et al., 2022).

Forward-modeling-based inversion approaches directly inte-
grate a forward solver with optimization algorithms to efficiently
search the model space for solutions that provide an acceptable fit
to the dispersion observations. Because exhaustive sampling is
computationally infeasible, these methods rely on prior con-
straints and nonlinear optimization algorithms (e.g., Zhang and
Curtis, 2024) to guide the search. Nevertheless, achieving robust
convergence and a reliable characterization of non-uniqueness
typically requires an extremely large number of forward evalua-
tions. When conventional physics-based forward modeling (e.g.,
Herrmann, 2013) is used, the computational cost of repeated
forward calculations becomes prohibitive, even with Numba-
accelerated implementations such as the Python dispersion solver
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DISBA (Luu, 2021). Consequently, the efficiency of forward
modeling constitutes the primary computational bottleneck,
motivating the development of even more efficient forward
operators.

Leveraging advances in ML and graphic processing unit
(GPU) acceleration, we propose a fast deep learning-based sur-
rogate forward operator—an efficient neural-network inference
scheme—that learns a reliable mapping from 1D velocity profiles
to theoretical surface-wave phase-velocity dispersion curves.
Such surrogate forward operators have been successfully applied
to a range of geophysical inversion problems (e.g., Shahriari et al.,
2020; Wu et al., 2023; Chang et al, 2024; Liu et al., 2025) in
recent years, demonstrating their ability to substantially reduce
computational cost while maintaining high forward-modeling
accuracy. Compared with end-to-end, fully data-driven deep
learning inversion approaches (e.g., Hu et al., 2020; Cai et al,
2022; Huang et al., 2023), surrogate forward operators offer three
key advantages: (1) they preserve the physical structure of the
traditional inversion workflow by explicitly computing forward
responses and minimizing data misfit, thereby ensuring physical
interpretability; (2) they are used solely to accelerate forward
modeling, avoiding the potential “black-box” behavior inherent
in direct data-to-model mappings and improving robustness
and controllability; and (3) they can be seamlessly integrated
with existing nonlinear optimization algorithms (e.g., PSO and
MCMC), significantly improving computational efficiency with-
out altering the inversion strategy, enabling more thorough
exploration of the model space and a reliable characterization
of the inherent non-uniqueness of the inversion problem. The
trade-off is that surrogate forward models still require iterative
optimization rather than producing one-shot inverse predictions,
but they provide a more transparent and controllable pathway
for incorporating deep learning into geophysical inversion.

In this study, we develop a gated recurrent unit (GRU)-based
surrogate forward model (FGRU) to improve the efficiency of
the surface-wave dispersion inversion, thereby enabling substan-
tially denser exploration of the parameter space than is feasible
with conventional physics-based forward solvers. The architec-
ture and training procedure of the FGRU forward operator are
described in the GRU-based forward operator section, and its
computational performance is evaluated against the conven-
tional DISBA forward solver using a consumer-grade worksta-
tion. To illustrate its robustness and effectiveness in accelerating
1D Vg inversion, the FGRU forward operator is integrated into a
particle swarm optimization framework (FGRU-PSO; Fig. 1)
and evaluated using synthetic tests (see the FGRU-based Vs
inversion section) and a field dataset from South China (see the
Application to South China section). The field-data application
suggests that the high computational efficiency of the FGRU-
PSO framework enables a more thorough exploration of the
velocity model space, as reflected by clearer Vg structural imag-
ing in regions with thick sedimentary cover compared with
results from traditional inversion methods.
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Figure 1. Particle swarm optimization (PSO)-based surface-wave inversion and forward-modeling
strategies. (a) In PSO, a swarm of m particles (candidate Vs models) is iteratively updated based on
the misfit between predicted and observed dispersion curves. (b) FGRU forward modeling eval-
uates the m particles in parallel: each particle is a 301-layer Vs profile (0.5 km spacing, 0-150 km),
and batch inference through stacked GRU layers and a linear output layer yields m phase-velocity
curves sampled at 17 periods. (c) DISBA forward modeling evaluates particles sequentially. The
GRU cell structure is shown in Figure S1. DISBA, a physics-based forward solver; and FGRU, a gated
recurrent unit (GRU)-based surrogate forward model. The color version of this figure is available

only in the electronic edition.
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depth-ordered structure of 1D
velocity profiles and their asso-
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choice for accelerating forward
dispersion calculations in this
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optimal architecture among
all possible deep learning mod-
els. A systematic evaluation of
alternative network architec-
tures is beyond the scope of
this work; however, exploring

