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Abstract

Field observations have shown that low-frequency (sub-1 Hz) Scholte
waves retrieved from ocean-bottom node (OBN) data are strongly influ-
enced by large-scale velocity heterogeneities such as salt bodies, under-
scoring their potential for o!shore model building. However, procedures
for translating this sensitivity into reliable subsurface velocity models re-
mains poorly understood. Motivated by these observations, we investigate
the feasibility of using low-frequency Scholte-wave travel-time adjoint to-
mography to construct long-wavelength o!shore shear-wave velocity (VS)
models suitable as starting models for elastic full-waveform inversion (E-
FWI). Using a 2-D synthetic model that includes an ocean layer and a
realistic, laterally variable salt body, we simulate empirical Green’s func-
tions recorded by dense OBN arrays and compute travel-time misfit ker-
nels for both background and true VP –ω parameterizations, starting from
a background VS model with large (→50%) perturbations relative to the
true model. Fréchet-kernel analyses confirm that Scholte waves are dom-
inantly sensitive to VS variations, with only weak indirect dependence
on VP and ω. The tomographic inversion employs a multimodal strat-
egy that combines fundamental and higher-order Scholte modes within
a hierarchical frequency-stepping scheme. Even when all parameters are
initialized from the background, the inversion recovers the overall salt ge-
ometry and VS structure reasonably well, demonstrating that large-scale
VS recovery is achievable without the true VP –ω contrasts. Incorporating
the correct VP and ω distributions further improves depth focusing and
reduces parameter trade-o!s, yielding enhanced vertical resolution. The
recovered VS models reproduce the long-wavelength salt geometry, with
intermediate-depth velocities estimated within →10% of the true values,
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although structures deeper than →6 km and shallower than →2 km remain
underconstrained within the tested 0.10–0.45 Hz band. These results
demonstrate that low-frequency Scholte-wave adjoint tomography pro-
vides a robust, practical pathway for constructing reliable long-wavelength
VS models and a physically consistent foundation for initializing E-FWI
in complex o!shore environments.

1 Introduction

Elastic velocity model building is a critical step for producing high-resolution,
geologically meaningful subsurface images. Among the available methods, elas-
tic full-waveform inversion (E-FWI) is widely recognized as one of the most
powerful approaches for recovering detailed and accurate Earth models. In con-
trast, more computationally e!cient acoustic FWI analyses neglect the elastic
nature of wave propagation and fail to account for elastic wave phenomena in-
cluding P–S mode conversions and amplitude variation with o”set (AVO), both
of which are controlled by contrasts in the shear modulus µ. As a result, the
acoustic assumption limits the ability to reproduce seismic responses that are
physically consistent with the true elastic behavior of the subsurface as expressed
in observed field data. Accurately characterizing subsurface S-wave velocities
(VS) is therefore crucial for recovering the full elastic behavior of the Earth;
however, fully achieving this goal remains challenging and current model build-
ing practice continues to limit the e”ectiveness of physics–based elastic imaging
in practice.

The success of an iterative E-FWI analysis also depends on starting from
an accurate long-wavelength velocity model to avoid cycle skipping and conver-
gence to an incorrect model solution [5, 58]. To mitigate this, E-FWI is typically
implemented in a multiscale fashion, starting with lower-frequency data and pro-
gressively introducing higher frequencies once the analysis with lower-frequency
data has constrained larger-scale velocity model structure [50, 37]. In marine
active-source acquisition, this multiscale strategy is limited by the frequency
content of air-gun arrays, which struggle to generate coherent energy below
2.0 Hz in any given shot gather. This “frequency floor” restricts the ability to
recover the long-wavelength velocity trends required for stable elastic inversion.
Although specialized low-frequency sources can partially extend this range [14],
their deployment remains costly and logistically complex. As a result, there is
growing interest in leveraging naturally occurring ambient seismic wavefields,
which are intrinsically rich in low-frequency energy well below the active-source
cuto” frequency [e.g., 7, 12, 2, 41].

Continuous recordings on dense ocean-bottom arrays have demonstrated
that ambient seismic interferometry can extract coherent signals between 0.05–2.00
Hz [53, 52, 7] that are sensitive to large-contrast subsurface velocity hetero-
geneities [12, 21, 20]. These wavefields are dominated by dispersive wave modes,
most prominently Scholte surface and guided P waves. With the growing de-
ployment of ocean-bottom seismometers (OBSs), cables (OBCs), nodes (OBNs),
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and more recently, distributed acoustic sensing (DAS) arrays [10, 51], there is
now unprecedented access to densely sampled long-duration seafloor record-
ings. Although originally designed for active-source surveys, the datasets from
typical ocean-bottom sensor deployments also capture months of ambient low-
frequency wavefield data that can be exploited to recover the long-wavelength
elastic structure needed to initialize E-FWI.

Viewed within the broader seismic spectrum, high-frequency surface waves
(i.e., f → 2.0 Hz) provide a direct link to VS models in the shallow subsurface
and are widely used in one-dimensional (1-D) dispersion inversion or MASW
analyses [64, 63, 60, 61]. In contrast, the global seismological community rou-
tinely exploits much lower frequencies (i.e., f ↑ 0.05 Hz) in Rayleigh-wave-
based regional and global imaging to probe lithospheric and upper-mantle struc-
tures [e.g., 29, 16]. Between these two regimes (i.e., 0.05 < f < 2.0 Hz) lies
an underexploited “frequency gap”, made available through naturally occur-
ring secondary microseism energy and potentially valuable for exploration-scale
imaging. Recent advances in ocean-bottom ambient-seismic interferometry have
demonstrated that this intermediate-frequency range can be e”ectively used in
o”shore settings through the recovery of sub-1.0 Hz Scholte-wave energy that
is sensitive to deep sedimentary and salt structures [13, 21, 41]. These low-
frequency surface waves, observed on virtual shot gathers (VSGs)—generated
through seismic interferometry of ambient energy recorded by ocean-bottom sen-
sors—can penetrate several kilometers below the seafloor (e.g., 4–5 km), making
them particularly attractive for long-wavelength o”shore velocity model build-
ing.

Field observations support this potential: [21] analyzed ambient virtual shot
gathers (VSGs) from dense OBN deployments and demonstrated a clear imprint
of subsurface salt bodies on propagating sub-1.0 Hz Scholte waves. Snapshots of
wave propagation (Figures 10–12 in that study) show that shallow-propagating
acoustic waves (guided P) are una”ected by the deeper structure; however, as
low-frequency Scholte-wave energy reaches salt bodies, wavefronts exhibit dis-
tortion and clearly propagate at faster velocities due to the higher-velocity salt.
These e”ects persist across multiple propagation lags throughout the VSG vol-
ume, highlighting the strong sensitivity of low-frequency Scholte waves to lateral
and vertical velocity contrasts. Importantly, these signatures were observed di-
rectly in ambient field data without relying on active-source constraints, and
provide compelling evidence that low-frequency Scholte waves carry informa-
tion potentially useful for estimating large-scale, long-wavelength VS structures
in realistic o”shore settings.

Traditionally, surface-wave dispersion analysis has been used to estimate
one-dimensional (1-D) shear-velocity profiles. For instance, [45] introduced the
multichannel analysis of surface waves (MASW) method to interpret and invert
Rayleigh, Love, and Scholte dispersion curves for 1-D VS structure at representa-
tive array locations. Although such inversions provide valuable local constraints,
they inherently assume lateral homogeneity and thus cannot capture the com-
plex spatial variability characteristic of o”shore environments. To overcome this
limitation, our objective is to move beyond 1-D approaches and construct 2-D
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and 3-D VS models using full surface-wave waveforms.
Motivated by these field observations and methodological limitations, this

study focuses on low-frequency (sub-1.0 Hz) Scholte-wave adjoint travel-time
tomography as a pathway for building long-wavelength VS models suitable for
initializing E-FWI in the typical exploration seismic inversion frequency bands
(i.e., ↓ 2.0-20.0 Hz). In the case of ocean-bottom sensor data, these low-
frequency surface waves are generally retrieved through seismic interferometry
on long-time ambient wavefield recordings [e.g., 52, 40, 21, 20]. While ambient
wavefield inversion approaches that directly model [43, 44] and invert ambient
cross-correlations for velocity structure and ambient source distribution have
been proposed [48, 47, 65], the present study focuses on isolating the structural
sensitivity of Scholte waves by using empirical Green’s function (EGF) represen-
tations of ambient cross-correlations extracted from OBN records. This choice
enables a systematic evaluation of how multi-modal Scholte-wave phases con-
strain long-wavelength shear velocity structures, independent of uncertainties
associated with ambient source distribution modeling and inversion. Conse-
quently, the motivation remains on surface-wave tomography approaches that
emphasize phase information while avoiding reliance on amplitude, since the
arrival phases in the EGFs have been shown to remain consistent with those
in true Green’s functions under ideal ambient source characteristics and dis-
tribution conditions [62, 22]. Amplitude information, though, is less reliable
due to the approximations inherent in interferometry for practical cases [62, 26]
as well as the linear and nonlinear processing of ambient data used to gener-
ate VSGs, both of which introduce significant amplitude distortions between
EGFs and Green’s functions [62, 19]. Consequently, the motivation remains on
surface-wave tomography approaches that emphasize phase information while
avoiding reliance on amplitude, since the arrival phases in the EGFs have been
shown to remain consistent with those found in true Green’s functions under
ideal ambient source characteristics and distribution conditions.

