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SUMMARY

Full-waveform inversion (FWI) of seismic data provides quantitative constraints on subsurface
structures. Despite its widespread success, FWI of data around the critical angle is challenging
because of the abrupt change in amplitude and phase at the critical angle and the complex
waveforms, especially in the presence of a sharp velocity contrast, such as at the Moho
transition zone (MTZ). Furthermore, the interference of refracted lower crustal (Pg) and upper
mantle (Pn) arrivals with the critically reflected Moho (PmP) arrivals in crustal and mantle
studies makes the application of conventional FWI based on linearized model updates difficult.
To address such a complex relationship between the model and data, one should use an inversion
method based on a Bayesian formulation. Here, we propose to use a Hamiltonian Monte Carlo
(HMC) method for FWI of wide-angle seismic data. HMC is a non-linear inversion technique
where model updates follow the Hamiltonian mechanics while using the gradient information
present in the probability distribution, making it similar to iterative gradient techniques like
FWIL. It also involves procedures for generating distant models for sampling the posterior
distribution, making it a Bayesian method. We test the performance and applicability of HMC
based elastic FWI by inverting the non-linear part of the synthetic seismic data from a three-
layer and a complex velocity model, followed by the inversion of wide-angle seismic data
recorded by two ocean bottom seismometers over a 70 Ma old oceanic crustal segment in the
equatorial Atlantic Ocean. The inversion results from both synthetic and real data suggest that
HMC based FWI is an appropriate method for inverting the non-linear part of seismic data for
crustal studies.

Key words: Inverse theory; Probability distributions; Body waves; Crustal imaging; Wave-
form inversion.

Operto 2009; Morgan et al. 2013, 2016; Warner et al. 2013; French

1 INTRODUCTION

Seismic tomography methods based on matching of traveltimes of
different seismic arrivals are commonly used to determine large-
scale velocity structures on both regional (Zelt & Smith 1992; Van
der Voo et al. 1999; Korenaga et al. 2000; Hobro et al. 2005) and
global (Dziewonski et al. 1977; Dziewonski 1984; Zhou 1996; Van
der Hilst e al. 1997; Bijwaard ef al. 1998) scales. The introduction
of full-waveform inversion (FWI) in the 1980s (Bamberger et al.
1982; Lailly & Bednar 1983; Tarantola 1984a, b) made it theo-
retically possible to recover finer scale structures of the subsurface
(Shaw & Orcutt 1985; Chapman & Orcutt 1985; Operto ez al. 2004).
Although this advancement came at the expense of increased com-
putational requirements, the growth in computational capabilities
in the last two decades has allowed rapid development in the appli-
cations of FWI (Ravaut et al. 2004; Capdeville ef al. 2005; Operto
et al. 2006; Brossier et al. 2009; Fichtner et al. 2009; Virieux &
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& Romanowicz 2014; Borisov & Singh 2015).

Full-waveform inversion (FWI) is a local optimization technique
for estimating high-resolution physical parameters of the subsur-
face based on matching waveforms of the synthetic and observed
data. The non-linear relationship of the misfit function with the
model parameters makes FWI dependent on an appropriate initial
model close enough to the final model to avoid cycle skipping of
modelled waveforms (Bunks ez al. 1995) and getting entrapped in
local minima. The iterative inversion scheme of FWI implements
gradient optimization methods to compute model updates, ideally
defined as a product of the inverse Hessian (the second deriva-
tive of the misfit function with respect to the model parameters)
and the gradient of the misfit function (Mora 1987; Pratt et al.
1998; Virieux & Operto 2009). In this context, Newton and Gauss—
Newton methods (Pratt ef al. 1998; Sheen et al. 2006; Askan et al.
2007) of model updates are often considered impractical for realistic
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problems due to the high cost of computing the Hessian. On the other
hand, inversion schemes based on either iteratively updating the
Hessian using quasi-Newton methods such as the limited-memory
Broyden—Fletcher—Goldfarb—Shanno (L-BFGS) method (Nocedal
1980) or determining the gradient direction by replacing the Hes-
sian with a scalar parameter called step-length (Pica et al. 1990;
Virieux & Operto 2009), have shown to provide reliable and stable
results while also being computationally less demanding.

Over the years, several approaches have been developed to mit-
igate the non-linearity of the misfit function. Several of these ap-
proaches included modification of the misfit functions (Fichtner
et al. 2008; Brossier et al. 2010; Bozdag et al. 2011; Choi & Alkhal-
ifah 2012; Métivier et al. 2016) implemented in both the time and
frequency domains, with an increasing time window and frequency
bandwidth of the inverted seismic data (Ravaut er al. 2004; Sears
et al. 2008; Brossier et al. 2009). These approaches also introduced
the concept of hybrid cross-correlation between the synthetic and
observed data (Luo & Schuster 1991; Gee & Jordan 1992), source-
encoded inversions (Krebs et al. 2009; Ben-Hadj-Ali ef al. 2011,
Choi & Alkhalifah 2011) and hierarchical layer-stripping strategies
(Shipp & Singh 2002; Sirgue & Pratt 2004) for convergence to an
optimum model.

Another problem in FWI is associated with the non-linear be-
haviour of the amplitude and phase of seismic reflections around
the critical and post-critical incident angles. This non-linear charac-
teristic of the data arises due to the transformation of the reflection
coefficients into complex numbers starting from the critical angle
(Aki & Richards 2002; Stein & Wysession 2009) in the presence of a
sharp high-velocity contrast in the model, such as at the Moho transi-
tion zone (MTZ). As aresult, waveforms at the critical angle become
the Hilbert transform of the incident wave (Choy & Richards 1975).
The additional interference of refracted lower crustal (Pg) and up-
per mantle (Pn) arrivals with the Moho reflections (PmP), and their
triplications results in very complex waveforms and could lead to an
inaccurate estimation of elastic parameters while using FWI based
on the linearized model updates. As the inverse problem of finding
the model parameters is non-linear, its solution can be better repre-
sented with a probabilistic Bayesian formulation (Keilis-Borok &
Yanovskaja 1967; Press 1968; Backus & Gilbert 1970; Tarantola &
Valette 1982; Mosegaard & Tarantola 1995; Tarantola 2005).