GRU-Based Forward Operator

The surface-wave dispersion forward problem involves com-
puting theoretical phase or group velocities for a given layered
Earth model. In this work, we use DISBA as the reference
(“ground truth”) solver because of its robustness and long-
standing use in computing Rayleigh-wave dispersion curves
(Aquino et al., 2022; Korostelev et al., 2022). Although DISBA
provides highly accurate forward modeling of surface-wave
dispersion with accelerated implementations, each evaluation
requires the explicit numerical solution of the propagator-
matrix equations, leading to an approximately fixed computa-
tional cost per model. When complex velocity structures are
considered or when a large number of forward evaluations
is required, as in nonlinear global-search inversion algorithms,
the cumulative computational cost becomes substantial. The
resulting overhead from repeated forward calculations, there-
fore, constitutes a major efficiency bottleneck in practical
inversion workflows.

A variety of deep learning architectures have been explored
to accelerate geophysical applications (Cui et al., 2023; Wu
et al., 2023; Chang et al., 2024). Building on these advances,
we propose a fast forward surrogate model based on the GRU
neural network (Cho et al., 2014; Chung et al., 2014), herein-
after referred to as FGRU, which approximates the nonlinear
mapping from the V§ models to their corresponding theoreti-
cal dispersion curves after training. The GRU architecture is a
Volume XX« Number XX
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and optimizing network design
for improved performance rep-
resents a promising direction for future research.

The FGRU architecture (Fig. 1b), which is similar to the
network structure proposed by Wang et al. (2025), consists
of two stacked bidirectional GRU layers with 32 and 128 hid-
den units, respectively, designed to extract sequential features
from the depth-dependent Vg profile (an N x 1 vector, in
which N is the number of sublayers). The GRU layers are con-
catenated and mapped through a fully connected (linear) layer
to produce an M x 1 (M is the number of sampling periods)
vector of theoretical phase velocities at the target periods, in
which M is the number of sampled periods. The FGRU model
was trained on an NVIDIA RTX 3060 GPU. Using the hyper-
parameters summarized in Table S1, available in the supple-
mental material to this article, training took approximately
6 hr and exhibited stable convergence on both the training
and validation datasets (Fig. S2). Replacing numerical forward
modeling with fast surrogate inference substantially reduces
computational cost by effectively learning a mapping between
plausible velocity models and their theoretical phase-velocity
dispersion curves. Once trained, the surrogate enables the
inversion to exploit rapid neural-network inference rather than
repeatedly solving the forward problem numerically across
iterations and grid points.

The generalization capability of the surrogate forward oper-
ator is primarily governed by the diversity and representative-
ness of its training dataset. To ensure broad coverage of the
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model space, the training dataset is generated by constructing
1D V¢ models using a basis-function (cubic B-spline) param-
eterization commonly employed in large-scale seismic velocity
inversions (e.g., Shen et al, 2016). This parameterization cap-
tures continuous and physically plausible velocity variations
using a small number of parameters, thereby avoiding the
high-dimensional redundancy introduced by layered models
with thin fixed layers. As a result, it enables more efficient
and diverse sampling of the model space. The same parameter-
ization is also used during the inversion and for the real-obser-
vational data in later sections, ensuring structural consistency
and robustness between the training and application of the sur-
rogate forward operator.

