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SUMMARY

Seismic surface wave tomography, particularly when leveraging dense array data, has become
a widely used method for investigating shallow subsurface velocity structures. The shallow
structures are usually characterized by rapid seismic velocity changes (i.e. seismic interfaces)
due to variations in rock properties, sedimentary environments or tectonic features. However,
the commonly used grid-based parametrization of the velocity field in surface wave tomogra-
phy often struggles to accurately constrain such interface geometries. In addition, traditional
surface wave inversion methods typically rely on 1-D inversion at individual stations using
dispersion curves, followed by interpolation to construct 2-D or 3-D models. This approach
can sometimes introduce spurious features and reduce model reliability. To address these
limitations, we propose a geological and level-set parametrization approach for surface wave
tomography, allowing for the explicit consideration of interface structures in inversion. This
method is then combined with the Ensemble Kalman Inversion to optimize subsurface struc-
tures. Synthetic tests demonstrate that integrating 3-D interface parametrization in tomography
significantly enhances the reliability of the velocity model and the recovery of interface ge-
ometries. Applying this approach to the Woxi gold mine region in China yielded inversion
results that closely align with existing borehole data. This study highlights the advantages of
level-set parametrization for 3-D interface imaging in seismic tomography, underscoring its
potential in subsurface mineral exploration.
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the uniqueness and accuracy of solutions, often leading to variations

1 INTRODUCTION

Seismic tomography is a fundamental method for investigating
Earth’s subsurface structure (Aki et al. 1977; Dziewonski et al.
1977; Romanowicz 2012). Its implementation involves key com-
ponents: model parametrization, forward modelling, inversion and
regularization (Aki et al. 1977). Model parametrization plays a
critical role, providing the quantitative framework for describing
the subsurface medium and underpinning subsequent modelling ef-
forts. Diverse parametrization approaches exist, from uniform grids
to adaptive non-uniform schemes (Aki & Lee 1976; Sambridge et
al. 1995; Rawlinson & Houseman 2010; Fang et al. 2019). However,
the seismic tomography inverse problem is inherently underdeter-
mined. As a result, the choice of parametrization strongly impacts

in tomography results. To mitigate this, incorporating geological
information, such as known structural interfaces or expected veloc-
ity ranges of specific geological units, into the inversion can help
narrow model space uncertainty and enable the derivation of geo-
logically meaningful models from the mathematically permissible
set (Tarantola 2005; Tso et al. 2021).

Earth’s interior contains seismic discontinuities at various scales,
including global-scale features and localized velocity contrasts
(Dziewonski & Anderson 1981; Shearer 1991; Yuan et al. 1997;
Li et al. 2008; Wang & Niu 2011; Zheng et al. 2015). Conven-
tional parametrization, primarily describing smoothly varying ve-
locity fields, struggles to capture these sharp contrasts (Fig. 1b).
In addition, regularization techniques applied in tomography

© The Author(s) 2025. Published by Oxford University Press on behalf of The Royal Astronomical Society. This is an Open Access

article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which
permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

GZ0Z 1940100 8| UO Josn OIS elwapeoy ABojoss) Jo aymusul Aq £451.928/9. £4eBB/g /e z/a1011eB/wod dno-owepese)/:sdjy Wouj papeojuMOq


https://orcid.org/0009-0008-2319-5273
https://orcid.org/0000-0002-8963-3124
mailto:wangxin@mail.iggcas.ac.cn.
https://creativecommons.org/licenses/by/4.0/

2 Y. Wang et al.

(a) Imaging target (b) Parameterization of velocity field
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Figure 1. Illustration of the imaging setup, including the input 3-D velocity model and potential results from different parametrization strategies. (a) The input
3-D velocity model, with two interfaces and a low-velocity body. (b) Potential imaging result using traditional parametrization. Traditional seismic tomography
typically employs uniform grids, where v(x, y, z) represents the velocity values within each cell. Regularization enhances numerical stability but compromises
the accurate reconstruction of abrupt velocity changes. (c¢) Possible imaging result using 3-D interface parametrization. In this method, {¢;} represents the
level-set equations controlling the interfaces, and {4;} represents the equations controlling the velocity field.

inversion often suppress velocity contrasts across discontinuities
(Worthen et al. 2014; Muir et al. 2022; Tsai et al. 2023), improving
numerical stability but at the expense of accurately reconstruct-
ing abrupt velocity changes. Even when using dense grids and
moderate smoothing, conventional parametrization frequently in-
troduces artefacts that contradict physical expectations (Lin et al.
2014; Hosseini et al. 2019). To overcome these limitations, in-
corporating interface-specific constraints directly into the inver-
sion framework is essential for accurate subsurface reconstruc-
tions. This allows for the simultaneous optimization of seismic
velocity fields and interface geometries, leading to more accu-
rate reconstructions of subsurface structures (Muir & Tsai 2020;
Tsai et al. 2023).