Bayesian inversion based on Markov Chain Monte Carlo
(MCMC; Metropolis ef al. 1953) methods can estimate the model
and its uncertainties by constructing the posterior probability dis-
tribution (PPD) of all the sampled models. The PPD associates un-
certainties of all the sampled models in the framework of existing
prior knowledge, allowing us to quantify and determine statistical
properties associated with all the model parameters. Bayes’ theorem
provides a convenient basis for evaluating this PPD by incorporat-
ing the prior probability distribution with a likelihood function of
the data. Over the years, several adaptations of MCMC methods
have been used for uncertainty estimation of the model parameters
(Cary & Chapman 1988; Sen & Stoffa 1991; Malinverno 2002;
Sambridge et al. 2006; Hong & Sen 2009). The successful applica-
tion of these methods, along with rapid growth in the computational
facilities, has led to the development of advanced MCMC strate-
gies, such as using temperature ladders, as in parallel tempering
(Marinari & Parisi 1992; Sambridge 2014) and trans-dimensional
methods (Green 1995; Malinverno 2002; Bodin & Sambridge 2009;
Piana Agostinetti e al. 2015; Bottero et al. 2016; Guo et al. 2021).
Nevertheless, the computational cost and necessity of sampling a
large number of models for higher-dimensional problems remain
critical factors in inverting large seismic data. This phenomenon is
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known as the curse of dimensionality. It explains the diminishing
performance of an MCMC method with increasing dimensions of
the model parameters, making an unbiased Markov chain too long
for a suitable convergence (Backus 1988; Scales & Tenorio 2001).

The above limitations of both inversion methods encourage us
to invert seismic data using a more appropriate non-linear inver-
sion technique. Based on sampling a particle in a multidimensional
physical system using Hamiltonian mechanics, Hamiltonian Monte
Carlo (HMC) is an MCMC method that uses the gradient infor-
mation in the probability distributions to generate less correlated
samples in the model space. As a result, it has a high sample ac-
ceptance rate in comparison to the random walk MCMC method.
Introduced initially for its application in lattice quantum chromo-
dynamics by Duane et al. (1987), HMC has found its use in many
fields, including machine learning and neural networks (Yang et al.
2021), molecular simulations (Widom et al. 2014), quantum me-
chanics (Seah et al. 2015) and many more. It has also found its
use in the geophysical fields, including inversion of electrical re-
sistivity data (Maiti et al. 2011), amplitude versus angle analyses
(Sen & Biswas 2017), seismic source inversions (Fichtner & Simuté
2018), seismic tomography and FWI (Fichtner ez al. 2019; Gebraad
et al. 2020; Fichtner et al. 2021). However, its application in solving
non-linear problems associated with the complexities of inverting
wide-angle seismic data remains untested.

Here, we present an application of HMC based elastic FWI of
wide-angle seismic data. We test the algorithm by inverting seismic
data from two groups of laterally homogeneous velocity profiles,
followed by the inversion of OBS data from the Atlantic Ocean.

2 THEORY

2.1 Bayesian inference

Bayes’ theorem relates prior information available on a model with
data to construct the PPD and can be expressed as
P(m) P(dobs I m)

Pm | dys) = PSS (M)
where m and d,,s represent the model and the observed data,
with P(4) and P(A|B) representing the probability distribution
and the conditional probability of A with respect to B, respec-
tively. P(m | dyps) is the PPD, P(m) is the prior probability of all
constraints on the model parameters prior to any calculation and
P(d s | m) is the likelihood function which represents the proba-
bility of the observed data d,s given the model m. The denominator
term P(ds) is known as the evidence or the marginal likelihood,
representing an integral of prior with the likelihood function over
an entire model space such that P(d) = [ P(m) P(dys | m) dm. As
the evidence P(d.ys) remains a constant normalization factor for
the PPD, eq. (1) can be expressed as,

P(m | dobs) o< P(m) P(dobs | m). 2

2.2 Hamiltonian Monte Carlo

In the HMC method, the inverse problem of quantifying an n-
dimensional model () is transformed into the sampling of particles
in a multidimensional physical system governed by the Hamiltonian
mechanics (Neal 1993, 1996) and defined in terms of the total en-
ergy referred to as the Hamiltonian H(m, p), consisting of two
terms; potential energy U(m) and kinetic energy K (p)),

H(m, p) =U(m)+ K(p), (€)
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where the n-dimensional vector p is the momentum of the particle.
The n-dimensional vector m is the model sampled from the PPD and
represents the position vector of the particle. The potential energy
U (m) defines the energy associated with the position of this particle
and can be expressed as,

U(m) = —In P(m | dops). 4)

The kinetic energy K(p) of a particle due to its motion is ex-
pressed in terms of an auxiliary n-dimensional momentum variable
p such that

1
K(p) = EPTM_IP, )

where M is a symmetric and positive definite mass matrix of di-
mension n X n and is analogous to a physical mass linking each
variable pair of the position (m) and momentum (p) vector. To-
gether, the position and momentum vectors (m, p) define the state
of a particle inside the physical system of an n-dimensional model
and momentum space, also called the phase space.

Hamilton’s equations (eq. 6) govern the dynamics of the particle
such that,

dm oH _ M-

dp  0H U
dt — ap

’ dr am  om’

(6)

where 7 is a time variable. Hamilton’s equations are conservative,
and thus moving a particle from an initial state (m, p) over time
7 results in the generation of a new state (m., p,) corresponding
to new values of potential and kinetic energies and an unchanged
Hamiltonian. The initialization of HMC at every sample requires
the generation of a random momentum vector from a multivariate
Gaussian distribution with the covariance matrix M, thus defin-
ing the initial state of the particle (m, p). HMC uses Hamiltonian
mechanics by propagating the particle towards the new states and in-
corporates Bayesian inference by defining the potential and kinetic
energies in terms of the probability distribution such that every
state of the particle is sampled from a joint probability distribu-
tion P(m, pld.s) of position and momentum vector in the phase
space. This joint probability distribution is also known as the canon-
ical distribution and can be expressed in terms of Hamiltonian as
P(m, pldys) = exp(—H(m, p)).Following the construction of the
joint probability distribution from the sampled states, the PPD of
the sampled models can be constructed by marginalizing the mo-
mentum component of the joint probability distribution (Betancourt
2017).