Following Shen et al. (2016), we interpolate the V¢ profile
at each grid point using 13 cubic B-spline parameters, includ-
ing sediment thickness, Vg values at the upper- and lower-
sediment boundaries, and Moho depth. The crustal and
upper-mantle Vg structures are represented by four and five
different cubic B-spline basis functions, respectively (Fig. S3).
The training dataset is constructed through the following
steps. First, 1D Vg profiles across China are extracted from
the Crustl.0 model (Laske et al., 2013). Second, each profile
is represented using 13 parameters based on cubic B-spline
functions. Finally, these parameters at each grid point are
randomly perturbed within prescribed ranges (Table S2) to
generate an ensemble of Vg profiles, yielding a total of
500,000 models in the training dataset. The distribution of
this dataset is shown in Figure S4. This ensures broad cover-
age of the parameter space while keeping the computational
cost manageable. Each parameter set is then converted into a
Vs model consisting of 301 layers with 0.5-km spacing over
the 0-150 km depth range, using cubic B-spline interpolation.
Vp values are derived from Vg using the Brocher (2005)
empirical relationship above 120 km depth and a fixed
Vp/ Vg ratio of 1.79 between 120 and 150 km (Kennett
et al, 1995). Density is calculated from Vg following
Brocher (2005). Each velocity model is paired with its theo-
retical Rayleigh-wave phase-velocity dispersion curve sampled
at 17 periods—matching the period range of the subsequent field
data application (8-50 s)—computed using the DISBA solver.
Collectively, these Vg profiles and their corresponding
dispersion curves constitute the training dataset.
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Figure 2. Accuracy assessment of Rayleigh-wave phase velocity
dispersion predicted by FGRU (red), benchmarked against the
DISBA solver (blue), at three representative locations: (a) Eastern
Tibet, (b) South China, and (c) Northeast China. Relative errors
are shown in the lower-right corner of each panel. The spatial
distribution of relative errors across all grid points in South China
is shown in Figure S5. The color version of this figure is available
only in the electronic edition.

We evaluated the accuracy and efficiency of the trained
FGRU forward operator using 1D velocity models from
Shen et al. (2016). For a fair comparison, all dispersion forward
evaluations are conducted on the same consumer-grade work-
station equipped with an NVIDIA RTX 3060 GPU and an Intel
i7-12700 central processing unit (CPU). In terms of accuracy,
FGRU forward predictions closely match the DISBA results
(Fig. 2 and Fig. S5), with average relative errors predominantly
below 0.05%, well below the typical 1%-5% measurement
uncertainty of observed dispersion curves. In terms of effi-
ciency, the largest speedup arises from combining the learned
surrogate with GPU-based batched inference: the per-model
runtime of FGRU decreases rapidly with increasing number
of forward evaluations and stabilizes at ~10™> s per model
on the RTX 3060 GPU once the total number of evaluations
exceeds 10° (purple circles in Fig. 3). In contrast, the per-model
runtime of the DISBA solver decreases by only about one order
of magnitude—from ~1072to ~ 10 s per model—as the
number of forward evaluations increases from fewer than 100
to more than 1000, even with 16-core parallelization on the i7-
12700 CPU (purple triangles in Fig. 3). As a result, for ultra-
large numbers of forward evaluations (>10°), FGRU achieves
nearly a 50-fold improvement in computational efficiency over
DISBA (Table S3).

Overall, the FGRU forward operator provides a highly accu-
rate and computationally efficient alternative. This is critical
for nonlinear inversion methods (e.g., PSO and MCMC) that
rely on massive numbers of forward calculations, as it enables
more thorough exploration of the model space, reduces the risk
of convergence to local minima, and allows a more reliable
characterization of the inherent nonuniqueness of the inver-
sion problem.
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FGRU-Based Vg Inversion

In 1D V inversion, surface-wave velocity structures are com-
monly parameterized in three ways: (1) a fixed number of
layers with prescribed thicknesses and variable V¢ values in
each layer (e.g., Herrmann, 2013); (2) a fixed number of layers
with both variable layer thicknesses and Vg values (e.g., Marc
et al., 2020); and (3) a smooth representation using basis func-
tions, such as a sum of cubic B-spline curves (e.g., Shen et al.,
2016). Each parameterization offers distinct advantages and
limitations in terms of model flexibility, stability, and compu-
tational efficiency. To enable a fair comparison between our
field-data results presented in a later section and the model
inverted by Shen et al. (2016), we adopt the same basis-func-
tion parameterization for the 1D Vg model as described in the
previous section.