The level-set method effectively describes and reconstructs inter-
faces by modelling their evolution with a globally defined contin-
uous function (Osher & Sethian 1988). It has been widely applied
in various fields, including hydraulic reservoir modelling (Iglesias
2015; Chada et al. 2018), electrical impedance tomography (Chada
et al. 2018), interwell seismic tomography, gravity and magnetic ex-
ploration (Zheglova et al. 2012,2018; Li et al. 2014, 2017; Isakov et
al. 2015; Lu & Qian 2015; Li & Qian 2016) and machine learning
(Kovachki & Stuart 2019). In seismology, early applications like
Zheglova et al. (2012) reconstructed 2-D subsurface interfaces with
distinct discontinuities. Subsequently, Muir & Tsai (2020) proposed
a geometric and level-set-based Ensemble Kalman Inversion (EKI)
framework for seismic traveltime tomography, constraining shal-
low velocity structures with interfaces under the assumption of a
uniform seismic velocity field between interfaces. This framework
has been applied to refine the basin basement in the Los Angeles
Basin (Muir et al. 2022) and to image near-surface structures in
Ridgecrest, California (Yang et al. 2021). However, these previous
studies primarily focused on 2-D linear array data and often as-
sumed uniform seismic velocities between interfaces, limiting flex-
ibility for depth-varying properties. Moreover, they only focused on
layered boundaries (Muir & Tsai 2020; Yang et al. 2021; Muir et
al. 2022), overlooking more complex geological concepts such as
fault attributes or internal heterogeneities. Incorporating these ge-
ological structures into seismic inversion through a geology-driven
parametrization facilitates reconstructions that align more closely
with geological knowledge (Tsai et al. 2023). This explicit inte-
gration of geological models represents an evolving and crucial
direction in seismic tomography studies. By utilizing more relevant

prior information, this approach significantly improves subsurface
constraints, enhancing model plausibility and geological under-
standing (Tsai et al. 2023).

Ambient noise tomography (ANT) is widely used for subsurface
3-D structures imaging (e.g. Yao et al. 2006; Lin et al. 2008,2013;
Yao et al. 2010; Fang et al. 2015; Chmiel et al. 2019; Du et al.
2020). Traditional ambient noise tomography typically involves
two steps: first deriving 2-D velocity maps, then inverting disper-
sion curves for 1-D S-wave velocity models (Montagner & Jobert
1988; Ritzwoller & Levshin 1998; Barmin ez al. 2001). While a pro-
posed one-step surface wave tomography method directly derives
3-D velocity models from dispersion curves, the two-step approach
remains more common, especially for joint inversion integrating
additional seismic data (Feng & An 2010; Fang ef al. 2015). A
major limitation of the two-step approach is that each location’s
velocity structure inversion is treated independently, without incor-
porating lateral constraints. This limitation, combined with noise
and inversion non-uniqueness, often introduces artefacts in the final
results (Ritzwoller & Levshin 1998; Barmin et al. 2001; Boschi
& Ekstrom 2002; Fang et al. 2015). The level-set method offers
a promising solution by parametrizing interfaces, enhancing lat-
eral constraints and reducing artefacts. However, its application
in passive source seismic imaging has not been widely adopted
(Muir & Tsai 2020).

In this study, we extend the previous level-set parametrization
(Muir & Tsai 2020) by adopting a geological and level-set ap-
proach for ambient noise seismic tomography. This framework mod-
els 3-D layered, heterogeneous and fault-included interfaces, along
with non-uniform velocity fields. Incorporating EKI, we outline
its principles, demonstrate advantages through numerical simula-
tions and apply it to dense array data from the Woxi gold mine
region to evaluate practicality and stability for subsurface mineral
exploration.

2 METHODOLOGY

The geological and level-set parametrization approach integrates in-
terface perturbations, velocity fields and geological structures into
a velocity model using Gaussian Random Fields (GRFs; Osher
& Sethian 1988; Ritzwoller & Levshin 1998; Gibou et al. 2018),
following the framework introduced by Muir ef al. (2022). This
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Figure 2. Methods used to represent a 3-D velocity model using combinations of GRFs. (a) The combined velocity model, where stratigraphic interfaces and
closed surfaces are represented by isolines. Parameters x;, x; and / are used to model a simple fault cutting through the interfaces. (b) The inhomogeneous
bodies are defined using the level set equation, based on zero-level isosurface the 3-D GRE. (c) The velocity interfaces are defined using 2-D GRFs. Here,
depth values depict interface perturbations from an average depth, which is an inversion parameter. (d) The velocity field is defined using a 3-D GRF. Similarly,
velocity values represent perturbations around a mean velocity, also an inversion parameter.

approach is similar to the spatial damping and smoothing techniques
used in the commonly applied Tikhonov regularization framework
(Aster et al. 2018). In our implementation, 2-D GRFs are utilized
to generate {¢;}/_,, where n represents the total number of inter-
faces, and ¢; defines the i-th velocity discontinuity (Fig. 2¢). Sim-
ilarly, 3-D GRFs are used to generate {4;}7_,, where 4, defines
the velocity field between these discontinuities (Fig. 2d). While our
approach builds on Muir et al. (2022), it extends their method into
3-D and explicitly incorporates inhomogeneous body boundary de-
scriptions. Fig. 2 shows that 3-D level-sets can effectively represent
arbitrarily shaped layers and inclusions, depicting the zero-level
isosurface of a 3-D GRF. In addition, this study utilizes multiple
level sets, enabling the inversion to capture not only a single inho-
mogeneous body but also multiple interconnected inhomogeneous
structures.