In the following sections, we first review the theoretical framework of adjoint
travel-time tomography, including the formulation of misfit functions, adjoint
sources, and sensitivity kernels. We then describe the construction of a 2-D
synthetic o”shore model containing a realistic salt body and outline the survey
geometry used in our numerical experiments. Using this setup, we illustrate the
sensitivity of Scholte waves to variations in P-wave velocity (VP ), shear-wave
velocity (VS), and density (ω), as well as the depth-dependent contributions
of di”erent frequencies and modal components to model updates. Building on
these insights, we implement a staged multi-modal tomographic inversion strat-
egy and evaluate its ability to recover long-wavelength VS structure. Finally,
we discuss the practical and broader implications of our findings for o”shore
velocity model building and the initialization of E-FWI.
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2 Theory of Adjoint Tomography

The theory of adjoint tomography has been well covered in the existing seismic
inversion literature [57, 18, 34, 32]. For completeness, we summarize the key
elements of adjoint-based tomographic inversion, including the roles played by
event misfit kernels and gradient formulations in tomographic inversion frame-
works. Throughout this work, we refer to a source as an event.

Within a general seismic inversion framework, the observed seismograms,
d(xr,xs, t), recorded at receiver locations xr from sources excited at location
xs, are compared with their synthetic counterparts, s(xr,xs,m, t), generated
by forward modeling the injected source energy through a parameterized Earth
model m. The model m is subsequently updated in an iterative fashion to
minimize discrepancies between observed and synthetic data. This discrepancy
is quantified by a misfit function, which acts as the objective function of the
optimization problem. Denoting the misfit of an Earth model by ε(m), we may
write

ε(m) =
Ns∑

s=1

Nr∑

r=1

∫ t1

t0

g(xr,xs, t,m) dt, (1)

where Ns and Nr denote the number of sources and receivers, respectively;
t ↔ [t0, t1] specifies the time interval of the analysis window; and g(xr,xs, t,m)
represents the chosen misfit measure (e.g., waveform di”erence, cross-correlation
travel time) between the observed and synthetic data.

The gradient of the objective function ε(m) with respect to the reference
model m is expressed as [57]:

ϑε(m) =

∫

V
Km(x) ϑ lnm(x) d3x, (2)

where V denotes the Earth volumetric model space; x ↔ V ; and Km(x) is
the Fréchet kernels, or misfit sensitivity kernels, defined for fractional pertur-
bations of model parameters (i.e., ϑ lnm). Within the adjoint-method frame-
work [57, 33], these kernels are constructed from the interaction of the forward
wavefield emitted by the source and the adjoint wavefield generated by time-
reversed adjoint sources at receiver locations. Comprehensive derivations of
adjoint sources and sensitivity kernels for di”erent seismic parameters are pro-
vided in [57], [34], and [17].

There are several approaches to derive model updates using event kernels
[38]. Here, we adopt an update that is linearly proportional to the sum of event
kernels. Consider the quadratic Taylor expansion of the misfit function [56] in
the vicinity of m:

ε(m+ ϖm) = ε(m) + g(m)T ϖm+ 1
2 ϖm

T
H(m)ϖm+O

(
↗ϖm↗

3
)
, (3)

where g(m) is the gradient

g(m) =
ϑε(m)

ϑm

∣∣∣∣
m

, (4)
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and the Hessian H(m) is the curvature

H(m) =
ϑ2ε(m)

ϑm2

∣∣∣∣
m

, (5)

of the misfit function with respect to model parameters m. The gradient of
equation 3 evaluated at the perturbed model m+ ϖm is then given by

ϑε(m→)

ϑm→

∣∣∣∣
m→=m+ωm

= g(m+ ϖm) ↘ g(m) +H(m) ϖm, (6)

which is set to zero to obtain the nearest minimum of ε(m) in equation 1. The
model perturbation ϖm satisfying this condition is

ϖm = ≃H
↑1(m)g(m). (7)

Here, the gradient g(m) can be said to be “preconditioned” by the generalized
inverse of the Hessian operator H

↑1(m). In practice, equation 7 forms the
basis of an iterative optimization scheme in which the model parameters are
successively updated along the search direction defined by ϖm until convergence
is achieved. Within the optimization framework, an updated model at the j+1
iteration, mj+1, is expressed as

mj+1 = mj + ϱ ϖmj , (8)

where mj is the model at the existing iteration, ϱ is the step length controlling
the extent of the update, and ϖmj is the model update direction. The step length
ϱ is typically determined using a line search in conjunction with a gradient-based
optimization algorithm (e.g., nonlinear conjugate gradient or limited-memory
Broyden–Fletcher–Goldfarb–Shanno (L-BFGS)) [31, 42, 58].

Model updates can be computed either with or without the Hessian, H.
In classical travel-time tomography, both the gradient g and Hessian H of
the misfit function are typically obtainable, allowing the model update ϖm
to be computed using equation 7. In scenarios involving complex heteroge-
neous models and large-scale problem dimensionality, computing the gradient
is generally feasible; however, evaluating the full Hessian operator or individ-
ual kernels becomes impractical due to prohibitive computational and storage
costs. In such cases, various approximate preconditioners (e.g., diagonal Hes-
sian, Gauss–Newton, model-dependent scaling factors) can be applied to the
gradient to improve convergence [38]. In the absence of computed Hessian in-
formation, the misfit function can still be minimized iteratively by updating the
model along the negative gradient direction,

ϖm ⇐ ≃g(m). (9)

2.1 Misfit function and sensitivity kernels

The choice of misfit function determines both the type of structural informa-
tion that can be extracted from the data and the overall stability of the in-
version. Various misfit functions emphasize di”erent aspects of the waveforms:
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some are more sensitive to long-wavelength structure, while others highlight
fine-scale details. There is an inherent trade-o” between resolution and sta-
bility—misfit functions that promote sensitivity to small-scale structure can
resolve sharper features but are generally more susceptible to noise, cycle skip-
ping, and erroneous convergence to local minima [66]. Consequently, the choice
of misfit function must be guided by the nature of the available data and the
analysis objective. In the case of ambient seismic cross-correlations, amplitude
measurements are generally unreliable; therefore, it is preferable to use travel-
time-based misfit functions that are still capable of providing robust constraints
on the large-scale elastic structure. A comprehensive review of di”erent misfit
functions for adjoint full waveform inversion in seismology can be found in [4]
and [59].

In travel-time tomography, the misfit function measures the squared travel-
time di”erence for a selected seismic phase [57, 55, 4]:

ε(m) =
1

2

Ns∑

s=1

Nr∑

r=1

[
T obs(xs,xr)≃ T (xs,xr,m)

]2

=
1

2

Ns∑

s=1

Nr∑

r=1

ϖT (xs,xr,m)2,

(10)

where T obs(xs,xr) denotes the observed traveltime of a selected phase for the s-
th source and r-th receiver pair located at xs and xr, respectively; T (xs,xr,m)
is the corresponding predicted traveltime from the current model m; and Ns

and Nr are the total number of sources and receivers, respectively. For multiple
phases, the total misfit is obtained by summing contributions from each phase.
For notational compactness, we omit the explicit phase dependence of the misfit
function below.