Theoretically, the analytical solution of Hamilton’s equa-
tions would have all the proposed states accepted in the joint
probability distribution P(m, p|d,.s). However, waveform inver-
sion of seismic data using HMC requires discretization of Hamil-
ton’s equations using numerical integration schemes, which can
preserve the properties of the Hamiltonian system, including the
time-reversibility, preservation of volume and phase space par-
titioning (Neal er al. 2011). The integration schemes satisfying
these properties are known as symplectic integrators (Simo et al.
1992). We have used a symplectic leapfrog integrator in this
study for the generation of new particle states with a step size €

(Betancourt 2017) as,

€ e U
pi(t + 5) = pi(r) — 2 am, -
0K
mi(t +¢€)=m(t)+e ,
api T+€/2
€ e U
i = Dpi z)— = , 7
pi(t +¢€) p(f+2) 2 am ., (7

where 7 is the vector index in the range (1, n). A single sample
workflow of HMC for an n-dimensional initial model m can be
described in a series of steps where first, a random r-dimensional
momentum vector p is drawn from a multivariate Gaussian dis-
tribution with zero mean and covariance M defining the particle
initial state (m, p) for the initial Hamiltonian H(m, p). The dis-
cretized Hamilton’s equation integrates the initial state (m, p) over
L leapfrog steps with step size € to generate a new state (m., p,)and
computes a new Hamiltonian H(m,, p,). Though highly accurate
in their properties, implementing discretized symplectic integration
schemes introduces errors in the Hamiltonian while moving from
one state to another. To correct errors introduced by the discretiza-
tion scheme at every iteration, the new state is accepted with a
probability,

Paccept = min[l, CXP(H(”L P) - H(m‘(’ pr))] (8)

Upon the acceptance of the new state, the new m, replaces the
initial m position vector, which otherwise remains the same and
follows the same iterative workflow with a newly drawn random
momentum vector.

2.3 HMC based FWI

In order to perform full-waveform inversion of seismic data using
HMC, we associate the data misfit function with the likelihood
function and in turn, the potential energy. We define the likelihood
function as,

P(dobs | m) =

B Jd(m)) ’ ©)

1
exp
V@)V |Gy ( 2

where N, and N, are the total number of receivers and trace length,
C, is the data covariance matrix and |.| represents the determinant of
the matrix. J(m) = Y| ij;l Ad; ;(m)" C;' Ad; j(m)is the data
misfit function (Mahalanobis 1936) with the data residual Ad(m)
defined as a difference between synthetic data dy, and observed
data d s, such that Ad(m) = dgy, — d . With this definition, we
can link the gradient of the potential energy computed in the HMC
(eq. 7) to the gradient of the data misfit function computed in FWI.
Similarly, we define the prior probability as,

1 o (_Jm(m))
N A

where V., is the number of model parameters and C,, is the model
covariance matrix of the form C,, = (7”27 I, with o, representing the
model standard deviation. J,,(m) = (m — m,)" C,,'(m — mg)/ N,
is the model misfit function between the current m and initial m,

model.

P(m) =

(10)

2.4 Numerical implementation

The numerical strategy of HMC requires the computation of proba-
bility distributions and can be reduced to solving the forward prob-
lem for the computation of the synthetic data and gradients of the
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misfit function, similar to the conventional FWI. The numerical
modelling in this study uses a time-domain solution of the 2-D
elastic wave equation discretized in a fourth-order adaptation of
the staggered-grid finite difference approximation of the velocity
and stress fields (Virieux 1986; Levander 1988) to perform laterally
homogeneous (1-D) updates of the velocity model. We actively up-
date the P-wave velocity (V) and update the S-wave velocity (V)
and density using empirical relationships with V,, (Hamilton 1978;
Castagna et al. 1985; Fliedner ef al. 1998).

From eq. (4), we can compute the gradient of potential energy
as half of the summation of gradients of the model and data misfit
function. Computation of gradients of the data misfit function is
performed using the adjoint-state method by combining the forward
and adjoint wavefield using time-reversed signals of the adjoint
source (Liu & Tromp 2006; Plessix 2006; Fichtner ez al. 2006).

2.5 Tuning parameters and tempered HMC variant

The performance of HMC depends upon a careful selection of tun-
ing parameters for convergence and quantification of the posterior
distribution. These tuning parameters include leapfrog steps, step
size and an appropriate estimate of the mass matrix. Numerical
integration with a considerable step size impedes the conservative
property of the Hamilton’s equations, resulting in lower acceptance
rates (Neal et al. 2011; Betancourt 2017). Therefore, a suitable
value of step size € is empirically chosen to reduce numerical inac-
curacies and drift arising due to the discretization of the Hamilton’s
equations.

The mass matrix is another tuning parameter which plays a cru-
cial role in the convergence of the HMC algorithm and embodies
propagation properties of the momentum vector in sampling new
models from the model space. Hamilton’s equations can be trans-
formed into a second-order ordinary differential equation (ODE)
of an undamped harmonic oscillation of the position vector under
an external force. Solving this ODE for uniform oscillations of the
position (model) vector components to efficiently sample the model
space gives an estimate of the mass matrix as an inverse posterior
covariance (Fichtner et al. 2019) such that,

2
M] , (11)

M= [Cm' +—
where the term 92.J,(m)/dm? represents the Hessian computed at a
given model m. Due to the computational limitations in generating
and storing Hessian at every specific intervals, a first-order esti-
mation of Hessian is generated through the gradients of the misfit
function for the computation of the mass matrix.

The tempering of a probability distribution is a process of rescal-
ing an optimization function (Sambridge 2014). It can drastically
increase the performance of an MCMC method by better sampling
the flattened PPD. Gaussian-based distributions are very prone to
tempering as their values are directly proportional to the size of vari-
ables. As such, this rescaling can become crucial, especially in real
data applications where the original Gaussian-derived probability
distributions can become highly variable, even for a minor change
in the model parameters. A tempered probability distribution over
an original posterior distribution can be written as

Pr(m | doss) = P(m | dows)''" o< P(m)"!" P(dogos | m)"'7, (12)

where T is the temperature of the tempered distribution and can
be applied separately to individual probability distributions (Sam-
bridge 2014). The initialization of HMC in this study is based on a

HMC based elastic FWI 1387

methodology adapted from the works of Fichtner & Zunino (2019)
and Fichtner ez al. (2021) in sampling states of an effective nullspace
around the converging solution of the tempered likelihood distribu-
tion by defining a certain tolerance bound within a range of the
decreasing Hamiltonian.

The expanded discretization of the Hamilton’s equations can pro-
vide details of the sensitivity of a randomly drawn momentum vector
and data misfit gradient on the model updates, where the sensitivity
of the random momentum vector and gradient are proportional to
eM~" and €2M~'/2 (Fichtner & Zunino 2019). While the large
number of leapfrog steps in HMC can be optimized to generate less
correlated samples, the computational requirements limit its value
in this study to only L = 1 or 2. Here, we have used L = 1 on a
test basis for both the synthetic and real data applications. Based
on this value, the step size is empirically chosen in the range € €
(0.01, 0.1) with the maximum value in the mass matrix equal to 1.
These parameters ensure an extensive sampling of the model space
over the total number of samples varying between 3500 and 5000
based on the allocated cluster resources. Tuning of the step size is
implemented through the variation of acceptance rate and is defined
as a product of a€ yigina, Where « is a ratio of acceptance rate av-
eraged over the empirically chosen 25-50 samples with an optimal
acceptance rate kept at 65 per cent.