To generate the GRFs, we utilize both 2-D and 3-D anisotropic
covariance functions, C,_p(x, y) and Cs_p(x, »), respectively (Ras-
mussen & Williams 2005). The expression for C,_p(x, ) is given

as:

L0
Cyp(x,y)=o0pexp (—(x - [“5 } (x — y)) , (1)

1

Ipy?
where x and y represent the position vectors. /,x and /,y denote
characteristic lengths of horizontal boundary perturbations, rep-
resenting their spatial correlation; and o} characterizes boundary
perturbation magnitude along depth. The C;_p(x, y) is expressed
as:

# 0 0
Cip@.y)=oexp|—x—»"| 0 77 0 |@-»]. @
0 0 #

where /,x,/,y and /,z represent the characteristic lengths of the
3-D velocity field, while o, quantifies the magnitude of veloc-
ity perturbations. The covariance functions are transformed into
GRFs within the defined Cartesian coordinate system through
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Figure 3. Cross-sections of stochastic models generated using geological and level-set parametrization. (a) and (b) show representative stochastic models,
fully annotated to illustrate the parametrization. These include 2-D GRFs defining boundaries {¢; >}, 3-D GRFs defining velocity fields {413 4}, the
inhomogeneous body defined by a 3-D level-set equation {¢; }, and a simple fault structure {G} controlled by geometric parameters {x|, x2, /}. (c) and (d)
present additional stochastic realizations of the models generated during inversion, emphasizing the inherent randomness and variability captured by the

GRFs-based parametrization.

the Karhunen-Loéve expansion (Bére§ 2018). For computational
efficiency with high-dimensional data, the Nystrom method ap-
proximates the eigen-decomposition of the covariance matrix, sig-
nificantly reducing computational burden for large-scale samples
(Nystrom 1930).

Prior geological knowledge (e.g. layered media, faults, inhomo-
geneities) crucially informs the geological parameter vector {G}
(Tsai et al. 2023). GRFs’ mean values define stratigraphic in-
terface depths and average velocity fields. Fault characteristics,
like discontinuity points x;, x, along the y-axis and vertical slip
h (Fig. 2a), also contribute. The general model parameter vector
is u = [{¢;}7_,, {4:}!_,, {G}]. To provide a visual example of the
models that can be constructed with this approach, we present an ex-
ample in Fig. 3. The model consists of three key features: two veloc-
ity boundaries, a fault and an inhomogeneous body. These features
are parametrized by the fault geometry, described by parameters
{x1, x2, h}, and the boundary of the inhomogeneous body, defined
by a 3-D level-set function {¢, }. In this specific case, the model pa-
rameter vectoris u = [{@: )2, {4:}P_,, @1, {x1, X2, h}. The velocity
model F(u) is obtained by concatenating and deforming these com-
ponents (Fig. 3).

The forward modelling framework in this study involves con-
structing the model parameter vector u, building the velocity
model F(u) and computing the forward response H(F(u))(Muir
& Tsai 2020). The forward mapping G can thus be expressed
as G(u) = H(F(u)). We implement this using the Surf96 pro-
gram, which considers the S-wave velocity structure beneath each
station (Herrmann 2013). In our approach, the inversion goal
is not the velocity model F(ux), but rather the model parame-
ter vector u. The inversion process is an optimization of the
model parameter vector. The resulting optimal #* contains re-
fined interface and velocity field information, providing a clear
representation when mapped to the Cartesian coordinate system
(F@)).

This study employs a parallelized EKI strategy (Evensen 2012;
Iglesias 2016). This algorithm is chosen for several key advantages:
(1) ensemble member independence enables parallel computation
for efficiency; (2) absence of derivatives allows solving large-scale
nonlinear or black-box inverse problems (Iglesias 2016) and (3)
Low-rank approximation and the Woodbury matrix identity further

reduce memory costs for updating covariance matrices, facilitating
efficient large data set processing. These advantages make EKI
well-suited to our parametrization framework.

Combining level-set parametrization with EKI transforms the
geophysical inverse problem into an optimization problem for the
model. The invariant structure of the model parameter vector en-
sures that interface structures of interest can be constrained and
optimized. However, applying this parametrization requires strong
prior information to avoid false structures. Nevertheless, practice
and research suggest that EKI with appropriate coarse parametriza-
tion is an effective inversion tool (Tso et al. 2021). A flowchart of
this framework, illustrated with background noise tomography, is
provided in Fig. 4.