In the context of tomographic inversion, the travel-time misfit for an isolated
phase between s-th source and r-th receiver pair is measured by cross-correlating
the observed and predicted waveforms within a time window containing the
selected phase,

ϖT (xs,xr,m) = argmax
!t

∫ T

0
w(xs,xr, t)d(xs,xr, t) s(xs,xr, t+#t, m) dt,

(11)
where d(xs,xr, t) and s(xs,xr, t,m) denote the observed and predicted dis-
placement seismograms, respectively; w(xs,xr, t) is a windowing operator that
isolates the chosen phase; and #t is the time shift that maximizes the cross-
correlation within the analysis interval t ↔ [0, T ]. A negative #t indicates
that the synthetic waveform is delayed, or lags, behind the observed waveform,
whereas a positive #t implies the converse.

This definition of travel-time misfit leads to the travel-time adjoint source
[57, 55, 4]:

f†(xr, t) = ≃

Ns∑

s=1

ϖT (xs,xr)w(xs,xr, T ≃ t) ṡ(xs,xr, T ≃ t)

N(xs,xr)
, (12)
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where ṡ denotes the synthetic particle-velocity seismograms (obtained by tempo-
ral di”erentiation of predicted synthetic displacement seismograms), andN(xs,xr)
is a normalization factor defined as

N(xs,xr) =

∫ T

0
w(xs,xr, t) |ṡ(xs,xr, t)|

2 dt, (13)

which represents the energy of the windowed phase in the synthetic particle-
velocity seismogram. The travel-time adjoint field f† is generated by time-
reversing the predicted particle velocity at receiver xr and thus has temporal
dependence T ≃ t.

Following the finite-frequency theory of [57], perturbations in the total travel-
time misfit ϖε are linearly related to the relative perturbations in density (ϖ ln ω),
S-wave velocity (ϖ lnς), and P-wave velocity (ϖ lnϱ):

ϖε =

∫

V

[
Kε(x)ϖ ln ω(x) +Kϑ(x)ϖ lnς(x) +Kϖ(x)ϖ lnϱ(x)

]
d3x, (14)

where Kε, Kϑ , and Kϖ are the travel-time isotropic Fréchet (sensitivity) ker-
nels for density, S-wave velocity, and P-wave velocity, respectively, and can be
computed using the adjoint-state method.

3 Scholte-wave adjoint tomography

Low-frequency (sub-1 Hz) Scholte waves are sensitive to large-scale velocity het-
erogeneities, such as salt bodies, as demonstrated by ambient wavefield energy
recorded on OBN arrays in the Gulf of Mexico [21]. Building on the princi-
ples of travel-time adjoint tomography described above, we simulate sub-1.0 Hz
Scholte waves recorded by ocean-bottom sensors to evaluate the feasibility of
constructing long-wavelength o”shore elastic velocity models that incorporate
salt structures.

Table 1: 2D synthetic True model parameters.
Model VP VS ω Velocity gradients
space (km/s) (km/s) (kg/m3) VP (km/s per km) VS (km/s per km)

Background 2.0 0.8 2250 0.40 0.21
Salt 4.5 2.5 2100 — —

To investigate the influence of individual surface-wave modes and di”erent
wavefield components during travel-time tomography, we develop a set of 2-D
o”shore elastic test models that are presented in Figure 1. The true model (Fig-
ure 1, top row) consists of a realistic salt body beneath a flat seafloor located
at 0.80 km depth, underlain by 1-D VP (z) and VS(z) profiles. Directly below
the seafloor, we model a 0.20 km-thick low-velocity layer with VS = 0.45 km/s,
beneath which elastic parameters for the background model vary according to
the values shown in Table 1. The VP , VS , and ω model components are specified
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Fig. 1: Synthetic elastic models used for the Scholte-wave adjoint tomography
test. The top, middle and bottom rows respectively present the true model
and initial model used for tomography, as well as the percentage perturbation
between true and initial models. The left, middle, and right columns show the
VP , VS and ω model parameters.

just below the low VS layer and velocities increase with depth as per the afore-
mentioned gradients. The background ω is kept constant for the entire model.
The background velocities are held constant once reaching typical crustal val-
ues (approximately VP = 6.8 km/s and VS = 3.2 km/s). These VP and VS

values and gradients are chosen to be representative of marine clastic sediments
found in parts of the Gulf of Mexico [23, 30], although actual gradients can vary
significantly due to the e”ects of local geological processes.

The top of the salt body is located at approximately 1.4 km below the
seafloor, extending to a depth of 6.8 km from seafloor, with variable horizontal
thicknesses at di”erent depths (see Figure 1). The depth range and varying
thickness of the salt body facilitate assessment of the spatial resolution asso-
ciated with di”erent Scholte-wave wavelengths at varying frequencies. Table 1
also lists the elastic properties of the salt. The overlying homogeneous acoustic
water layer is assigned a fluid velocity of Vf = 1.5 km/s and a fluid density
of ωf = 1000 kg/m3. To reduce scattering from sharp interfaces, the model is
smoothed around the salt edges using a 2-D convolutional Gaussian filter with
standard deviations of two grid points in the horizontal and vertical directions.

The computational mesh extends to 13.0 km in depth and 129.0 km laterally,
with a grid spacing of 0.4 km laterally by 0.2 km vertically. The source-time
function is a 0.25 Hz central frequency Ricker wavelet designed to capture the
spectral content of ambient energy in the secondary microseism band [35, 24,
3] that is commonly observed in long-duration, sparse ocean-bottom seismic
recordings at reservoir exploration scales [52, 12, 21, 20].
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Fig. 2: Sketch of the survey geometry where the red triangles represent ocean-
bottom sensors (R001-R228) and blue stars denote source locations (S01-S16).
The dotted polygon demarcates the salt boundary.

Fig. 3: Data simulated for source S06 recorded at the OBN array. (a) Verti-
cal (Z)- and (b) Horizontal (X)-component shot gather. (c) and (d) Dispersion
panels corresponding to (a) and (b), respectively. S0

c and S1
c denote the funda-

mental and first-order Scholte modes.
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Table 2: Di”erent starting models used in Scholte-wave sensitivity analysis.
Here, “True” denotes the true model parameters as described in the text and
Table 1 and “Background” is the same model with the salt body removed.

Starting Models VP VS ω
Model A Background Background Background
Model B 0.9⇒ Background Background Background
Model C True Background True

Figure 2 shows the survey geometry. A total of 228 OBNs are deployed
10 m below a flat seafloor at 0.4 km spacing. The array extends from 19.0 km
to 109.8 km, forming a receiver line with a maximum o”set of 90.8 km. We
simulated 16 shots, implemented as vertical point force sources just below
the seafloor, with an inter-shot spacing ranging from approximately 2.0 km to
7.0 km. These sources can also be interpreted as virtual sources for constructing
empirical Green’s functions of surface waves. Note that while the synthetic OBN
EGFs used here provide an idealized representation of the true Green’s func-
tions—achievable only under perfectly isotropic and stationary ambient source
conditions—real-world ambient OBN cross-correlations often deviate from this
ideal representation. In practice, uneven or correlated ambient source distri-
butions can introduce intermodal cross-terms and phase mismatches between
the retrieved OBN EGFs and the true physical response, as shown in [43].
Nonetheless, with appropriate preprocessing of the real ambient data and phys-
ically consistent modeling of the OBN cross-correlations, as described in [44],
these e”ects can be e”ectively mitigated, thereby preserving the reliability of
tomographic updates.

Forward and adjoint wave propagation, along with misfit-kernel calculations,
are carried out using the coupled acoustic–elastic capability of SPECFEM2D,
an open-source spectral-element code [27]. Because perfectly matched layers
(PMLs) are currently not available in SPECFEM2D for adjoint simulations, the
computational domain was extended beyond the source–receiver line to sup-
press boundary reflections. The mesh spacing is su!cient to simulate surface
waves up to 1.0 Hz given the velocity distributions. In SPECFEM2D, this maxi-
mum resolvable frequency is determined by the spectral-element mesh spacing,
ensuring that the shortest wavelengths are sampled by a su!cient number of
Gauss–Lobatto–Legendre (GLL) points to accurately represent the wavefield
without significant numerical dispersion, while also satisfying the CFL stability
condition for time stepping [28]. The free-surface boundary condition is enforced
at the top surface, while the remaining boundaries are treated with absorbing
layers (Stacey condition).