The next step is to select an optimization strategy that can
efficiently explore a prescribed parameter space associated with
the chosen model parameterization. Conventional MCMC
methods (Shen et al., 2016; Berg et al, 2018) evaluate model
misfit sequentially along Markov chains during the random-
walk process and are therefore not well suited to exploiting
the batch-parallel inference capability of FGRU. In contrast,
PSO evaluates a large number of particles—each representing
Volume XX« Number XX
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of data points on the dispersion
curve. It should be noted that
the inversion scheme presented here is not fully optimized,
and future studies may explore improved combinations of
parameterization strategies and optimization methods.

To evaluate the robustness and efficiency of the FGRU-
based V inversion, we extract three representative 1D velocity
models from the model of Shen et al. (2016) at grid points
(100° E, 34° N) in Tibet, (115° E, 29° N) in South China,
and (125° E, 47° N) in North China, and compute their cor-
responding theoretical phase-velocity dispersion curves using
the DISBA solver. Gaussian random noise is added to mimic
real observational data. In the PSO framework, the parameter
search ranges are shown in Figure S6. The inertia weight w and
the cognitive (c1) and social acceleration (c2) coefficients are all
set to 0.5. All inversion tests employ 100 particles per iteration
over 100 iterations, resulting in a total of 10,000 forward
evaluations. On the same consumer-grade workstation, the
FGRU-PSO inversion completes in approximately 2 s using
the RTX 3060 GPU, whereas the DISBA-PSO implementation
requires substantially longer runtimes (Table 1), taking about
16 s even with 16-core parallelization on an Intel i7-12700
CPU. The good data fits (Fig. 4a, Figs. S7a and S8a) and the
consistency between the inverted and true Vg models (Fig. 4b,
Figs. S7b and S8b) at depths where the data have sufficient
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sensitivity (i.e., above the Moho) demonstrate the robustness of
both methods. These results indicate that FGRU-PSO effec-
tively exploits batch parallelism, enabling efficient execution
on both CPUs and GPUs, and substantially reducing computa-
tional cost while preserving inversion consistency under the
tested settings. We note that the reported GPU runtime of
approximately 2 s is not a strict lower bound, and further
reductions may be achievable with additional implementation
refinements and optimization.

Application to South China

We further applied the FGRU-PSO method to Rayleigh-wave
phase-velocity dispersion measurements in South China. The
observed phase velocities were taken from Shen et al. (2016);
details of the dataset are provided in Text S1 and Figure S9.
Because the efficiency and robustness of the FGRU-PSO
framework are validated using synthetic datasets, we leverage
its exceptional computational efficiency not merely to speed up
the inversion, but to substantially enhance exploration of the

(b) ]
20
40 -
€ 60
X
e
3 801
[}
o
100 -
Vs+o
12091 —— True Vs
1404 —— FGRU-PSO inverted Vg
—=—= DISBA-PSO inverted Vs

2 3 4
Shear-wave velocity (km/s)

Figure 4. Synthetic inversion results for the South China grid point
(115° E, 29° N). (a) Comparison between the input (synthetic)
and predicted phase velocity curves; error bars denote the pre-
scribed observational uncertainty. (b) Comparison between the
inverted and true Vs models. The gray shaded region indicates
the uncertainty of the FGRU-PSO inverted Vs model, estimated
from 100 independent FGRU-PSO inversions. The color version
of this figure is available only in the electronic edition.

model space. Specifically, we increase the number of evaluated
velocity models to 1,000,000 at each grid point while keeping
the computational cost manageable (~165 s), a scale of sam-
pling that would be infeasible with the DISBA solver. This dra-
matic increase in sampling density allows for a much more
thorough exploration of the model space, thereby increasing
the likelihood of convergence to the global minimum. To
assess the reliability of field-data application, we perform
100 independent PSO inversions at each grid point and use
the spread of the resulting models as a measure of solution

TABLE 1

Comparison of Inversion Runtime for Different Forward-Inversion Frameworks

Model Count

Speedup (Relative to

Inversion Framework (Particles x Iterations) Hardware Platform Runtime DISBA-PSO CPU Baseline)
FGRU-PSO 100 x 100 GPU (RTX 3060) 2s ~45.5x

FGRU-PSO 100 x 100 CPU (Intel i7-12700) 5s ~18.2x

DISBA-PSO 100 x 100 CPU (Intel i7-12700) 91s 1.0x (baseline)

nDISBA-PSO (parallel) 100 x 100 CPU (16-Cores Parallel) 165 ~5.7x

CPU, central processing unit; DISBA-PSO, a particle swarm optimization framework incorporating the physics-based DISBA forward solver; FGRU-PSO, a particle swarm
optimization framework incorporating the FGRU forward operator; and GPU, graphics processing units.
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stability under the adopted parameterization and inversion set-
tings (Fig. S10).