3 SYNTHETIC TEST

To evaluate the feasibility of combining the level set method with
EKI in ambient noise tomography, we first performed synthetic
tests. A 3-D shear wave velocity model was constructed featur-
ing two interfaces, a fault structure and an ellipsoidal low-velocity
anomaly (Figs 5a and e). The average shear wave velocities of
the three layers, from top to bottom, are 2.0, 2.8 and 3.3 kms™!,
respectively. Velocity perturbations were also introduced within
each layer instead of assuming a uniform velocity field. The el-
lipsoidal low-velocity anomaly is located within the second layer
and has an average velocity of 2.5 kms™. Seismic stations are lo-
cated on the surface, consistent with the actual station distribution
used in the real data, as described in Section 4. Using this veloc-
ity model, we computed synthetic Rayleigh wave phase velocity
dispersion curves with the Surf96 program (Herrmann 2013), con-
sidering the S-wave velocity structure beneath each station. The
frequency bands of the synthetic dispersion curves range from 0.2
to 1.8s, corresponding to the observed dispersion data shown in
Section 4.

The inversion framework employed in this study is a geologi-
cally guided optimization procedure. Prior to the inversion process,
a preliminary understanding of the subsurface medium is typically
established using existing geological information or results from
initial inversion. This prior knowledge is then characterized and
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Figure 4. A flow chart illustrating the EKI inversion process. Grey modules represent prior information and data sources, light yellow modules represent data,
orange modules represent model parameters and responses and blue modules represent the EKI iteration process. Key notations in this framework include:
ug (prior model parameter vector), u, (current model parameter vector at iteration n), F(u,) (velocity model at iteration n), d (data vector), H(F(u,)) (forward
predicted data values), C;; and C'" (covariance operators), o (initial regularization parameter), o, (regularization parameter), I" (predicted error operator)
and F(u};) (optimal velocity model upon convergence) Technical details related to the EKI can be found in Iglesias (2016) and Muir & Tsai (2020).

incorporated into the inversion workflow, enabling the refinement
and exploration of geological features of interest. To evaluate the
influence of prior information on the inversion results, different
assumptions about the subsurface structure were tested. These as-
sumptions include the following: (1) incorporating only two ve-
locity boundaries (Fig. 5b), (2) two velocity boundaries and fault
structures (Fig. 5¢) and (3) two velocity boundaries, fault structures
and a 3-D level set equation (Fig. 5d). The model construction for
case (3) is the same as the example shown in Section 2. However,
cases (1) and (2) lack the corresponding types of prior informa-
tion. Synthetic tests show that inversion results are closely related
to the type of prior information introduced. However, they are not
dependent on specific values, such as layer depths or GRFs char-
acteristic values. In practical inversion studies, it is sufficient to
conduct a preliminary survey of the study area or estimate these
parameter values based on initial inversion results. In this study,
we employed an ensemble of 200 randomly initialized models in
the EKI inversion to ensure the stability of the inversion results
(Iglesias 2016).

Figs 5(a)—(d) provide an intuitive visualization of how different
prior information influences inversion results, illustrated through
contour maps. To further explore the finer details of these results, a
2-D profile is presented in Figs 5(e)—(h). Initially, without explicit
prior information, a traditional inversion using the linear iterative
Surf96 program (Herrmann 2013) provided insights into the ap-
proximate velocity structure (Fig. 6a). This approach independently
inverts dispersion curves beneath each station for 1-D S-wave veloc-
ity profiles (hereafter we refer to this as the 1-D inversion method).
For this, an initial model derived from the synthetic model’s av-
erage velocity was adopted. The maximum inversion depth was

consistently set at 3 km. To minimize the impact of model layering,
both the layer count and thicknesses were kept consistent with our
subsequent level-set method, with layers gradually thickening from
0.1 to 0.2 km. This inversion is carried out using a linearized it-
erative solver that minimizes weighted residuals between observed
and predicted data, with smoothness constraints applied Tikhonov
regularization. The resulting models (Fig. 6¢) successfully capture
key subsurface features, such as the shallow low-velocity layer and
the low-velocity body. However, the boundaries of the fault struc-
ture, as well as the location and magnitude of the low-velocity body,
remain unclear.

From the results of this 1-D inversion, two velocity disconti-
nuities can be inferred at average depths of approximately 0.25
and 1.25 km. By incorporating these velocity discontinuities into
the level-set inversion, we achieved better-constrained subsurface
structures (Figs 5b and f). In this updated result, the shallow low-
velocity layer, the low-velocity body and the velocity discontinuities
are more distinct, with a fault structure likely present in the middle
of the profile. To further refine the fault structure, simple geometric
parameters for the fault structure were introduced, including its loca-
tion and vertical displacement. While more complex mathematical
models and additional parameters could enhance the representation
of fault structures, further investigation is needed. Nevertheless,
incorporating these fault parameters made it possible to resolve
the fault structure in the inversion results (Figs 5S¢ and g). Further
analysis suggests the possible existence of a low-velocity body at
depths ranging from 1 to 1.5 km. Ifthe velocity contrast between the
low-velocity body and the surrounding medium is substantial, its
boundary can be modelled using the level set equation. By incorpo-
rating the inhomogeneous body interface into the inversion (Figs 5d
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Figure 5. The influence of different prior information on inversion results. (a) The S-wave velocity model used to generate the synthetic data. (b) Inversion
results incorporating prior information of two velocity interfaces. (c) Inversion results incorporating prior information about two velocity interfaces and fault
parameters. (d) Inversion results further incorporating a 3-D zero-level set surface. The relative fit error quantifies improvement in data fit, calculated as the
ratio of the current model’s residual L2-norm to that of the baseline two-layer model (Fig. 5b). (e), (f), (g) and (h) show 2-D cross-sections corresponding to
(a), (b), (¢) and (d), respectively. In subfigures (e) and (g), the red line indicates the fault structure. The distribution of seismic stations and the locations of
profiles are shown in Fig. 8.