Particle displacements in the vertical (Z) and horizontal (X) directions for
the true model and source S06 are shown in Figure 3a-b, with the corresponding
dispersion spectra presented in Figure 3c-d. The shot gathers are dominated by
Scholte-wave energy propagating at low velocities, while weaker diving P-wave
arrivals are visible at earlier times and moving out with higher velocities. The
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fundamental S0
c and first-order S1

c Scholte modes are clearly identified in the dis-
persion spectra. In the Z component, the fundamental mode dominates both the
shot gather and its dispersion spectrum, whereas S1

c exhibits energy comparable
to the fundamental mode in the X component. This behavior is consistent with
previous observations from four-component ocean-bottom seismometer (OBS)
recordings using towed airgun sources [e.g., 46, 15, 60, 61, 49, 21], which have
revealed an uneven distribution or partitioning of dispersive energy across the
di”erent modal components of the Scholte wavefield. In particular, the X com-
ponent tends to exhibit more energy from higher-order Scholte modes, while the
Z component is typically dominated by fundamental Scholte mode energy.

3.1 Multi-modal surface-wave tomographic sensitivity ker-
nels

Surface-wave propagation in layered media is inherently dispersive and multi-
modal. Although dispersion characteristics are primarily governed by the VS

profile, VP influences phase velocities indirectly through its control on the bulk
modulus and the resulting Poisson’s ratio, which together a”ect compressibil-
ity, compression-shear wavemode coupling (i.e., P–SV and P-SH), and particle-
motion characteristics [e.g., 1, 8, 25, 9]. In particular, Scholte waves represent
the coupled P–SV solution that propagates along the fluid–solid interface, where
both compressional and shear e”ects contribute to the overall wavefield. Varia-
tions in VP can therefore modify the e”ective elastic sti”ness of the medium and
subtly alter dispersion behavior, especially across such interfaces. Consequently,
the choice of starting models becomes important in Scholte-wave tomography,
as it governs how sensitivity is distributed among di”erent physical parameters
and a”ects their coupling during tomographic inversion.

To examine the sensitivity of Scholte-wave modes to di”erent physical pa-
rameters during a single tomography iteration, we employ three distinct starting
models derived from the true model, as summarized in Table 2. Model A uses
the background properties of the true model for VP , VS , and ω, and thus does
not contain the salt body. Model B is similar to Model A but with VP uni-
formly reduced to 0.9⇒ the background value, allowing us to assess the e”ect of
a uniformly slower VP structure. Model C uses the true model parameters for
VP and ω while retaining the background VS , enabling us to isolate the impact
of shear-velocity variations on the tomographic inversion behavior.

The four rows of Figure 4 compare synthetic, full frequency Scholte-wave
waveforms for source S01 across four o”set ranges using the true and three
approximate starting models presented in Table 2. The black traces represent
the true model response, while the red, green, and blue traces correspond to
Models A, B, and C, respectively. Each o”set group includes three representative
stations (left column), along with zoomed-in segments of the Scholte wavetrains
highlighted by dotted boxes (right column).

Overall, Models A and C exhibit very similar phase velocities and waveform
characteristics, with the red traces (Model C) showing slightly delayed arrivals
relative to the blue traces (Model A). This small phase shift indicates that
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Fig. 4: Left column: Synthetic, full frequency band waveform comparisons of
Scholte-wave trains for source S01 at four o”set ranges (each row represents
one o”set) using di”erent starting models described in Table 2, along with the
true model. Right column: Zoomed-in traces corresponding to the dotted boxes
marked in the left column panels.
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introducing the true VP and ω distributions in Model C while retaining the
background VS produces only a minor influence on Scholte-wave travel times
across the full frequency band. These results suggest that the phase velocity of
Scholte waves at these low frequencies is largely insensitive to moderate short-
wavelength variations in VP and ω (such as the salt body), as the VS structure
dominates the phase-velocity response.

This behavior can also be understood in terms of the dominant wavelengths
across the observed frequency range (↓0.1–0.5 Hz). The fundamental Scholte
mode has wavelengths of approximately 8–9 km at 0.1 Hz and about 2 km
at 0.4 Hz (see Figure 10). Given that the salt body has a vertical extent of
roughly 5 km and a lateral extent of 5–10 km within the approximately 90 km
modeling domain, the higher-frequency Scholte modes (0.35–0.50 Hz) primarily
sample shallower depths and are therefore only moderately influenced by the
salt. At lower frequencies, the longer wavelengths more fully overlap with the
salt dimensions and the background VP structure, producing a slightly more
noticeable phase delay (not shown here).

By contrast, Model B (green traces) exhibits systematically slower Scholte-
wave propagation across all o”sets, including the higher-frequency band, unlike
Model A. The uniform 10% reduction in VP decreases the e”ective sti”ness of
the medium, resulting in lower phase velocities even though the VS structure
remains unchanged. This demonstrates that large-scale VP perturbations, such
as those applied uniformly across the background model, can indirectly a”ect
Scholte-wave propagation across the entire observed frequency band by modify-
ing Poisson’s ratio and the elastic coupling at the water–sediment interface. The
influence of interface compliance is wavelength-dependent: shorter-wavelength
modes are primarily sensitive to local, near-surface sti”ness, whereas longer-
wavelength Scholte modes—dominant at intermediate and far o”sets—sample
deeper velocity contrasts and the integrated compliance of the boundary. Con-
sequently, phase delays are more pronounced for long-wavelength modes, high-
lighting the importance of VP structure in controlling e”ective sti”ness and wave
propagation even when VS remains fixed.

To further analyze parameter sensitivities, we computed the preconditioned
travel-time sensitivity (Fréchet) kernels for VP (Kϖ), VS (Kϑ), and ω (Kε) after
the first travel-time tomography iteration. Event kernels were stacked over
sources and preconditioned using a pseudo-Hessian derived from the diagonal
Hessian approximation [32, 67, 38] given by

P (x) =
Ns∑

s=1

∫ T

0
s̈s(x, t) · s̈

†
s(x, T ≃ t)dt, (15)

where s̈s and s̈
†
s denote the forward and adjoint acceleration fields for the s-th

source, respectively; Ns is the number of sources; and t ↔ [0, T ] with T be-
ing the total analysis or propagation time. The preconditioned misfit kernels
were subsequently smoothed with a 2-D convolutional Gaussian filter (horizon-
tal and vertical widths of 1.6 km and 0.8 km, respectively). Preconditioning
redistributes sensitivity away from the surface and stabilizes depth scaling. Fig-
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Fig. 5: Model C (see Table 2) VS misfit kernels after the first travel-time to-
mography iteration with waveforms low-pass filtered to 0.2 Hz. Kernels for (a)
S06 and (b) all sources prior to smoothing and preconditioning. (c) and (d)
smoothed and preconditioned kernels associated with those shown in (a) and
(b), respectively. Misfits are calculated between the initial and true models.
The amplification factor indicated below each plot denotes the scaling applied
relative to the colorbar for visualization.

ure 5 illustrates the e”ect of preconditioning on travel-time sensitivity kernels.
The left column shows kernels for a single event, while the right column dis-
plays kernels combined over all events. The top row presents unpreconditioned
kernels, which are strongly concentrated near the surface, reinforcing the shal-
low sensitivity of Scholte waves due to receivers located at the seafloor, as the
Scholte waves sensitivity to VS tend to be concentrated near stations. As a re-
sult, model updates are disproportionately large near the seafloor. The bottom
row shows preconditioned, smoothed kernels, where values are appropriately
scaled, producing a more balanced sensitivity distribution at greater depths.

Figure 6 shows the misfit kernels for VP , VS and ω after the first travel-time
tomography iteration for Model A, with the fundamental mode displayed in the
left panels and higher-order modes in the right panels. The VS kernels exhibit
substantially higher amplitudes compared to those of VP and ω, with almost
no energy appearing in the VP kernels. This indicates that tomography using
fundamental or higher-order mode data will result in negligible changes to the
VP model and underscores the dominant sensitivity of Scholte-wave energy to
VS perturbations.

Figure 7 shows the fundamental-mode misfit kernels for Model B where VP

is uniformly reduced to 0.9⇒ the background value; higher modes show qualita-
tively similar behavior and thus are not shown. As in Model A, the VP kernels
display negligible energy, indicating minimal sensitivity of the travel-time misfit
to VP variations. These observations suggest that neither the fundamental nor
higher Scholte modes significantly influence the VP update during tomographic
inversion. In contrast, the VS kernels retain strong and spatially coherent sensi-
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Fig. 6: Stacked, preconditioned misfit kernels after the first travel-time tomogra-
phy iteration for Model A (see Table 2) using Z-component waveforms low-pass
filtered to 0.1 Hz. The left and right columns show Z- and X-component data,
while the top, middle and bottom rows show VP , VS , and ω kernels, respectively.

tivity, while the ω kernels show low-amplitude but spatially correlated patterns,
which implies only a secondary and weak coupling with the shear-velocity model
structure.