3 SYNTHETIC TESTS

For the sake of simplicity, we will abbreviate HMC based elas-
tic FWI with just HMC in the following sections. These synthetic
studies aim to test the performance and applicability of the HMC
against the conventional FWI in addressing non-linearities in wide-
angle seismic data due to sharp velocity contrasts in the velocity
models. For this objective, we conduct synthetic tests with two 1-D
isotropic shallow velocity models representing acquisition geome-
tries of small-scale wide-angle seismic data. We use a Ricker source
wavelet with a dominant frequency of 6.5 Hz to compute the syn-
thetic data. The marine acquisition geometry for both tests uses a
single source at a depth of 20 m with a total of 290 receivers spaced
equidistantly at an interval of 30 m at 30 m depth in an end-on
spread with a minimum source-receiver distance of 50 m (Fig. 1).
The real seismic data are emulated by adding a Gaussian random
noise with standard deviation, o s €qual to 25 per cent of the mean
amplitude. We have used the data covariance as an identity matrix of
the form C; = 021, with a constant noise variance o7 = 1. Given
the cluster resources, the inversion is performed on ~20 indepen-
dent Markov chains for around 5000 samples with different values
of mass matrix and step size to obtain the optimum model.

3.1 Test-1: 1-D three layered velocity model

The first test is performed on a three-layered 1-D velocity model
(Fig. 1b) to assess the applicability of HMC in inverting seismic
data around the critical angle (Fig. 2a). The true model is 10.0 km
long and 2.0 km deep, with the seabed at 0.2 km depth. It consists
of two sharp interfaces at 0.2 km and 1.0 km depths with layer
velocities of 2.0 kms~! and 3.0 km s~!. The initial model (Fig. 3a,
green) follows the true model up to 0.4 km depth. Below this depth,
it increases linearly from a velocity of 2.0 kms™! at 0.4 km depth
to 3.2 kms~! at 2.0 km depth with a constant velocity gradient. The
model is discretized at 0.01 km x 0.01 km grid interval leading
to a total model dimension of 1000 x 200 gridpoints. The offsets
between 1.8 km and 6.0 km are used for the inversion, with a
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Figure 1. (a) 2-D laterally homogeneous model (Test-1), and the 1-D representations of (b) Test-1 and (c) Test-2. The star (white) represents a single source at
a depth of 20 m, and triangles (yellow) represent receivers placed at an equidistant interval of 30 m at 30 m depth.
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Figure 2. (a) Resulting seismic data (normalized) from the 1-D velocity model (Fig. 1b) with the selected data enclosed within the red box. (b) Comparison
of the observed (black) and initial (red) seismic data, with the black box enclosing the data with the major residual difference (observed - synthetic). The inset
plot shows the blow-up of the observed (black) and initial (red) seismic data at 3.1 km and 4.8 km offsets.
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Figure 3. Result of a three-layered velocity model (black) with an initial velocity model (green) for inverting seismic data with (a) FWI (blue) and (c) HMC
mean (red) with the yellow fill representing an interval of three standard deviations. Panels (b) and (d) shows the respective variation of data misfit function of

FWI and HMC chains with increasing iterations and samples.

critical angle offset around 2.5 km. Fig. 2(b) shows the comparison
of the observed (black) and initial synthetic (red) data from the
true and initial velocity models. The initial synthetic data show an
absence of refractions from the third layer due to a constant velocity
gradient. Assuming the velocity model up to the 0.4 km depth is
known, we perform 1-D model updates from 0.4 km to 2.0 km depth
containing 160 ¥, model parameters for both FWI and HMC. The
prior distribution is a Gaussian distribution (eq. 10) with a broad
model standard deviation o, of 1.0 km s~! for efficient sampling of
the model space performed through multiple independent chains.
Fig. 3(a) shows the result of FWI (blue), and Fig. 3(c) shows the
converged solution of HMC with the mean (red) and an interval of
three standard deviations (yellow). The variation of data misfit as
a function of iterations and samples for FWI and HMC are shown
in Figs 3(b) and (d), respectively. From these figures, we observe
that the final data misfits for both inversions are similar, but there
is a difference in the inverted velocity models below 1.2 km depth,
which indicates the presence of local minima. FWI converges to
a local minimum, as it cannot completely recover the velocity in

the third layer. The application of HMC provides better results than
FWI by recovering both the long and short-wavelength structures
of the velocity model, with partial recovery of the third layer due
to minimal gradient information present in the observed seismic
data. Comparison of the observed (black) and synthetic (red) data
for both FWI and HMC are shown in Figs 4(a) and (b), with the
enclosed black box showing the large data residuals for the result
of FWI compared to HMC.

3.2 Test-2: 1-D complex velocity model

We performed the second test on a 1-D complex velocity model
(Fig. 1c) to determine the applicability of HMC in inverting the
seismic data (Fig. 5a) with three different initial velocity models.
The true model is 10.0 km long and 3.5 km deep, with the seabed
at 0.45 km depth, and contains three major sharp interfaces around
0.52 km, 1.5 km and 2.3 km depths. The initial models (green, blue,
magenta; Fig. 6a) follow the true model up to the depth of 0.52 km.
Below this depth, the velocities increase linearly to 4.0 kms™!
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Figure 4. Comparison of the observed (black) and synthetic (red) seismic data from the inversion results (Fig. 3) of (a) FWI and (b) HMC. The enclosed black
box shows the seismic arrivals from the third velocity layer with the major residual difference present in FWI compared to HMC. The inset plot in (a) and (b)

shows the blow-up of the observed (black) and synthetic (red) seismic data from FWI and HMC at 3.1 km and 4.8 km offsets.
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Figure 5. (a) Resulting seismic data (normalized) from the 1-D velocity model (Fig. 1¢) with the selected data enclosed within the red box. (b) Comparison
of the observed (black) and initial (red) seismic data from the true and initial velocity Model 3, with the black box enclosing the data with the major residual
difference. The inset plot shows the blow-up of the observed (black) and initial (red) seismic data at 4.8 km and 6.2 km offsets.
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Figure 6. (a) Initial velocity models used for the inversion of the seismic data from the complex layered velocity model (black). Different starting models are
highlighted with different colours. (b) Results of FWI on the seismic data from the three initial velocity models shown in (a). Mean (red) of HMC after inverting
the seismic data from the initial velocity Model 1 (c), Model 2 (d) and Model 3 (e) with the yellow fill representing intervals of three standard deviations. The

results of FWI are shown in blue.