and h), the resulting velocity model shows better consistency with that integrating specific priors (e.g. layer numbers, fault charac-
the input model. teristics) refines structural constraints (Fig. 5). While our exam-
Our geology-driven parametrization is directly informed by in- ples use simplified faults, the framework accommodates greater

corporated prior geological knowledge. Synthetic tests demonstrate complexity, potentially via tools like GemPy (de la Varga et al.
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Figure 6. Comparison of inversion results for the L3 profile (BB”) using noise-free and noisy synthetic data. Locations are shown in Figs 5(a) and 8. (a)
Dispersion curves for synthetic data without noise. Green triangles indicating the locations of seismic stations, and the purple triangles mark the stations used
for displaying the velocity profiles shown in Fig. 7. (b) Dispersion curves for synthetic data with noise. (c) Predicted dispersion curves from the 1-D Surf96
inversion using noise-free data. (d) Predicted dispersion curves from the 1-D Surf96 inversion using noisy data. (e) The velocity model obtained using the 1-D
Surf96 inversion with noise-free data. (f) Similar to (e), but for the inversion with noisy data. (g) Predicted dispersion curves from the level-set method using
noise-free data. (h) Predicted dispersion curves from the level-set method using noisy data. (i) The velocity model obtained using the level-set method with

noise-free data. (j) Similar to (i), but for the inversion with noisy data.

2019). Non-uniqueness is best mitigated by quality data and ro-
bust priors; simpler parametrizations suit contexts with sparse
prior knowledge (Cipta et al. 2018; Tsai et al. 2023). The suit-
ability of priors can be practically assessed via data misfit anal-
ysis (e.g. Relative Fit Error shown in our synthetic tests, Fig. 5)
and geological judgment. Our study demonstrates that this level-
set based interface parametrization, guided by such priors, yields
more detailed and geologically interpretable interface models com-
pared to conventional tomography reliant primarily on generalized
smoothness constraints, thereby facilitating subsequent geological
analysis.

To simulate real-world conditions during inversion with noisy
data, tests were conducted using different methods on data sets con-
taining noise (Fig. 6). This simplified noise model was designed
to approximate specific false perturbations observed in real dis-
persion curves extracted from field data. Gaussian random noise

was added to the dispersion curves as input for the inversion. Af-
ter adding noise, the dispersion curves show strong local variations
(Fig. 6b), which is a common issue in real data processing. In con-
trast, our synthetic tests show that complex geological features,
such as faults and inhomogeneous bodies, produce smooth disper-
sion curves (Fig. 6a), confirming that such sharp fluctuations are
primarily caused by incoherent noise.

The imaging results obtained from the array-based interface
parametrization remained largely unchanged, whereas the 1-D inver-
sion approach exhibited significant discrepancies (Fig. 6). Specifi-
cally, the results from the single-station method (Figs 6¢—f) show a
tendency to overfit the noise, producing spurious features that lack
clear geological meaning. In contrast, the results from the level-set
method, which are based on array-data processing and continuous
medium parametrization (Figs 6g—j), effectively mitigate the influ-
ence of noise. This is because, in 1-D inversion, the S-wave velocity
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Figure 7. Comparison of data fitting and the obtained velocity models for stations 32-34 (station spacing ~100 m) along the L3 line using different methods.
(a) Data fitting for station 32 without considering noise in the synthetic test. (b) Similar to (a), but with noise included in the data. (c) Velocity models obtained
using the level set method. (d) Velocity models obtained using the 1-D inversion method. (e-1) Similar to (a—d), but for stations 33 and 34.

structure beneath each station is inverted independently, without lat-
eral constraints between neighbouring stations. Consequently, the
inherent non-uniqueness of the nonlinear inversion process can in-
troduce artefacts into the final 2-D/3-D models. In contrast, the
level-set method, by leveraging array data and its intrinsic abil-
ity to produce laterally coherent and continuous velocity structures
through GRFs and level-set functions, effectively imposes mutual

constraints between neighbouring stations. This inherent continu-
ity helps mitigate the impact of random noise on the inversion
results. Even with noisy data, the level set method accurately re-
covered the input model (Fig. 6j), highlighting its stability and
reliability.

Fig. 7 illustrates 1-D velocity models and dispersion curve fits
for three stations along the central section of the L3 line (Fig. 8).
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2019).