Comparison shown in Figure 5 and Figure S11 indicates good
overall consistency between our Vg model and that of Shen et al.
(2016). At a shallow depth of 10 km, pronounced low-velocity
anomalies are observed beneath the Sichuan basin (SCB), con-
sistent with its thick sedimentary cover. In the depth range of
20-40 km, corresponding to mid-to-lower crust, prominent
low-velocity zones are observed beneath the Songpan-Ganzi,
Sichuan-Yunnan, and West Qinling blocks, in good agreement
with previous tomographic and geodynamic studies (Zheng
et al.,, 2010, 2013; Wang et al., 2016; Guo et al., 2022). These
large-scale low-velocity features likely reflect crustal eastward
flow driven by sustained compression from the Tibetan
Plateau. In the uppermost mantle (60-80 km), the stable litho-
spheric root of the Yangtze craton is characterized by a high-
velocity anomaly in both models, a hallmark of cratonic litho-
sphere. In contrast, the lithosphere beneath Eastern China
exhibits lower velocities, supporting the hypothesis of craton
destruction or lithospheric thinning in this region.

The overall agreement between our Vg model and that of
Shen et al. (2016), along with the successful recovery of well-
known structural features from the shallow crust to the upper
mantle, supports the robustness and reliability of the FGRU-
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Figure 5. Depth slices of inverted Vs models from the FGRU-PSO
method and Shen et al. (2016). The depth value of each slice is
indicated in the bottom-right corner, with shallower slices shown
in (a) and deeper slices shown in (b). SCB, Sichuan basin. The
color version of this figure is available only in the electronic
edition.

PSO inversion scheme. However, a closer, zoom-in comparison
reveals several notable differences at smaller spatial scales. The
most striking difference lies in the imaging of the SCB. The Vg
model obtained from the FGRU-PSO inversion yields two shal-
low low-velocity anomalies (red ellipses in Fig. 6a) in the
northern SCB, extending continuously from the surface to
approximately 10 km depth and forming a crescent-shaped
low-velocity zone. In contrast, the model of Shen et al. (2016)
does not clearly capture these anomalies and shows limited lat-
eral continuity (Fig. 6¢), a feature consistent with assessments of
Vs models in South China using full-wave simulations (Miao
et al., 2025). Our FGRU-PSO results are also in close agreement
with velocity model derived from oil wells and seismic reflection
profiles (Wang et al., 2016), as well as with joint body- and sur-
face-wave inversion results (Gao et al., 2022; Han et al., 2022).
The continuous low-velocity anomalies in the northern SCB are
well explained by the thick sedimentary cover in this region.
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These observations indicate that the FGRU-PSO method can
better resolve Vg structures in sedimentary basins than the
approach of Shen et al. (2016).

Because both inversions use identical dispersion data and
model parameterization, the enhanced shallow low-velocity
features recovered by FGRU-PSO in sedimentary basins are
most likely a result of the denser sampling of the parameter
space enabled by the accelerated forward modeling of FGRU.
To more rigorously isolate this effect, we further compare
FGRU-PSO with DISBA-PSO using the same inversion algo-
rithm and identical total computational time (Fig. 6a,b).
Under this controlled setting, DISBA-PSO performs 100,000
model evaluations at each grid point (the parameter settings
described in Text S1), whereas FGRU-PSO can evaluate up
to 1,000,000 models within the same total runtime due to its
faster forward predictions, thereby increasing the sampling den-
sity of the parameter space. This improved sampling increases
the likelihood of converging to the global minimum rather than
local minima, particularly for grid points within the SCB. Misfit
maps (Figs. S12 and S13) support this interpretation, showing
consistently lower misfit for FGRU-PSO (average misfit ~ 0.6)
compared with Shen et al. (2016). These results underscore the
practical value of deep learning-based surrogate forward models
for improving regional seismic imaging.