(Model 1),4.5kms~! (Model 2) and 5.0 km s~! (Model 3) at 3.5 km
depth. The offsets used for the inversion of the seismic data are from
2.0 km to 7.0 km, with the critical angle offsets around 2.3 km and
3.7 km from the second and third layer high-velocity contrasts.
Fig. 5(b) compares the observed (black) and initial synthetic (red)
data from the true and initial velocity Model 3. We use the same
grid interval as the previous test, leading to a total model dimension
of 1000 x 351 gridpoints. The 1-D model updates are performed
from 0.45 km to 3.5 km depth containing 306 ¥, model parameters
for both the FWI and HMC, with a model standard deviation of
1.0 kms~! for sampling the model space through ~20 independent
chains.

Fig. 6(b) shows the result of FWI for Model 1 (green), Model
2 (blue) and Model 3 (magenta) and Fig. 7(a) shows the variation
of their data misfit as a function of iterations. Figs 6(c), (d) and (e)
show the solutions of HMC with a mean (red) and three standard
deviations (yellow) for Model 1, 2 and 3, respectively. The variation
of their data misfit as a function of increasing samples is shown in
Figs 7(b), (c) and (d). The results of FWI of the seismic data from
Model 1 and Model 2 show only a partial recovery of the true ve-
locity model (Fig. 6b). In contrast, the FWI of the seismic data from
Model 3 does not converge due to a significant difference between

the initial and true velocity model. The HMC, on the other hand,
provides a much better solution than the FWI for all three velocity
models and recovers both short and long-wavelength structures of
the true velocity model, especially in the case of Model 3, where the
FWI gives a very poor result. The comparison of observed (black)
and synthetic (red) data from the solution of the FWI (Fig. 8a) and
HMC (Fig. 8b) of Model 3 confirms this observation. These results
indicate a degree of independence of the HMC on the initial velocity
model for the convergence to an optimum model.

4 APPLICATION OF THE HMC TO
WIDE-ANGLE OBS DATA

The results of synthetic tests show the potential of the HMC in
inverting seismic data sets with critically reflected arrivals. Here we
present the application of the HMC to ocean bottom seismometer
(OBS) data from the Atlantic Ocean.

4.1 Study area and OBS data set

We use the OBS data that was acquired during the 2018 ILAB-
SPARC seismic survey (Marjanovi¢ et al. 2020; Growe et al.
2021) in the Atlantic Ocean over the crust formed at the
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Figure 7. (a) Variation of the data misfit functions with increasing iterations of FWI on the seismic data from the initial velocity models (Fig. 6a). Variation of

data misfit function with increasing samples of HMC (red) on the seismic data from the velocity (b) Model 1, (¢c) Model 2 and (d) Model 3.
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Figure 8. Comparison of observed (black) and synthetic (red) seismic data from the inversion results of (a) FWI and (b) HMC on Model 3 shown in Fig. 6.
The black box encloses the data with the major residual difference present in FWI compared to HMC. The inset plot in (a) and (b) shows the blow-up of the
observed (black) and synthetic (red) seismic data from FWI and HMC at 4.8 km and 6.2 km offsets.

slow-spreading Mid Atlantic Ridge (MAR) with a full spreading
rate of ~46 mmyr~! (Miiller et al. 2008; Seton et al. 2020). An
approximately 855 km long N-S seismic profile running parallel to
the MAR at 18°W was shot with a total of 50 OBSs deployed at
an average interval of 14.2 km to record wide-angle seismic data
covering 8-70 Ma crust (Wang & Singh 2022; Fig. 9a). An air gun
array consisting of 16 guns with a total volume of 4999 cubic inches
was towed at 10 m depth below the sea level and shot at an approx-
imate interval of 297.9 m (Fig. 9c). Our study area is located over a
70 Ma crustal segment at 2°N, 18°W (Fig. 9b).

We perform first-arrival traveltime tomography using the inver-
sion methods of Van Avendonk ef al. (1998, 2004) to obtain a
long-wavelength P-wave velocity structure of the subsurface that
could serve as an initial velocity model for the waveform inversion.
Before performing any operation, the OBS records were corrected
for drift due to the oceanic currents and repositioned for the shots
and OBSs locations (Marjanovic et al. 2020; Wang & Singh 2022).
The data were bandpass filtered from 3 Hz to 10 Hz to enhance the
signal-to-noise ratio with a dominant frequency between 5 Hz and
7 Hz. We picked around 2500 first arrivals (Pg, Pn) from OBS 1 to
OBS 11 and assigned an empirically picking uncertainty of 30 ms
and 50 ms to the Pg and Pn arrivals, respectively, based on the qual-
ity of the data and visual inspection of errors present in OBSs and
shots locations, bathymetry, ray path computations and the picking
errors (Wang & Singh 2022). The traveltime is computed using the
shortest ray path method (Moser 1991), where the model is dis-
cretized at a uniform horizontal and vertical grid spacing of 300
m and 60 m. The inversion is performed using an LSQR method
(Paige & Saunders 1982) by iteratively minimizing the cost function
defined by the traveltime residuals and picking uncertainties up to
a pre-defined threshold value by updating the slowness model with
the smoothing and damping constraints to avoid the generation of
artefacts. The starting model is constructed by generating a smooth
1-D velocity profile of the slow-spreading MAR (White et al. 1992;
Grevemeyer et al. 2018; Christeson ef al. 2019) and hung below

the basement to generate a smooth 2-D velocity model. We used a
top-down inversion strategy to obtain a smooth 2-D velocity model
from tomography by inverting the traveltime of Pg arrivals fol-
lowed by joint inversion of the traveltimes of Pg and Pn arrivals
(Fig. 10b). The initial 2-D model for FWI was obtained from the
tomography model after covering the regions with no ray coverage
(Fig. 10c).

The OBS data in this study is taken from a profile north of the
St. Paul fracture zone between OBS 5 and OBS 2, marked with
the black rectangle on the bathymetric map (Fig. 9). The average
seabed depth in the study area is ~4.84 km, and the sediment
thickness slightly increases from ~595 m at OBS 5 to ~775 m at
OBS 2, with an average thickness of ~582 m (Fig. 10a). The OBS
data is bandpass filtered from 3 Hz to 6 Hz for a numerically stable
inversion on a uniform grid spacing of 49.65 m with a 3 ms time
sampling rate. A 3-D to 2-D correction for geometrical spreading
is applied to the processed data by multiplying the amplitudes of
the observed data by the square root of the two-way traveltime and
convolving with the inverse square root of the two-way traveltime
to correct for deviations in the resulting phase and amplitude (Pica
et al. 1990; Shipp & Singh 2002).