In the absence of noise, all models reasonably fit the input dis-
persion curves (Figs 7a, e and 1). However, the resulting velocity
models differ significantly, highlighting the non-uniqueness of in-
version and the limitations of dispersion curves alone in constrain-
ing subsurface structures. The velocity structure derived using the
array-based interface parametrization method closely matches the
input model, effectively capturing both the depth and magnitude
of velocity changes at discontinuities. In contrast, the traditional
1-D inversion method, while able to reflect overall velocity trends,
fails to accurately constrain the interface locations due to its ten-
dency toward smooth velocity variations (Figs 7d, h and 1). When
noise is introduced, perturbations appear in the dispersion curves
between adjacent stations (Figs 7b, f and j). The array-based level
set method leverages array data to suppress the noise and is able
to recover the 1-D velocity structure beneath each station (Figs 7c,
g and k). In contrast, the traditional 1-D inversion method shows
substantial discrepancies in the velocity models obtained beneath
adjacent stations (Figs 7d, h and 1). These analyses further highlight
the stability of the level-set inversion.

The synthetic tests also reveal that even when the dispersion data
show high fitting accuracy, substantial discrepancies can still oc-
cur in the obtained velocity models. This highlights the need for
additional information to better constrain the subsurface structure.
On one hand, a single data set has limited ability to constrain the
structure, and relying solely on surface wave dispersion data to
define interfaces is inadequate. A straightforward way to address

this limitation is to incorporate additional data sets for joint inver-
sion. On the other hand, introducing inherent interfaces as prior
information and constraining their variations can significantly en-
hance the realism of the imaging results. This approach offers a
flexible framework for integrating interface information into the
inversion process.

4 APPLICATION TO THE WOXI GOLD
MINE

4.1 Geological background and station distribution

We apply our method to dense array data from the Woxi gold mine in
Hunan, China, to assess its practicality (Fig. 8). Situated in the cen-
tral Xuefeng arcuate structural belt of the Jiangnan Ancient Land
Gold Metallogenic Belt, the mine is a key site for Au-Sb-W de-
posits (Peng et al. 2003) and hosts a large-scale co-occurrence of
these minerals (Li ef al. 2022). The geological information for this
region was primarily obtained through a combination of geological
mapping (Kuang et al. 2004; Shen & Liu 2017) and borehole data
(Dai et al. 2022), with the borehole locations shown in Fig. 10. The
exposed lithologies in the region, from oldest to youngest, include
the Lengjiaxi Group, the Banxi Group and Cretaceous formations.
The Lengjiaxi Group primarily consists of grey-green slates, with
intercalated quartzites and sandstones, unconformably overlaid by
the Banxi Group, which is the most extensive formation in the area.
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The Banxi Group is divided into the Ma Diyi Formation and the
Woqiangxi Formation from top to bottom. The Ma Diyi Formation is
characterized by calcareous muscovite slates and sandstones, which
are the primary host rocks for mineralization. The Woqiangxi For-
mation is composed of quartz sandstones and slates and is oriented
east—west.

The Woxi gold mine is located in the central segment of the
Xuefeng arcuate structural belt, a key tectonic feature in western
Hunan. This belt plays a vital role in controlling mineral deposit
distribution, with fault zones like the Xuefeng Fault (F1) having a
significant impact. In particular, the Woxi Fault serves as a primary
conduit for mineralization, profoundly affecting the geometry and

location of the ore bodies (Kuang et al. 2004). The ore bodies are
predominantly formed as layer veins, filling interlayer fractures and
aligning with the surrounding strata. These structural characteris-
tics align with metamorphic hydrothermal mineralization processes
(Chen 2018). High-resolution imaging of shallow subsurface struc-
tures in this region is critical for resource exploration and ore body
identification. In 2019, Deng et al. deployed a dense nodal array
consisting of 467 SmartSolo seismometers with a central frequency
of 5Hz (Deng et al. 2022). The array recorded continuous obser-
vations over one month, with seismometers deployed along eight
parallel lines, each 10 km long and oriented at an azimuth of 160°
(Fig. 8). The average spacing between stations was approximately
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200 m. The final pure-path dispersion curves used in this study
(Fig. 9b) were derived following the general workflow of Bensen et
al. (2007), which involved single-station data pre-processing, cross-
correlation of station pairs to compute empirical Green’s functions
(Fig. 9a), and application of the extended range phase shift method
(Deng et al. 2022) to extract the final dispersion curves. Addition-
ally, we computed the sensitivity kernel for the dispersion curves
(Herrmann 2013) within this frequency band (Fig. 9c). The kernel
shows significant sensitivity down to approximately 3 km. The 1-D
velocity model employed for this sensitivity calculation was derived
from an average velocity model for the area, based on the work of
Deng et al. (2022).