Discussion and Conclusions

We demonstrate that 1D Vg inversion can be substantially
accelerated by replacing conventional physics-based surface-
wave forward modeling with a deep learning-based surrogate
forward operator. Using the state-of-the-art DISBA solver as a
reference, we show that, after training on a dataset generated
from the low-resolution global model Crust1.0, FGRU can map
layered V¢ models to Rayleigh-wave phase-velocity dispersion
curves with high fidelity (average relative error < 0.05%).
Moreover, FGRU provides exceptional computational acceler-
ation—over an order of magnitude faster than the DISBA
solver on a consumer-grade workstation when a large number
of forward models are evaluated simultaneously. This gain
arises from GPU-based batched inference enabled by the
learned surrogate model.
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Figure 6. Zoomed-in comparison of Vs maps near the SCB at
10 km depth. (a) Vs model derived from the FGRU-PSO inver-
sion; (b) Vs model derived from the benchmark DISBA-PSO
inversion, conducted under the same total runtime as panel
(a) but with fewer evaluated models per grid point; and (c) Vs
model from Shen et al. (2016). Red dashed ellipses outline major
low-velocity anomalies, which are more pronounced in the
FGRU-PSO model. The color version of this figure is available only
in the electronic edition.

Specifically, FGRU achieves ~107 s per model under batch
inference using GPU (RTX 3060), compared with ~107® s per
model for the DISBA solver with 16-core CPU (Intel i7-12700)
parallelization (Fig. 3). This pronounced performance differ-
ence primarily reflects the efficiency of GPU-parallelized batch
inference. We note that the comparison is not strictly hardware
equivalent, as the DISBA solver is not currently GPU compat-
ible, whereas FGRU is naturally suited for GPU acceleration. To
provide a more direct comparison, we also benchmarked both
forward operators using the same CPU (Table S3). Although the
performance gap is reduced under this configuration, FGRU still
outperforms the DISBA solver by several times. The initial
GPU-based comparison is not intended to diminish the effi-
ciency of the DISBA solver, but rather to highlight the readily
available and easily implemented GPU acceleration enabled by
the FGRU framework, in contrast to the absence of a GPU
implementation for the DISBA solver at present.

Although FGRU may not represent the optimal architecture
for accelerating surface-wave dispersion calculations, it is suffi-
ciently effective to illustrate the central idea of this study—that
improving the efficiency of forward modeling alone can lead to
enhanced performance in 1D Vy inversion. This acceleration
enables much denser sampling of the parameter space in for-
ward-modeling-based inversion frameworks, such as PSO and
MCMC, as well as other highly parallelizable stochastic search
and optimization algorithms, under fixed computational budg-
ets. To demonstrate this, we adopt PSO and integrate it with
both FGRU and the DISBA solver to assess the acceleration per-
formance of FGRU relative to DISBA in the context of 1D Vg
inversion. We do not include a comparison based on the same
Volume XX« Number XX
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inversion scheme (e.g., combining FGRU with MCMC), because
conventional MCMC approaches cannot efficiently exploit the
GPU-based batched inference that underlies the computational
advantage of the proposed method.

In a synthetic test using the same consumer-grade worksta-
tion, the FGRU-PSO framework completes 10,000 forward
evaluations in ~2 s on the GPU, whereas the DISBA-PSO
workflow requires substantially longer runtimes (~16 s) on
the CPU with 16-core parallelization (Table 1). We note that
the current workflow is not yet fully optimized; for example,
particle updates in PSO are performed on the CPU while
forward evaluations are executed on the GPU, leading to addi-
tional overhead from CPU-GPU data transfers. Even without
fully optimized parameterization and optimization strategies,
these results highlight the potential of FGRU as an effective
replacement for DISBA in large-scale, computationally inten-
sive 1D Vg inversion. Although FGRU predictions may intro-
duce small numerical errors for each forward evaluation, these
do not accumulate across iterations because each evaluation in
PSO is independent. As long as the surrogate errors remain
much smaller than the observational uncertainties, their
impact on the inversion results is negligible.