We specifically use the seismic data of OBS 2 and OBS 5 to test
the application of the HMC in estimating the 1-D approximation of
the velocity structure. The two OBSs are separated by 42.6 km. The
Pg arrivals on the left-hand side of OBS 2 are observed from 7.65 km
to 22.56 km, PmP reflections from 20.18 km to 27.34 km, and Pn
arrivals from 25.85 km to 41.66 km (Fig. 11b). The Pg arrivals on
the right side of OBS 5 are observed from 6.01 km to 24.21 km,
PmP reflections from 22.42 km to 32.86 km and Pn arrivals from
24.51 km to 40.92 km (Fig. 11a). We observe a slight increase in
the slope of the Pn arrivals as we move north to south from OBS 2
to OBS 5 and have chosen the data from 9.5 km to 42 km offset in a
time window of 0.60 s from the arrival time picks. For the inversion
of real seismic data, we require a balancing of amplitudes between
the observed and synthetic data for a correct computation of data
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Figure 9. (a) Bathymetric map of the ILAB-SPARC seismic survey over an 8—70 Ma crust in the equatorial Atlantic Ocean marked with a red star on a globe
inset. The seismic profile is shown with a blue line around 18°W, with every tenth OBS marked with a red triangle. (b) The black rectangle shows the area used
in this study for the application of HMC on OBS 2 and OBS 5, marked with red triangles. (c) The plot of the shot intervals (black) and their average (red) from
shot point 1986 (35 km south of OBS 10) to 2589 (16.8 km north of OBS 1) of the ILAB-SPARC seismic survey with shot points 2343 and 2486 aligned with

the position of OBS 5 and OBS 2 on the seabed.
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Figure 10. (a) Variation of the seabed and basement in the study area. (b) The velocity model from the first-arrival traveltime tomography. The MTZ is
defined between the solid and dashed white line representing the velocity contours of 7.2 kms~! and 7.8 kms~!. (c) The modified initial velocity model after
covering the low-velocity anomalies below the MTZ with no ray coverage. The inverted triangles represent the location of OBS on the selected section of
the ILAB-SPARC seismic survey. The grey arrow shows the S—N direction of increasing model distance with the origin at OBS 5. The green and red bands
represent the regions used for inverting the seismic data of OBS 5 and OBS 2, marked with green and red inverted triangles, respectively.

misfit and its gradients. We perform this operation by normalizing
the synthetic and observed data with their maximum amplitudes in
the offset range from 9.5 km to 42 km.

We estimated the source wavelet by extracting the direct wave
arrivals of OBS 1 to OBS 10 in the near offsets range from —0.6 km

to 0.6 km. Then, these arrivals are corrected for normal moveout
using a constant water velocity of 1.5 kms~! and aligned together
to generate the stacked trace. The stacked trace is bandpass filtered
from 3 Hz to 6 Hz, and a source wavelet of ~0.75 s interval is
extracted to avoid contamination from the sedimentary layers. This
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Figure 11. Seismic data gather of (a) OBS 5 (right-hand side) and (b) OBS 2 (left-hand side) with marked Pg (red), PmP (green) and Pn (blue) seismic arrivals.

source wavelet is verified by comparing the synthetic and observed
data at near offsets.

We performed seismic modelling on a 45.0 km long and 14.0 km
deep velocity model discretized at a uniform grid spacing of
49.65 m, leading to a total model dimension of 907 x 282 grid-
points. We used a data covariance matrix based on an exponential
correlation law (Bodin et al. 2012) with a constant noise variance
o2 =1 and a correlation factor of 0.25 to account for sparse ac-
quisition geometry with a receiver interval of 297.9 m. A tempered
likelihood with temperatures 7' € [20 — 100] is used to flatten
the variable likelihood function to increase the efficiency rate of the
HMC. The prior distribution is a Gaussian distribution (eq. 10) with
a model standard deviation o, of {750, 1000} ms~! for sampling
the model space through 20-30 independent chains.

4.2 Results

We use the 1-D initial velocity model (Fig. 13a, black) extracted
by averaging the 2-D velocity model from 3.0 km to 10.0 km
left of OBS 2. Figs 12(a) and (b) show the comparison of ob-
served (black) and synthetic (red) seismic data from the initial
velocity model and the data residuals. We performed the HMC
to estimate the model parameters from ~5.5 km to 14.0 km
depth containing 171 ¥V, model parameters, keeping the rest of the
model above unchanged. Fig. 13(b) shows the results of the HMC
mean (red), three standard deviations (yellow) and the maximum a
posteriori (MAP) estimate (cyan) with the maximum probability.
Fig. 13(c) and (d) show the variation of the posterior probability of
each chain and its normalized data misfit function with increasing
samples.

The result of HMC provides a good fit to the observed data,
as can be seen from the comparison of the observed (black) and
synthetic (red) seismic data (Fig. 14a) from the estimated mean
and the data residuals (Fig. 14b). The mean velocity model shows
a layered structure, marked by changes in velocity gradients. The
thickness of these layers varies from ~500 m to ~1000 m. As the
frequency bandwidth of the seismic data is from 3 Hz to 6 Hz, the
thickness of these layers corresponds to half of the wavelength of
these frequencies in the crust and upper mantle (Virieux & Operto
2009). An increasing gradient around 10 km depth till the maximum
velocity of 7.8 kms™! indicates ~0.7 km thick MTZ. We further
discuss the details of this result in the next section.

Fig. 16(a) shows the initial 1-D velocity model (black) for OBS
5 extracted by averaging the 2-D velocity model from 3 km to
10 km right of OBS 5. Figs 15(a) and (b) show the comparison of
observed (black) and synthetic (red) data from the initial velocity
model and the data residuals. Following the same strategy used in

inverting OBS 2, we performed the HMC to estimate the model pa-
rameters from ~5.5 km to 14.0 km depth containing 173 V, model
parameters, keeping the rest of the model unchanged. Fig. 16(b)
shows the results of the HMC mean (red) with three standard de-
viations (yellow) and the MAP estimate (cyan). Figs 16(c) and (d)
show the variation of the posterior probability of each chain and its
normalized data misfit function with increasing samples.

Figs 17(a) and (b) show the comparison of the observed (black)
and synthetic (red) seismic data from the estimated mean and the
data residuals. The resulting mean velocity model shows a slight
decrease in the velocity in both the upper and lower crust from ~6.3
km to ~9.8 km depth compared to the initial velocity model and
a smooth variation of velocity around the MTZ from 10.1 km to
11.2 km depth, indicating ~1.1 km thick MTZ.