4.2 Inversion based on the level-set method

The inversion framework used in this study is a geologically
guided optimization procedure. Thus, before conducting the level-
set inversion, we first analyse the subsurface structures derived
from previous 1-D inversion (Deng ef al. 2022) and the regional
geological background (Li er al. 2022). Fig. 10(f) shows the
inversion results for the L1 profile obtained using the conventional

1-D inversion method. This conventional approach, as thoroughly
detailed by Deng et al. (2022), systematically inverts broad-band
dispersion curves to generate 1-D S-wave velocity models beneath
each station. As shown in Fig. 10(f), a shallow low-velocity layer,
approximately 0.3 km thick with an average velocity of 2.2 kms™",
is distinctly observed. Moreover, between depths of 0.3 and 1 km,
a low-velocity body with an approximate velocity of 2.7 kms™!
is evident. We also show the fault and mineral vein information
derived from the borehole measurements and geological analyses
(Deng et al. 2022). Overall, the velocity models obtained using
the 1-D inversion method show good consistency with the geolog-
ical structures, particularly in terms of the three-layer stratigraphy.
However, some small-scale anomalies are present, likely caused by
noise in the dispersion curves (Fig. 10a) and the non-uniqueness of
inversion.

We then applied the geological and level-set parametriza-
tion method to the dispersion data. The parametrization setup
is consistent with that used in the synthetic tests. Given
the complexity of fault structures in the region, no fault-
related geological information was included in the model
definition. Based on the geophysical 1-D inversion results and the
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Figure 11. Inversion results of the L9 profile and comparison with the
geological cross-section. (a) Inversion results obtained using the Level-set
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geological context described in Section 4.1, two interfaces were
introduced, with average depths of approximately 0.3 and 1.5 km.
The model thus has three layers, with average velocities of 2.0,
3.0 and 3.3 kms~!. A 3-D level set was used to define a closed
boundary, within which the Gaussian random field had an average
velocity of 2.7 kms~!. This initial mean velocity was roughly
estimated based on the phase velocities observed in our empirical
Green’s functions (Fig. 9a) and the results from Deng et al. (2022).
It is important to note that these parameters were not fixed during
the inversion; both the average depths and values of the Gaussian
random field were updated iteratively. Tests demonstrated that prior
information has minimal influence on the final results. To address
the inversion problem, 200 initial model ensembles were used. Each
forward simulation was conducted independently, and the inversion
process was parallelized to enhance computational efficiency.

Fig. 10 shows the inversion results obtained using the geologi-
cal and level-set parametrization method. The velocity structure of
the L1 profile can be divided into three primary layers. The upper
layer, approximately 0.4 km thick, is a low-velocity layer with a
velocity of about 2.2 kms~!. The middle layer features alternat-
ing low-to-moderate velocities, approximately 2.7 and 3.0kms™',
corresponding to the Cretaceous strata and the Banxi Group. This
layer gradually thins from the northwest to the southeast. The lower
layer, at an average depth of around 1 km, is characterized by a
moderate-to-high velocity structure, corresponding to the Lengji-
axi Group and underlying granite. This layer rises progressively
toward the southeast, becoming shallower. The obtained velocity
structure aligns with known geological information, including fault
F and the orientations of mineral vein determined from drilling data
(Deng et al. 2022). In contrast, the model does not clearly resolve
the fault F2, an expected outcome as this feature was not explic-
itly parametrized and is associated with only a weak velocity con-
trast. Furthermore, the boundary between the deep, high-velocity
layers is more distinct, providing clearer insights for geological
interpretation.

A comparison between the observed dispersion curves (Fig. 10a)
and those predicted by our final models reveals a key differ-
ence: the dispersion curve predicted by the model derived with
level-set method (Fig. 10b) is very smooth, whereas the predic-
tion from the 1-D inversion method (Fig. 10e) retains strong local
fluctuations. We attribute these fluctuations primarily to incoher-
ent noise. As shown in the synthetic tests, the presence of faults
and low-velocity bodies does not produce significant variations in
the dispersion curves between adjacent stations (Figs 5a and 6a).
Sharp local fluctuations similar to those observed in the real data
emerge only after incoherent noise is added (Fig. 6b). Therefore,
we attribute the strong local variations in the observed dispersion
curves are mainly caused by noise. The comparison in Fig. 10 also
shows that the level-set method more effectively extracts geolog-
ically meaningful and coherent structural information from noisy
data.

Using array data for inversion helps suppress incoherent noise,
resulting in smoother and more interpretable geological structures.
This strategy may lead to some loss of small-scale structural in-
formation, but overfitting small-scale disturbances in the data is
unnecessary for the region of interest. An alternative approach is to
smooth the image after 1-D inversion, but this relies on interpola-
tion algorithms rather than direct data constraints, introducing more
subjectivity into the process.