Application of the FGRU-PSO framework to Rayleigh-
wave phase-velocity dispersion data from Shen et al. (2016)
in South China further demonstrates the practical value of this
approach. Leveraging the high efficiency of FGRU, we evaluate
up to one million velocity models at each grid point while
maintaining a manageable computational cost (~165 s), a level
of sampling that would be prohibitive with the DISBA solver.
The enhanced shallow low-velocity features recovered by
FGRU-PSO in sedimentary basins—consistent with previous
local studies—indicate that the denser parameter-space sam-
pling enabled by accelerated forward modeling increases the
likelihood of convergence to the global minimum rather than
local minima, thereby improving imaging quality.

As with all ML models trained on finite datasets, the accuracy
of FGRU depends on the completeness and representativeness
of the training dataset—that is, whether the key features of real
1D Vg profiles (e.g., absolute velocities and depth gradients) in
the target region are adequately sampled. In this study, we con-
struct a robust training dataset using a widely adopted large-
scale parameterization (Shen et al, 2016), ensuring broad cover-
age of physically reasonable crust-mantle velocity variations.
However, in cases where the training dataset is inevitably incom-
plete—for example, in imaging shallow structures characterized
by strong heterogeneity and limited prior constraints—the accu-
racy of FGRU may be reduced. A potential solution to this limi-
tation is to adopt an iterative, incremental training strategy.
Specifically, the accuracy of FGRU can be evaluated using the
inverted models, and those that show poor agreement with
the DISBA solver can be identified. Additional training samples
are then generated in the vicinity of these misfit-prone models to
expand the training dataset, and the network is retrained. This
Volume XX« Number XX
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process can be repeated iteratively until FGRU achieves consis-
tently high accuracy across all inverted models.

The present network is trained and applied using a widely
adopted cubic B-spline parameterization, which provides suf-
ficient variability in the training dataset to ensure robust learn-
ing of the FGRU model. However, we note that the FGRU
framework is not restricted to this specific parameterization
and can, in principle, be extended to alternative representa-
tions of 1D Vg structure (e.g., models with a fixed number
of layers but variable layer thicknesses and layer-top velocities,
with velocity assumed to vary linearly with depth within each
layer). A systematic evaluation of how different parameteriza-
tions influence model performance is beyond the scope of this
study, but the transferability of the trained network across
parameterization schemes remains an important topic for
future investigation. In addition, because FGRU is fully differ-
entiable, future work could exploit this property to compute
gradients of dispersion curves with respect to model parame-
ters via backpropagation, and to compare these neural-net-
work-derived Jacobians with conventional sensitivity kernels
(Fig. S14). Such developments may provide a pathway toward
more efficient and physically informed gradient-based inver-
sion frameworks.

In conclusion, we develop a deep learning-based surrogate
forward operator, FGRU that substantially improves computa-
tional efficiency relative to the physics-based DISBA solver
while maintaining high fidelity, after training on datasets gen-
erated from a low-resolution global model. We demonstrate
that this acceleration enables much denser exploration of
the parameter space in 1D Vg inversion when combined with
optimization algorithms such as PSO, as shown through both
synthetic tests and field-data applications. Unlike direct deep
learning inversion schemes, the key contribution of this work is
the use of deep learning to accelerate the forward solver, while
the inversion itself is still carried out through explicit data-mis-
fit evaluation and optimization. This preserves a more trans-
parent and controllable framework for regional surface-wave
tomography. This approach is particularly promising for imag-
ing shallow structures, where strong heterogeneity and limited
prior constraints make dense parameter-space sampling essen-
tial to avoid local minima and better characterize the inherent
non-uniqueness of the inversion.

Data and Resources

The training dataset, trained gated recurrent unit-based surrogate for-
ward model (FGRU), Rayleigh-wave phase-velocity dispersion data
measured by Shen et al. (2016) for South China, and the code package
to reproduce this work is available at https://github.com/spaopaos/dqy.
The DISBA solver is available at https://github.com/keurfonluu/disba.
Both the websites were last accessed in May 2026. The supplemental
material for this article includes Text S1, Tables S1-S4, and Figures
S1-S14, which provide details of the FGRU hyperparameters, model
perturbation ranges, forward-modeling runtime benchmarks, training
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behavior, model parameterization, synthetic and field-data inversion
results, misfit analysis, and sensitivity-kernel comparisons.
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