5 DISCUSSION

While the estimated mean and standard deviation are used to char-
acterize the centre and spread of model parameters in the sampled
posterior distribution, HMC can also provide additional information
on the statistical distribution of the model parameters. This informa-
tion can be obtained from a scatter plot matrix of model parameters,
where the diagonal plots showing the 1-D marginal distribution of
model parameters provide information on the multimodality of the
model parameters, and the off-diagonal plots showing 2-D marginal
distribution provide information on the distribution and correlation
of two model parameters at different depths. The scatter plot matrix
computed from the posterior distribution of OBS 5 (Fig. 19b) shows
an approximated Gaussian distribution of the model parameters in
the diagonal plots. Conversely, the presence of multiple peaks on
the diagonal plots of the scatter plot matrix for OBS 2 (Fig. 19a)
indicates deviation from the assumed Gaussian distribution of the
PPD. The off-diagonal plots of both matrices show a complex distri-
bution, indicating the non-linear relationship of model parameters
with each other. This variation can also be observed from a joint dis-
tribution plot of velocities of OBS 5 (Fig. 20b) and OBS 2 (Fig. 20a)
at depths of 8.0 km and 10.0 km, marking a shift from an approx-
imated Gaussian to a non-Gaussian distribution of the posterior
samples. The deviation from the Gaussian distribution of velocities
observed in these plots could result from the computationally con-
strained sampling of the model space affecting the convergence of
the Markov chains, as discussed in the later paragraph. Alternatively,
it could also result from complex trade-offs of model parameters
in the PPD, arising from the non-uniqueness of the inversion prob-
lem, the limited data window used for inversion, and the laterally
homogeneous assumption of the 2-D velocity model used in this
study.
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Figure 12. (a) Comparison of the observed (black) and the synthetic (red) seismic data from the initial velocity model of OBS 2 and (b) the data residuals
plotted with an increasing data offset in the N—S direction. The black box marks the data with large data residuals. The inset plot in panel (a) shows the blow-up
of the observed (black) and synthetic (red) seismic data at 13 km and 24 km offsets.
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Figure 13. (a) Plot of random models sampled on every independent chain. (b) Mean velocity model (red) and three standard deviations (yellow) from the
HMC of the OBS 2 data and the MAP estimate (cyan). (c) Variation of the posterior probability of each chain and (d) its normalized data misfit function with
increasing samples.
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Figure 14. Comparison of the observed (black) and synthetic (red) seismic data from (a) the estimated mean of the HMC on OBS 2 data and (b) the data
residuals plotted with an increasing data offset in the N-S direction. The black box marks the data with a significant decrease in the data residual. The inset
plot in (a) shows the blow-up of the observed (black) and synthetic (red) seismic data at 13 km and 24 km offsets.
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observed (black) and synthetic (red) seismic data at 17 km and 22 km offsets.
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Though the first arrivals of the final synthetics at both OBSs fit deviations from the result of the HMC for OBS 2 and OBS 5. The

the observed data (Figs 14 and 17), the presence of comparatively mean velocity model in the part of the upper crust up to ~7.7 km
large misfits of the later arrivals in the time window of 0.6 s suggests depth shows a slightly higher velocity from OBS 5 than the velocity
a degree of lateral heterogeneity present in the velocity model. Also, from OBS 2. Below this depth, the velocity from OBS 5 is ~0.50
the structures in the MTZ and upper mantle for both OBS 2 and OBS kms™' to 0.75 kms™' lower than that from OBS 2. Furthermore,
5 are constrained by the PmP and Pn seismic arrivals at offsets of the velocity depth profile shows more layered structures from OBS
>20 km and are limited in resolution with the frequency bandwidth 2 than those observed from OBS 5. These differences could be due
of the data from 3 Hz to 6 Hz. Therefore, the 1-D approximations to the mapping of 2-D structures into two 1-D models that are 20—
of a 2-D velocity model at both OBSs should be interpreted with 30 km apart. Assuming an increase in velocity gradient around the

caution. Fig. 18 shows the mean velocity models and three standard 10 km depth from 7.2 kms~! to a maximum velocity of 7.8 km s™!
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Figure 16. (a) Plot of random models sampled on every independent chain. (b) Mean velocity model (red) and three standard deviations (yellow) from the
HMC of the OBS 5 data and the MAP estimate (cyan). (c) Variation of the posterior probability of each chain and (d) its normalized data misfit function with

increasing samples.
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Figure 17. Comparison of observed (black) and synthetic (red) seismic data from (a) the estimated mean of the HMC on OBS 5, and (b) the data residuals
plotted with an increasing data offset in the S—N direction. The black box marks the data with a significant decrease in the data residuals. The inset plot in (a)
shows the blow-up of the observed (black) and synthetic (red) seismic data at 13 km and 24 km offsets.
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Figure 18. Blow-up of the result of the HMC from OBS 2 (purple) and
OBS 5 (green) with a mean velocity model and three standard deviations.

as the MTZ, the thickness of the MTZ would be ~1.1 km for OBS
5 and ~0.7 km for OBS 2, leading to a crustal thickness of ~5.1 km
for OBS 5 and ~4.3 km for OBS 2. The higher velocity up to 7.7 km
depth and the monotonous increase of velocity in the upper crust
for OBS 5 might be related to ultramafic cumulates or an increase in
serpentinization with depth. This interpretation would be consistent
with a thick MTZ and a lower upper mantle velocity (7.8 kms™).
For OBS 2, the uppermost high-velocity gradient layer down to
~6.2 km depth might represent Layer 2A. The slightly low-velocity
gradient layer down to ~7.7 km depth might be due to the dike
sequence and represent Layer 2B. The high-velocity gradient layer
between ~7.7 km and ~8.4 km depth could be a transition from
dike to gabbro. The nearly constant velocity below this depth down
to the MTZ might be Layer 3 (gabbro).

Structures with alternate high and low-velocity layers have been
observed by Guo et al. (2022) and interpreted as a result of in
situ crystallization of the melt in the lower crust. However, we do
not observe such structures, possibly due to the 1-D approximation
used here. Below the MTZ, the velocities of ~8.3 kms~! are rather
high for a normal mantle velocity. The high mantle velocities of
~8.3 kms~! were also observed by Vaddineni ef al. (2021) and
interpreted as a low degree of melting. In the upper mantle, both
OBS results indicate the presence of low-velocity structures, which
could be due to layering in the mantle or artefacts. However, the
velocity structure for OBS 2 indicates that the crust is likely formed
by a magmatic process (Wang & Singh 2022). These results can
be further improved with a better probabilistic 2-D FWI of the
OBSs while considering the lateral heterogeneity of the velocity
model.