Previous geological studies (Deng et al. 2022; Li et al. 2022)
and the geophysical inversion results suggest that the strike of the
gold ore body is in good agreement with the boundary between
the low-velocity body and the surrounding high-velocity host rock.
Therefore, analysing the boundary of the low-velocity body can
provide valuable insights for predicting the strike of an unknown ore
body. Due to the inherent non-uniqueness of geophysical inversion
and the different data types used, the interface structure obtained
by our method differs slightly from previous results (Deng et al.
2022). For example, a significant discrepancy is observed in the
predicted strike of the ore body at ~6 km along the profile when
comparing results from both methods (Figs 10d and g). Li et al.
(2022) incorporated regional geological information to develop a
geological cross-section, as shown in Fig. 11(b). We plot the velocity
profile along the same L9 profile (Fig. 11a), marking the main faults,
strata and ore body strikes based on the work of Li er al. (2022).
Similar to the results for the L1 profile, the geological information
in the L9 profile aligns well with the velocity model obtained in this
study. Despite minor discrepancies at sharp boundaries, which are
expected as both our velocity model (Fig. 11a) and the geological
cross-section (Fig. 11b) are interpretations from different data sets,
the overall structural trends show strong consistency. Based on this
consistency, we infer that the gold ore body likely follows the same
structural trend of shallowing to the south and deepening to the
north.

To quantitatively assess the uncertainty in the results, we per-
formed inversions using 100 random models and computed the
standard deviation of the ensemble of velocity models at each node
to estimate the corresponding uncertainty (Fig. 12). Within the depth
range of 1 km, the uncertainty is low, whereas the uncertainty in-
creases in the 1-2 km range. This increase is primarily attributed
to the inherent decrease in surface wave sensitivity with depth. The
frequency band of our dispersion curves (Fig. 9b), which contains
limited low-frequency information, further reduces the constraints
on deeper structures. As shown in Fig. 12(b), regions with higher
uncertainty appear to exhibit a spatial periodicity, which may be
linked to the periodic nature of the GRFs. The primary depth range
of interest for this gold mine is between 0.5-1 km, where the
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inversion results show stability and relatively high reliability
(Fig. 12c). Our method excels at quantitatively determining the
position and spatial distribution of subsurface interfaces, demon-
strated by the dramatic reduction in uncertainty from the prior to the
posterior distributions for the interface depths shown in Fig. 12(d).
This capability is crucial for precisely characterizing target inter-
face depths and significantly enhances the exploration of struc-
tures of interest. To better constrain areas with higher uncertainty,
future work could incorporate additional methods (e.g. receiver
function) for joint inversion. This approach could help refine the
interface morphology and improve the reliability of the inversion
results.

5 DISCUSSION AND CONCLUSION

This study demonstrates that our geology-driven, level-set
parametrization offers key advantages over conventional surface
wave tomography. Compared to methods reliant on generic grids
and generalized smoothness constraints, our approach enables the
direct optimization of 3-D interface variations as explicit model
parameters. This enhances the recovery of complex interface
structures and geometries while avoiding the global smoothing
that can obscure geological interpretation. By leveraging level-set
functions within an EKI framework, our methodology provides
strong lateral continuity between stations, which helps to mitigate
incoherent noise and avoid artefacts from artificial regularization,
thereby enhancing the objectivity of the results. In practical
applications, geological models containing interfaces of interest
can be designed based on existing data and preliminary inversion
results, allowing for targeted exploration of subsurface structures
driven by geological information. This explicit integration of
geological models significantly improves the reliability and
geological plausibility of the final inversion results. Taken together,
both our synthetic tests and real-data application demonstrate that
the approach provides an effective imaging method for future
seismological studies in the exploration of mineral resources and
deposits.

In surface wave tomography, the quality of the seismic data, such
as station coverage and the reliability of extracted dispersion curves,
is a fundamental factor controlling the final imaging results. In ad-
dition, the inversion methodology plays a critical role, as the choice
of model parametrization, forward solution approach and inversion
algorithm is essential for producing reliable and geologically mean-
ingful imaging results. Different GRFs with varying parameters can
lead to significant differences in the inversion of geological body
scales. Thus, it is essential to use an appropriate parameter set, such
as the characteristic length of the GRFs in inversion. When prior in-
formation is available, suitable parameters can be selected through
several trial-and-error tests, as demonstrated in this study. A practi-
cal strategy is to progressively increase the model’s complexity, us-
ing the data misfit as a key criterion to test and validate whether each
added feature is justified by the data. In cases where prior informa-
tion is limited, hierarchical generalization of the EKI algorithm can
be employed to optimize hyperparameters (Chada et al. 2018; Muir
et al. 2022). Here we also want to note that different forward solu-
tion methods do not affect the level-set parametrization or the EKI
inversion process. Since the framework treats the forward model as
a black box, it is compatible with various types of data inversion
or joint inversion. In multidisciplinary inversion, observations from
multiple physical fields, such as seismic, electromagnetic and grav-
ity data, can be integrated. The physical properties of the medium
can be parametrized in terms of temperature, rock physics prop-
erties and composition, while the structural morphology, includ-
ing strata, tectonic bodies and faults, can also be parametrized. A
joint inversion will then provide a more strongly constrained struc-
ture. In the future, we will compare two-step tomography using the
level-set method with one-step imaging, using a multidimensional
parametrization approach combined with forward modelling for
multidimensional inversion. Furthermore, the EKI inversion method
used in this study can estimate the uncertainty of the results using the
statistical properties of the ensemble members. Although this study
focuses primarily on optimization, future work could expand on un-
certainty estimation to further enhance the reliability of inversion
results.
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