Overall, the waveform and kernel analyses demonstrate that Scholte-wave
tomography is overwhelmingly sensitive to VS variations, whereas the e”ects
of VP and ω are weak or indirect. Large perturbations in VP can influence
propagation through elastic coupling, potentially introducing measurable phase
delays that may a”ect cycle skipping and inversion convergence, and influence
parameter crosstalk in multi-parameter Scholte-wave tomography. However, to-
mographic inversion gradients remain dominated by VS , meaning that surface-
wave-based tomographic inversions primarily update the VS field, with limited
recovery of VP and ω. This highlights that having an accurate background
VP model—particularly in regions without significant secondary VP anoma-
lies—provides a robust starting point for Scholte-wave tomographic inversions.

3.2 Shear-velocity sensitivity and mode-dependent tomog-
raphy

The technical objective of this investigation is to recover the long-wavelength
elastic structure, particularly VS , in high-contrast bodies such as salt using
long-duration ambient ocean-bottom recordings that capture surface waves in
the sub-1.0 Hz frequency band. As shown in the misfit-kernel analyses (Figures 6
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Fig. 7: Stacked preconditioned misfit kernels using fundamental mode after
the first travel-time tomography iteration for Model B (see Table 2) using Z-
component waveforms low-pass filtered to 0.1 Hz. The top, middle and bottom
panels present the VP , VS , and ω kernels, respectively.
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and 7), Scholte-wave tomography is highly sensitive to VS variations, while sen-
sitivity to VP and ω is weak or indirect. Although large VP deviations can a”ect
wave propagation and introduce measurable phase delays, adjoint-state tomo-
graphic inversion gradients remain dominated by VS . Consequently, starting
with an accurate VP and ω model ensures that surface-wave-based updates pri-
marily target the shear-velocity field, minimizing crosstalk from erroneous VP

or ω models.
In this set of tests, we assume that active-source acoustic FWI has already

exploited recorded body waves to produce a high-resolution VP model. Accord-
ingly, our starting model (Figure 1, middle row) retains the VP distribution
but adopts a VS model defined by the background velocities (i.e., excluding the
salt), resulting in a VS anomaly ranging from approximately 10% (↓0.3 km/s)
near the base of the salt to about 50% (↓1.2 km/s) near the top (Figure 1, bot-
tom row). Background velocities can be estimated using appropriate empirical
VP –VS relations for the study area. The ω distribution is also inherited from
the VP model, ensuring consistency in the representation of the salt structure,
with the ω contrast between salt and background relatively small (150 kg/m3

or 6.7%) compared to the VS contrast. This set of starting model parameters is
referred to as Model C in Table 2.

Figure 8 presents synthetic source S01 waveforms over the full frequency
band for both Model C and the true model at receivers R95–R125. The com-
parisons reveal phase delays of Scholte-wave trains in the initial model relative
to the true model starting at R106 that are caused by the high-VS salt struc-
ture present beneath that receiver location. These delays increase with o”set.
In Figure 8a, at larger o”sets, the fundamental Scholte phase (shaded in light
orange) from the initial model appears to arrive slightly earlier around R120, al-
though it still lags by less than half a cycle compared to the true model arrivals.
This behavior reflects the dispersive nature of surface waves and illustrates the
potential for cycle skipping even when phase di”erences are small.

The e”ect is more pronounced in the X component, where the fundamental
Scholte phase from the initial model seems faster for receivers (around R107)
at o”sets closer to S01. In contrast, higher-order Scholte wave trains (shaded in
light blue) have comparable energy to the fundamental on the X component but
much weaker energy relative to the fundamental on the Z component. Impor-
tantly, they exhibit much smaller phase delays, do not arrive earlier, and remain
in phase lag by less than half a cycle relative to the true-model waveforms, even
at large o”sets, thus avoiding the cycle-skipping problem.

Surface-wave tomographic inversions typically rely on the fundamental mode,
as it is the most energetic and easiest to identify. However, as seen in the syn-
thetic waveforms above the fundamental mode is susceptible to dispersive e”ects
and cycle skipping at larger o”sets, particularly in the presence of strong ve-
locity contrasts such as salt bodies, whereas higher-order modes remain largely
in phase. To address these challenges, tomographic inversion seeks to exploit
all observable modes, and hierarchical frequency-stepping scheme—progressing
from lower to higher frequencies—to mitigate dispersion-related artifacts, fol-
lowing strategies analogous to those used in active-source FWI [6].
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Fig. 8: Synthetic S01 source waveform comparison for Scholte wave trains. (a)
Z- and (b) X-component data. The solid black and dotted red curves represent
synthetic waveforms from the true model and Model C (used as starting model
for tomographic inversion), respectively. The orange and blue shaded regions
indicate the time windows (i.e., w function in equation 11) for the fundamental-
and the higher-order Scholte phase arrivals, respectively. Each waveform is
normalized with respect to its corresponding observed trace.
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Fig. 9: Stacked preconditioned VS misfit kernels after the first travel-time to-
mography iteration using Z-component waveforms from Model C (see Table 1).
The left column shows the fundamental Scholte mode, and the right column
shows the higher-order Scholte modes. Each row corresponds to a di”erent low-
pass frequency band: (a-b) 0.1 Hz, (c-d) 0.2 Hz, (e-f) 0.3 Hz, and (g-h) 0.4 Hz.

To systematically investigate the contributions of individual Scholte-wave
modes at di”erent frequencies during tomographic inversion, we analyze syn-
thetic vertical and horizontal seismograms alongside their corresponding VS

sensitivity kernels (Kϑ). Prior to kernel calculation, waveforms were low-pass
filtered at four cuto” frequencies—(a) 0.1 Hz, (b) 0.2 Hz, (c) 0.3 Hz, and (d)
0.4 Hz—and separated into fundamental and higher-order modes by manual
muting before the misfit-kernel calculation. Individual event misfit kernels were
computed in the first inversion iteration at these frequencies, after which the
event kernels were stacked, preconditioned, and smoothed as described ear-
lier. While the relative amplitudes of the misfit kernels are not preserved, an
amplification factor is included at the bottom of the plots where appropriate,
facilitating comparison of relative amplitudes across panels with respect to the
unit-normalized misfit colorbar.

Figure 9 shows the 2-D VS misfit kernels for the fundamental (left column)
and higher-order Scholte modes (right column) across di”erent frequencies,
while Figure 10 presents the corresponding normalized 1-D depth sensitivities
obtained by laterally summing the 2-D kernels. Both figures highlight sev-
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Fig. 10: 1-D VS sensitivity kernel obtained by summing and normalizing the
kernels along the horizontal distance axis in Figure 9. Solid curves represent the
fundamental modes (F), while dotted curves indicate higher-order modes (H).
The fundamental-mode amplitudes at 0.3 Hz and 0.4 Hz are reversed relative
to the others due to cycle skipping.

Fig. 11: Stacked, preconditioned VS misfit kernels after the first travel-time
tomography iteration using Model C (see Table 1), with waveforms low-pass
filtered to 0.2 Hz. Left column: Z-component data; right column: X-component
data. Top row: fundamental mode; bottom row: higher-order modes.
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Fig. 12: 1-D VS sensitivity kernel obtained by summing the kernels along the
horizontal distance axis in Figure 11. Solid lines represent the fundamental
modes (F), while dotted lines indicate higher modes (H). The blue and red
curves shows the sensitivity of the Z and X components, respectively.

eral key characteristics. First, lower frequencies penetrate significantly deeper
than higher frequencies (e.g., the 0.1 Hz fundamental mode in Figure 10 has
maximum sensitivity around 6.0 km depth). In addition, the sensitivity sys-
tematically shifts toward shallower depths with increasing frequency, reflecting
the depth-dependent nature of model updates. However, the magnitudes of
these contributions vary with frequency (see amplification factors for compar-
ison). Second, higher-order modes within a given frequency band penetrate
deeper than the fundamental mode and thus contribute a higher update weight
at greater depths (e.g., solid versus dashed green curves at 0.1 Hz in Figure 9).
Third, the fundamental mode has stronger frequency dependence as exhibited
by more pronounced shifts in depth sensitivity, whereas higher-order modes
vary more gradually (see Figure 10 where the 1-D kernels clarify these depth-
dependent trends). At low frequencies, the fundamental mode (e.g., solid red
curve at 0.1 Hz) has broad sensitivity suitable for recovering long-wavelength
structures, while higher frequencies (e.g., solid green curve at 0.3 Hz) enhance
sensitivity to shallower features. In contrast, higher-order modes maintain sen-
sitivity to deeper regions. In all cases, sensitivity decays rapidly with depth.