The numerical workflow of the HMC gives it an edge in gen-
erating less correlated samples with increasing dimensionality of
the inverse problem. The computation time for generating a sta-
tistically independent sample in the HMC grows as a power of
n** compared to n? in the standard Metropolis—Hastings algorithm
(Neal et al. 2011) for n-dimensional parameters. To maintain this
edge, tuning parameters play a crucial role in the efficiency and con-
vergence of the HMC. The main computational cost of the HMC
comes from the gradients computed L + 1 times over a trajectory
length of Le in every iterative workflow. This restriction severely
limits the number of leapfrog steps for an efficient implementation
of the algorithm. We performed numerical computations using the
S-CAPAD/DANTE platform at IPGP with a single node consisting
of 32-64 CPUs, each having 2/4 GB of memory and used L = 1 to
maintain the computational efficiency of the HMC. Thus, the step
size and the mass matrix are the only tuning parameters used in this
study. The computational time of the HMC with leapfrog steps L =
1 for the synthetic test-1 and test-2 with model dimensions of 1000
x 200 and 1000 x 351 gridpoints, and 160 ¥V, and 306 V, model
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13.0 km. The diagonal plots show the 1-D marginal distribution of model parameters, representing the multi-modality of the solution. On the other hand,
off-diagonal plots represent the 2-D distribution of model parameters at different pairs of depths, with darker shades indicating increasing density of the

sampled model parameters.
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Figure 20. Joint distribution plots of (a) OBS 2 and (b) OBS 5 showing the deviation from the assumed Gaussian distribution of the PPD at depths of 8.0 km
and 10.0 km. Red lines mark the mean velocities, while darker shades indicate increasing density of sampled velocities at the selected depths.

parameters takes ~56 hr and ~98 hr for sampling around 5000
models. In contrast, the computational time of FWI in test-1 and
test-2 takes ~25 min and ~45 min for a total of 90 iterations. Sim-
ilarly, the HMC of both OBS data sets with model dimensions of
907 x 282 gridpoints and 171 V, and 173 V), model parameters
takes 48 hr to sample around 3500-5000 models.

The value of step size € is empirically chosen based on factors
of model updates associated with generating the random momen-
tum variable and misfit gradient. We tune it at specific intervals

to maintain an appropriate acceptance rate. The remaining tun-
ing parameter, M (mass matrix), is inversely proportional to the
sensitivity of the momentum vector in generating random veloc-
ity models by sampling new states along the particle trajectory.
Therefore, effectively tuning the mass matrix can improve the con-
vergence rate by increasing the range of model updates sampled
in the HMC. Here, we have computed the diagonal mass matrix
at regular intervals using the first-order estimation of the inverse
posterior covariance and kept the maximum value of the mass
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Figure 21. Sample autocorrelation plot of a specific individual chain of HMC for (a) OBS 2 and (b) OBS 5 averaged over all model parameters. The individual
lines represent the average autocorrelation coefficients computed between the mentioned model parameters.

matrix to 1.0, corresponding to the minimum permissible model
updates.

To assess the convergence of multiple chains, we computed the
autocorrelation (Geyer 1992; Gelman et al. 2013) of the model
parameters from the sampled PPD. In the context of MCMC, auto-
correlation is a measure of independent samples and is indicative of
the efficiency of the MCMC chain over an expansive model space.
For this purpose, the effective sample size (N.g) reflects the number
of statistically independent samples present in the sampled posterior
distribution and is estimated as

N

S — 13
1+23700 o(y) (9

Neff

where N is the total number of samples and p(y) is the normalized
autocorrelation function, computed as c(y )/c(0) for the autocorrela-
tion ¢(y) at a sample lag y. Here, we have computed the autocorre-
lation of model parameters of an individual chain from the posterior
samples of OBS 2 (Fig. 21a) and OBS 5 (Fig. 21b) starting from
sample 500. We estimated the ratio of N.y/N as a representative
of uncorrelated samples present in the PPD by summing the nor-
malized autocorrelation function p(y) up to the lag where its first
successive summed value becomes negative (Gelman ez al. 2013;
Fichtner er al. 2021). The average value of this ratio over the group
of model parameters in our study varies from ~0.005 to ~0.02,
indicating the presence of statistically one independent sample for
every ~50 to ~200 samples.

The results of the HMC on the synthetic and OBS data show its
advantage in adequately sampling the posterior distribution. Com-
pared to the FWI, the HMC shows considerable independence on the
initial velocity model. We have, however, not explored the extent
of this independence on the initial velocity models. For practical
purposes, the construction of PPD in this study uses the Gaus-
sian probability distributions to sample the model and momentum
variables and to determine the multivariate Gaussian likelihood
function. These distributions are prone to tempering and might cre-
ate a bias in the resulting PPD. Using the probability distributions
based on more robust norms of kinetic energy (Livingstone et al.
2019) and appropriate data misfit functions (Luo & Schuster 1991;
Brossier et al. 2010; Bozdag et al. 2011; Métivier et al. 2016) can
increase the efficiency of the HMC. The constraints posed by the
computational resources play a critical role in the extensive applica-
bility of the algorithm and tuning strategies used in this study for the
inversion of the observed seismic data using 1-D velocity models.
However, the increased efficiency of the HMC with larger dimen-
sional problems indicates its future potential in quantifying 2-D

and 3-D laterally heterogeneous structures with a better numerical
framework and high-performance computational facilities.

6 CONCLUSION

FWI of the wide-angle seismic data in the presence of a high-
velocity contrast (e.g. MTZ) is prone to converge to local minima
due to the complex behaviour of reflection coefficients starting from
the critical angle. The additional interference of different seismic
arrivals and the inherent errors in the recorded seismic data in-
crease the non-linearity of the inverse problem. In this study, we
have presented the practical results of HMC based elastic FWI of
wide-angle seismic data for understanding the nature of the lower
crust and MTZ over a 70 Ma crustal segment in the equatorial At-
lantic Ocean. The application was successfully tested against the
limitations of FWI with the inversion of synthetic seismic data sets
from two groups of 1-D velocity profiles using a time-domain finite
difference solution of the 2-D elastic wave equation. The efficiency
of the HMC in this study depends on an appropriate tuning strat-
egy of the diagonal mass matrix and the empirically chosen step
size limited by the computational constraints of the leapfrog steps
L=1.

The application of HMC to OBS data from the equatorial Atlantic
Ocean indicates the presence of a ~1.1 km thick MTZ for OBS
5 and ~0.7 km thick MTZ for OBS 2. The presence of a high
velocity in the upper crust, uniform and lower velocity in the crust
and relatively low velocity in the mantle, combined with a thick
MTZ from OBS 5, suggests a gabbroic or partially serpentinized
crust with MTZ probably composed of ultramafic cumulates with a
certain degree of serpentinization. On the other hand, the presence
of layered structures in the crust, overall high velocities in the crust
and upper mantle and a relatively thin MTZ from OBS 2 suggest
that the crust is formed by a magmatic process.
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