An additional observation is the polarity reversal due to cycle skipping in
the fundamental-mode kernel at 0.3 Hz and 0.4 Hz (Figure 9e, Figure 9g and the
solid green and solid black curves in Figure 10) where amplitudes switch from
negative to positive. At the same frequency, higher-order modes continue to
correlate with the correct phase and do not experience cycle skipping. In fact,
although the combined kernel is negative at 0.2 Hz, traces at large o”sets exhibit
cycle skipping as well. This highlights the importance of frequency stepping in
surface-wave tomographic inversion, analogous to active-source FWI methodol-
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ogy. Because of their dispersive character, surface waves are particularly prone
to cycle skipping; however, this risk is reduced at lower frequencies, increasing
the likelihood of convergence toward the global minimum.

Figure 11 shows the contributions to the VS misfit kernel from the Z and
X particle-displacement components for Scholte modes at 0.2 Hz. The left and
right columns correspond to the Z and X components, while the top and bot-
tom rows show the fundamental and higher-order mode sensitivities, respec-
tively. Figure 12 presents the corresponding 1-D depth sensitivities obtained
by laterally summing the 2-D kernels. Although the fundamental-mode misfits
for both components have similar magnitudes (see amplification factors), the
X component exhibits slightly deeper sensitivity than the Z component (Fig-
ure 12). Higher-order modes penetrate deeper than the fundamental mode, with
the X component again providing slightly deeper coverage than the Z compo-
nent.

Overall, the combined set of observations emphasizes the importance of ex-
ploiting multiple modes and frequencies in surface-wave tomographic inversion,
as they provide complementary sensitivities at di”erent depths and enable more
robust model updates.

3.3 Multi-modal Scholte-wave tomography

3.3.1 Parameters from Model C as starting model

We now present the inverted VS model obtained from adjoint tomography
using parameters from Model C as the starting model. At each iteration,
waveform preprocessing (i.e., filtering, normalization, and window selection
for both fundamental and higher-order Scholte modes), misfit calculation, and
adjoint-source construction are performed using the pyflex [36], pyadjoint,
and pyatoa packages integrated into the SeisFlows waveform inversion pack-
age [39, 11] that incorporates SPECFEM2D as the forward and adjoint wave-
propagation solver. Model updates are carried out using the L-BFGS method [31],
while a line-search procedure determines the optimal step length (see equation 8)
at each iteration. For further details on the adjoint inversion methodology, we
refer readers to [59].

The tomographic inversion begins from a background VS model without salt,
i.e Model C (Figure 1). Forward simulations are first performed using this initial
model, with Z-component waveforms low-passed at 0.10 Hz to emphasize long-
wavelength structures during the early stages of inversion. Both fundamental
and higher-order Scholte modes are used to quantify the misfit and compute
adjoint sources. The inversion proceeds by progressively incorporating higher-
frequency data as the misfit reduction from the current band either saturates
or the model updates become negligible. We start with the low-frequency band
(↑0.10 Hz), then incrementally add waveforms from 0.20 Hz, 0.30 Hz, 0.40 Hz,
and 0.45 Hz bands (see Figure 13). Figure 13a shows the misfit reduction on a
linear scale, where reductions appear modest after the tenth iteration but still
produce significant model updates. Figure 13b presents the same results on a
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Fig. 13: Cross-correlation travel-time misfit reduction. (a) Linear scale. (b)
Logarithmic scale emphasizing small changes in misfit reduction. Misfit segment
colors denote low-pass frequency bands: orange (0.10 Hz), black (0.20 Hz), gray
(0.30 Hz), red (0.40 Hz), and green (0.45 Hz). Markers indicate the modes used
for misfit and adjoint source calculations: solid dots (F+H), inverted triangles
(F), and crosses (H). Each region is also annotated with the frequency band and
mode(s) used for misfit and adjoint calculations. In (b), the regions labeled S-1
to S-4 represent the four inversion stages.

logarithmic scale where misfit changes are now more clearly visible.
Figure 13b highlights the four stages of inversion (S-1 through S-4) used to

obtain the results shown in Figure 14 starting from the models presented in
panels a and f.

• S-1 (iterations 0–20): Involves sequential frequency stepping from 0.10 Hz
to 0.40 Hz using both fundamental and higher-order modes. Each fre-
quency increment helps the inversion escape local minima, achieve new
misfit reductions, and builds the initial salt structure (Figure 14b and
14g).

• S-2 (iterations 20–50): Repeats this multiband strategy from 0.10 Hz to
0.45 Hz to further refine the salt structure. By the end of S-2, the combined
misfit across all modes decreases to the order of 10↑4. Although the
total misfit is substantially reduced, misfits from individual modes remain
relatively larger (Figure 14c and 14h).

• S-3 (iterations 51–67): Alternates between mode-specific inversions. It-
erations 50–54 use only the 0.20 Hz fundamental mode, followed by it-
erations 54–67 using only higher-order modes at 0.30 Hz. This strategy
further sharpens both large-scale salt background and smaller-scale struc-
tural details of the salt body (Figure 14d and 14i).

• S-4 (iterations 68–72): Incorporates additional updates with all Scholte
modes at 0.20 Hz; however, the misfit reduction and model updates during
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Fig. 14: Left: VS model recovery during inversion stages from the initial model
(Model C) to stages S-1 through S-4 (see Figure 13b). Right: Di”erences be-
tween the recovered and initial models, showing the evolution of VS updates
across stages S1–S4, relative to the percentage perturbation between the true
and initial models. The dotted polygon marks the salt boundary.
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Fig. 15: (a) True and (b) inverted VS models. (c) Percentage VS perturbation
between the true and initial models (Model C). (d) Percentage perturbation
recovery relative to (c) after inversion.

this final stage are minimal (Figure 14), indicating that the inversion has
converged (Figure 14e and 14j).

At the S-1 stage, we applied a Gaussian smoothing filter to the stacked and
preconditioned gradient kernels with vertical and horizontal window lengths
of 1.6 km and 0.8 km, respectively. Between S-2 and S-4, the window sizes
were reduced to 0.8 km and 0.4 km to accommodate higher-frequency measure-
ments [54, 38].

Figure 15 compares the true and inverted VS models. The tomographic
inversion successfully recovers the overall long-wavelength geometry of the salt
body (Figure 15d). Figure 16 shows the di”erence between the inverted and
true VS models, along with comparisons of the true, inverted, and initial VS

model along three vertical profiles across the salt body. From Figure 16b–d,
it is evident that the model recovery at intermediate depths is robust, with
velocities reproduced within approximately 10% of the true values. However,
velocities at salt depths greater than ↓6 km are less accurately recovered, and
in regions of shallow salt (Profile C; Figure 16d), the inversion remains poorly
constrained. The relatively poor recovery in both deeper and shallower regions
is likely due to the limited frequency range used: frequencies lower than 0.10 Hz
are required to image deeper structures, while frequencies higher than 0.45 Hz
would be needed to better constrain the shallow salt velocity field.

3.3.2 Parameters from Model A as starting model

As shown earlier, the influence of salt VP and ω on Scholte-wave kinematics
is relatively minor across the 0.1–0.5 Hz band, motivating an additional to-
mographic inversion using Model A (VP , VS , and ω all set to the background
with no salt). Starting from Model A, we follow the same staged, multi-modal
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Fig. 16: (a) Percentage di”erence between the recovered and true model VS

relative to the true model. (b)–(d) show the true, inverted, and initial VS

profiles, together with the percentage di”erences, along slices A, B, and C, as
marked in (a).
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Fig. 17: Left: Log-scale cross-correlation travel-time misfit reduction with pa-
rameters from Model A as the starting model. The regions labeled S-1 to S-4
represent the four inversion stages. For color codes and labels explanation, see
Figure 13. Right: Di”erences between the recovered and initial models, show-
ing the evolution of VS updates across stages S1–S4, relative to the percentage
perturbation between the true and initial models. The dotted polygon marks
the salt boundary.
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Fig. 18: (a)–(c) show the true, inverted, and initial VS profiles, together with
the percentage di”erences, along slices A, B, and C, as marked in Figure 16a.

frequency-stepping workflow used for Model C in the previous section (S-1⇑S-
4), producing the log-scale misfit reduction and model-update evolution shown
in Figure 17. During this inversion, only VS was updated, while VP and ω
remained fixed to their background values.

The recovered model reproduces the overall long-wavelength geometry of the
salt body, with the stage-by-stage updates and shape recovery summarized in
Figure 17c–f. The inversion yields reasonably accurate velocities at intermediate
depths (within 10%; see Figure 18). These results demonstrate that, even when
neither VP nor ω encode the true salt, the dominant sensitivity of Scholte-wave
travel times to VS enables robust lateral shape recovery and substantial recovery
of intermediate-depth shear velocities. However, despite the generally good
lateral recovery, the inversion with Model A as the starting model populates
anomalously high VS values beneath portions of the salt while maintaining good
lateral constraint (see Figure 17c–f).

This behavior can be understood from the Scholte-wave misfit kernels and
sensitivity analyses presented earlier, which confirm that inversion gradients are
strongly dominated by VS , while VP and ω influence the results only indirectly
through elastic coupling and Poisson’s ratio contrasts. When VP and ω do
not capture the true salt contrasts, the inversion compensates for small phase
misfits arising from these inaccuracies by increasing VS at depth to match the
observed travel times (i.e., parameter trade-o”s and crosstalk), particularly at
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Fig. 19: Inverted VS models after the 10th iteration using (a) Model C param-
eters and (b) Model A parameters as starting models.

low frequencies where the longer wavelengths of Scholte waves sample the full
extent of the salt. Consistent with this interpretation, the earlier comparison
between Model A and C traces (Figure 4) shows that introducing the true VP

and ω distributions produces only a minor e”ect on Scholte-wave travel times
and phase velocities across the 0.1–0.5 Hz band, although the influence becomes
more noticeable at lower frequencies due to enhanced sensitivity to the salt.

The additional low-frequency results after the tenth iteration shown in Fig-
ure 19 further illustrate this behavior: with Model A, anomalously high VS

values—relative to the recovered shear velocity of the salt—begin to appear be-
neath the salt early in stage S-1, when the inversion incorporates 0.10–0.20 Hz
data (see Figures 13 and 17a). These artifacts likely originate from low-frequency
phase misfits induced by inaccurate VP and ω starting model. In contrast, the
corresponding Model C results show improved depth focusing and reduced low-
frequency misfits due to the presence of the true VP and ω distributions.

Nevertheless, the lateral geometry remains well constrained. Compared with
the Model C runs (true VP and ω, background VS), the shape and resolution
of the recovered salt are somewhat improved when VP and ω are correct, indi-
cating that accurate VP /ω priors help reduce parameter trade-o”s and vertical
smearing.
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4 Impact of elastic structure on amplitude fi-
delity

The Introduction section emphasized the importance of elastic modeling and ac-
curate VS estimation for capturing the true physics of wave propagation. Having
established that Scholte-wave travel-time tomography can recover reliable long-
wavelength VS structures, we now examine the implications of these models for
amplitude fidelity of forward modeled wavefields. This analysis assesses how ac-
curately the recovered elastic model reproduces the amplitude behavior of full
elastic wave propagation compared to when invoking an acoustic approximation.

To this end, we simulate the vertical-component (Z) waveforms from the
true model using both elastic and acoustic physics. The simulations employ an
Ormsby source wavelet with corner frequencies of [1.8, 3.0, 5.0, 9.0] Hz, repre-
sentative of the low-frequency end of active-source seismic data, with the source
S06 now positioned just below the ocean surface as a pressure source to mimic
an active-source ocean-bottom node (OBN) acquisition geometry. Figure 20a
shows the modeled Z-component wavefield for the true model, where diving-
wave energy is evident and e”ect of the salt can be seen around 60 km o”set
where diving waves exhibit faster move out.

Figure 20b presents trace panels extracted from three locations marked A,
B, and C in Figure 20a. Each panel includes three traces: (1) the true model
simulated with full elastic physics (solid black curve); (2) the true model simu-
lated using the acoustic approximation (dashed black curve); and (3) using the
inverted long-wavelength VS model from starting Model C and elastic physics
(solid red curve).

From Figure 20b, we observe that the direct P-wave arrivals exhibit compara-
ble amplitudes across all three cases. However, significant amplitude discrepan-
cies arise in the arrivals associated with P–S mode conversions when comparing
the elastic and acoustic simulations of the true model. These di”erences high-
light the inability of the acoustic approximation to reproduce the amplitude
variations governed by the elastic shear modulus and Poisson’s ratio contrasts.
In contrast, when the inverted long-wavelength VS model is used with elastic
physics, the resulting amplitudes show strong agreement with the true elastic
response, particularly in the converted phases.

These results demonstrate that even a smooth, long-wavelength VS model re-
covered from Scholte-wave tomography can significantly improve the amplitude
accuracy of elastic simulations relative to those generated through acoustic mod-
eling. The consistency between the true and inverted elastic responses confirms
that accurate representation of the background shear-wave velocity structure is
essential for reproducing realistic mode conversions and amplitude variations.
This finding underscores the broader implication that elastic forward modeling,
when guided by an appropriately constrained VS model, can yield amplitude-
consistent synthetic data suitable for subsequent high-frequency E-FWI, or joint
inversion workflows that rely on amplitude information.
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Fig. 20: (a) Z-component shot gather generated using the true model (Figure 1,
top row) and an Ormsby wavelet with corner frequencies [1.8, 3.0, 5.0, 9.0] Hz,
for a pressure source S06 positioned just below the ocean surface. (b) Trace pan-
els extracted from locations A, B, and C marked in (a) each show three traces:
(1) true model with full elastic physics (solid black; True Model Elastic); (2)
true model with acoustic approximation (dashed black; True Model Acoustic);
and (3) inverted long-wavelength VS model from starting Model C with elastic
physics (solid red; Inverted Model Elastic).
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5 Discussion

The numerical experiments presented above demonstrate several robust and in-
terlinked findings about the sensitivity of low-frequency Scholte-waves, the prac-
tical value of multi-modal information, and the e”ectiveness of staged frequency-
stepping strategies for estimating long-wavelength VS structure in salt-bearing
o”shore settings. Below, we summarize the main observations, discuss their im-
plications for o”shore velocity model building and E-FWI, outline limitations
and uncertainties, and identify the developments needed to advance toward
field-ready applications using ambient seismic data.

5.1 Choice and construction of the starting model

The misfit-kernel analyses confirm that Scholte-wave tomography is dominated
by VS sensitivity (Figures 6–7). Scholte waves are P–SV coupled at the fluid–solid
interface: while their phase velocities depend primarily on VS , variations in VP

and ω influence P–SV coupling, local impedance contrasts, and the e”ective
elastic moduli. Because VP and ω are only weakly constrained by surface-wave
travel times, inaccurate values can introduce parameter trade-o”s and verti-
cal smearing. Reliable VP and ω estimates—derived from active-source FWI,
body-wave tomography, or empirical VP –ω relations—are therefore important
to stabilize tomographic inversion and suppress crosstalk.

The comparative inversions using Models A and C support these conclusions.
Even when all parameters were initialized from the background (Model A),
the inversion successfully recovered the overall salt geometry and intermediate-
depth VS structure, demonstrating the strong intrinsic sensitivity of Scholte-
wave travel times to VS . However, the absence of true VP and ω contrasts
introduced localized high-VS artifacts beneath the salt, which diminished when
the correct VP –ω distributions were used (Model C). These results highlight that
accurate VP –ω priors primarily improve depth focusing and mitigate parameter
trade-o”s, rather than fundamentally changing the inversion’s ability to recover
large-scale salt geometry.

In practice, when reliable VP and ω models are available from body-wave
FWI or reflection tomography, they should be used during Scholte-wave to-
mographic inversion, allowing the workflow to focus on recovering the long-
wavelength VS field. Where such constraints are unavailable, smooth back-
ground VP and ω models can still yield geologically consistent VS recovery,
particularly for lateral structure. For the initial VS model, a practical ap-
proach would be to generate 1-D VS profiles from MASW on ambient cross-
correlations [e.g., 41], calibrate them using any available well, refraction, or
empirical VP –VS relations, and interpolate them into a smooth 3-D background
for initializing multimodal surface-wave adjoint tomography.
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5.2 Tomographic inversion strategy and resolution

A hierarchical, frequency-stepped tomographic inversion that combines funda-
mental and higher-order modes mitigates cycle skipping, enhances depth cov-
erage, and ensures stable convergence. The fundamental modes provide broad,
shallow updates, whereas higher modes extend sensitivity to greater depths.
This broad depth reach explains why the travel-time-adjoint workflow can re-
cover long-wavelength salt geometry even when the starting model contains
large (approximately 50%) VS perturbations. Mode-specific refinement during
the later stages (as seen in the staged S-1⇑S-4 sequence in our experiments)
introduces finer structural details. Nevertheless, the e”ective vertical resolution
is constrained by the available frequency band; as a result, the very shallow and
deep intervals remain underresolved. These bandwidth limitations imply that
the recoverable vertical extent of structure is directly governed by the available
data frequency content.

5.3 Limitations, nonlinearity, and uncertainty

The numerical experiments presented here use 2-D synthetic EGFs with con-
trolled preprocessing; field ambient cross-correlations will include non-ideal source
distributions, cross-mode contamination, amplitude distortions from process-
ing, and fully 3-D propagation e”ects that can bias tomographic kernels. The
pseudo-Hessian preconditioner and spatial smoothing employed here are stabi-
lizing approximations that require careful tuning for complex 3-D media. We
also observe polarity reversals and cycle-skipping at higher frequencies (near
0.3 Hz for the fundamental mode), underscoring the inversion’s nonlinearity
and the need for judicious frequency scheduling and diagnostic evaluation at
each stage.

5.4 Supporting field data observations

As noted in the Introduction, field VSG observations of Scholte-wave sensitivity
motivated this study and its potential for constructing long-wavelength VS mod-
els. Field VSGs from the Gulf of Mexico reported by [21]—reproduced in Fig-
ure 21 and Figure 22—provide empirical support for the main findings of this
work. Figure 21 shows vertical–vertical (Czz) and radial–radial (Crr) component
VSGs (left panels) together with their corresponding phase-velocity dispersion
panels (right panels). The Czz component is dominated by fundamental-mode
Scholte energy (S0

c ), whereas the Crr component exhibits strong higher-order
modes (S1

c and S2
c ). In these dispersion panels, distinct fundamental and higher-

order Scholte branches occupy the ambient band (↓0.1–0.6 Hz), similar to the
frequency range exploited in this study.

Figure 22 presents snapshots extracted from a radial–radial (Crr) compo-
nent VSG volume, illustrating first- and second-order Scholte-mode wavefronts
(S1

c and S2
c ) propagating faster through the interpreted salt bodies (shown in

pink, approximately 0.7 km beneath the mudline) than through the surrounding
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Fig. 21: Vertical–vertical (Czz) and radial–radial (Crr) component VSGs (left
panels) and their corresponding phase-velocity dispersion panels (right panels)
presented in [21]. Panels (a–b) show the Czz component, and panels (c–d) show
the Crr component. S0

c , S
1
c , and S2

c respectively denote the fundamental, first-
, and second-order Scholte modes. Figure modified from Figures 5, 7, and 9
of [21].
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Fig. 22: Snapshots extracted from a radial-radial component (Crr), 0.3-0.8 Hz
band VSG volume calculated near the center of the Gulf of Mexico OBN array
presented in [21], shown at six propagation lags: (a) 5.0 s, (b) 7.0 s, (c) 9.0 s, (d)
11.0 s, (e) 13.0 s, and (f) 15.0 s. The illustrated wavefields have been overlain
by the salt bodies (the pink) interpreted at a depth of 0.7 km from mudline.
S1
c and S2

c denote the first- and second-order Scholte-mode wavefronts. Panels
(d)–(f) clearly show Scholte waves propagating faster through the salt compared
to those traveling within the surrounding clastic sediments. Figure taken and
modified from Fig. 10 of [21].

clastics. Taken together, these field observations lend empirical support to two
central claims of this work. First, low-frequency Scholte energy carries informa-
tion about large-scale, long-wavelength VS contrasts (e.g., salt versus sediment)
through modal kinematics and partitioning—sensitivities that the multi-modal,
frequency-stepped adjoint tomography developed here e”ectively exploits. Sec-
ond, the di”erential modal expression between tensor components—Crr em-
phasizing higher-order modes and Czz emphasizing the fundamental mode, an
observation also supported by cross-correlation modeling in [44]—underscores
the importance of tensor-component-aware preprocessing and weighting during
inversion to maximize vertical sampling and robustness. These field data there-
fore motivate a hierarchical inversion approach that combines fundamental and
higher-order modes to extend depth sensitivity and stabilize convergence.

That said, the VSGs of [21] are cross-correlation products—not controlled
active-source EGFs—and thus inherit the aforementioned real-world data com-
plexities described earlier: non-uniform source illumination, amplitude distor-
tions from processing, potential cross-mode contamination, and 3-D propaga-
tion e”ects. Because the observed Scholte-wave signatures arise in ambient
cross-correlations rather than controlled shots (as active sources generally fail to
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generate energy in this sub-1 Hz band), these observations justify treating ambi-
ent cross-correlations as self-consistent observables (not strict EGFs) in forward
and inverse modeling, and emphasize the need to develop joint source–structure
inversion strategies and full 3-D implementations before applying the workflow
to field datasets.

5.5 Future work

Building on the sensitivities and inversion behavior demonstrated here, ad-
vancing Scholte-wave tomography toward field-ready application using ambient-
seismic OBN data will require: (1) fully 3-D implementations; (2) joint in-
version formulations that explicitly account for ambient source distributions
and subsurface elastic structure rather than rely on EGF approximations; and
(3) extensive real-data testing with tensor-aware preprocessing. Recent ambi-
ent modeling frameworks provide a practical and starting foundation for these
developments [e.g., 43, 44], and—combined with the field VSG observations
discussed above—point the way toward constructing long-wavelength VS back-
ground models suitable as physically consistent starting input to active-source
elastic FWI analyses.

6 Conclusions

Low-frequency Scholte-wave travel-time adjoint tomography provides an ef-
fective means of recovering the long-wavelength o”shore shear-wave structure
needed to initialize elastic full-waveform inversion. Our synthetic experiments
lead to four principal conclusions. First, the misfit-kernel analyses confirm that
Scholte waves are overwhelmingly sensitive to VS variations, with only weak
indirect dependence on VP and ω through Poisson’s ratio and elastic moduli.
This dominant VS sensitivity was also reflected in the inversion results: even
when all parameters were initialized from the background (Model A), the work-
flow successfully recovered the overall salt geometry and intermediate-depth VS

structure, demonstrating that large-scale VS perturbation recovery is achievable
without the true VP and ω contrasts. Second, introducing realistic VP and ω dis-
tributions (Model C) primarily improves depth focusing and reduces parameter
trade-o”s, mitigating the spurious high-VS artifacts observed beneath the salt
in the background-only case. Thus, accurate VP –ω priors—derived from active-
source FWI, body-wave tomography, or empirical relations—enhance vertical
resolution but are not strictly required for capturing the dominant lateral geome-
try of the salt. Third, lower-frequency and higher-order Scholte modes penetrate
substantially deeper than higher-frequency fundamental-mode energy and are
therefore essential for constraining long-wavelength deep structure. Combining
fundamental and higher modes in a staged, frequency-stepped inversion im-
proves both depth coverage and robustness: fundamental modes capture broad
background updates, while higher modes contribute sharper structural detail.
Finally, amplitude tests confirm that elastic forward modeling using the recov-
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ered VS reproduces converted-phase amplitudes that cannot be explained by
an acoustic approximation, underscoring the importance of a physically con-
sistent elastic background for subsequent high-frequency elastic FWI and joint
inversion.

For practical applications, these findings motivate the acquisition and use of
broader-band datasets to better resolve the shallowest and deepest structures,
the development of joint inversion strategies for ambient datasets that explic-
itly account for both the ambient source distribution and the Earth’s elastic
structure, and the extension of the workflow to fully 3-D implementations and
field OBN data. Overall, Scholte-wave adjoint travel-time tomography o”ers a
promising approach for constructing robust low-frequency shear-wave velocity
models, providing the critical foundation for improved high-frequency elastic
FWI using active-source seismic data volumes.
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