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Normalized nonzero-lag crosscorrelation elastic full-waveform inversion

Zhendong Zhang1, Tariq Alkhalifah1, Zedong Wu1, Yike Liu2, Bin He2, and Juwon Oh3

ABSTRACT

Full-waveform inversion (FWI) is an attractive technique
due to its ability to build high-resolution velocity models.
Conventional amplitude-matching FWI approaches remain
challenging because the simplified computational physics used
does not fully represent all wave phenomena in the earth.
Because the earth is attenuating, a sample-by-sample fitting of
the amplitude may not be feasible in practice. We have devel-
oped a normalized nonzero-lag crosscorrelataion-based elastic
FWI algorithm to maximize the similarity of the calculated and
observed data. We use the first-order elastic-wave equation to
simulate the propagation of seismic waves in the earth. Our
proposed objective function emphasizes the matching of the

phases of the events in the calculated and observed data, and
thus, it is more immune to inaccuracies in the initial model and
the difference between the true and modeled physics. The
normalization term can compensate the energy loss in the far
offsets because of geometric spreading and avoid a bias in
estimation toward extreme values in the observed data. We
develop a polynomial-type weighting function and evaluate
an approach to determine the optimal time lag. We use a syn-
thetic elastic Marmousi model and the BigSky field data set to
verify the effectiveness of the proposed method. To suppress
the short-wavelength artifacts in the estimated S-wave velocity
and noise in the field data, we apply a Laplacian regularization
and a total variation constraint on the synthetic and field data
examples, respectively.

INTRODUCTION

Full-waveform inversion (FWI) is instrumental for building a
high-resolution model for the subsurface (Virieux and Operto,
2009). Conventional FWI attempts to match the waveforms of the
predicted data and those observed in the field in amplitude and
phase. However, it has inherent weaknesses in its application to
field data. The L2-norm objective function requires that the initial
model should be kinematically accurate; otherwise, the inverse
problem yields models corresponding to local minima when using
a gradient-based optimization. In practical situations, the initial
model cannot be guaranteed to generate kinematically accurate data.
There are several strategies to build a kinematically accurate initial
model: (1) Match the kinematic information in data or model do-
mains in a moveout analysis approach (Alkhalifah, 1997; Sun and
Alkhalifah, 2017), migration velocity analysis using differential
semblance optimization (Symes and Carazzone, 1991; Shen et al.,

2005), reflection-based waveform inversion (Xu et al., 2012; Wu
and Alkhalifah, 2015; Guo et al., 2017), or full traveltime inversion
(Luo et al., 2016). (2) Compare arrivals in a global sense (tomog-
raphy). The L2-norm objective function requires that the maximum
mismatch of the predicted and observed data should not exceed a
half-cycle for all events; otherwise, the adjoint source is cycle
skipped. The correlation-based objective function (Van Leeuwen
and Mulder, 2008, 2010; Routh et al., 2011; Choi and Alkhalifah,
2012; Chi et al., 2015; Wu and Alkhalifah, 2018; Zhang et al.,
2018a) or adaptive FWI (Warner and Guasch, 2014) can compare
the arrivals globally within a time window and in some cases are
free of cycle skipping. (3) Find a simplified representation of the
complex data. The philosophy is to find equivalent data that pre-
serve the key features of the original one but have fewer oscillations
in time. The optimal transport approach (Métivier et al., 2016; Yang
et al., 2016), the Fourier domain method (Solano et al., 2013), and
the skeletonized dispersion curve inversion (Zhang et al., 2015,
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2016) fall into this category. (4) Joint inversion. Using different
physical models as regularization can reduce the nonlinearity of the
inverse problem (Kang et al., 2016). Early-arrival traveltime and
waveform joint inversion are widely used in practical applications
of FWI (Zhang and Chen, 2014; Zhou et al., 2015). Besides, incor-
porating gravity, electromagnetic, and well information into regular
FWI is drawing more and more attention. As an amplitude-
matching method, the L2-norm objective function also requires that
the estimated source wavelet should have accurate magnitudes and
the observed data are free of noise. Besides, the real earth is at least
attenuative; neither acoustic nor elastic modeling method can pro-
vide accurate simulations of the waves in the earth. As a result,
phase- or traveltime-matching objective functions are more feasible
in the application.
Crosscorrelation-type objective functions emphasize matching

the phases of the predicted data and the observed data, and thus
they are insensitive to amplitude issues arising from the simplified
physics we use to represent the medium (Choi and Alkhalifah,
2012). Zero-lag crosscorrelation still has the potential to have local
minima. Van Leeuwen and Mulder (2008, 2010) introduce a non-
zero-lag crosscorrelation to make the objective function even more
convex and verify its effectiveness on transmission data. Wu and
Alkhalifah (2018) improve the nonzero-lag crosscorrelation ap-
proach by adding a normalization term and a selective operation to
make the objective function even more convex. Instead of selecting
the positive values in crosscorrelation, we propose a squared and an
envelope crosscorrelation objective function (Chi et al., 2014; Wu
et al., 2014; Oh and Alkhalifah, 2017), which preserves the advan-
tage of convexity. The crosscorrelation-based objective functions
with a properly selected time lag have only one local minimum for
single-event data. However, reflection data often include far more
than one event, in which case the convexity of the objective function
is also influenced by the time lag and the penalty function. A large
time lag can generate crosstalks between consecutive events, but a
small time lag can lead the inversion to converge to a local mini-
mum. The choice of an optimal time lag was often related to the
wavelength (Van Leeuwen and Mulder, 2008, 2010). The weighting
function used to penalize the data with fewer similarities is usually a
linear or a Gaussian function. A novel polynomial-type weighting

function is introduced that requires fewer input parameters and is
guaranteed to be smoothly varying within the time lag.
In current practice, due to an inherent trade-off between parame-

ters, for example, P-wave velocity and density, the density model is
usually not updated. Besides, due to the varying wavefield wave-
lengths, the estimated P- and S-wave velocities can have different
spatial resolutions. Common ways to reduce the null space in multi-
parameter inversion include choosing the proper parameterization
(Alkhalifah and Plessix, 2014; Oh and Alkhalifah, 2016) and adding
additional constraints to the inversion (Asnaashari et al., 2013; Zhang
et al., 2017, 2018b). The first- or second-order spatial derivatives (i.e.,
Laplacian) can be used to generate a smooth estimation of the subsur-
face and also can suppress some short-wavelength artifacts in the es-
timate of S-wave velocity. The total variation (TV) regularization can
generate blocky models, and it also can suppress the noise in the ob-
served data (Guitton, 2012; Lin and Huang, 2014).
This paper is divided into four sections. After the “Introduction,”

the theory of the normalized nonzero lag crosscorrelation objective
function is described in which we analyze the convexity of the pro-
posed objective function and its dependency on the selected time
lag. We use a synthetic elastic model and the BigSky field data
to verify the effectiveness of the proposed method and draw the
conclusions from the numerical tests.

THEORY

Objective functions intend to measure the mismatch between the
predicted and the observed data. One of the most intuitive measure-
ments is the L2-norm distance, which is given by

ϕðmÞ ¼ kdp − dok2; (1)

where ϕ measures the differences and dp and do are the predicted
and observed data, respectively.
The inverse problem is constrained by the first-order elastic-wave

equation, which is given by (Virieux, 1986; Vigh et al., 2014)

�
ρI3 0

0 C−1

�
∂Ψ
∂t

−
�
0 ET

E 0

�
Ψ − f ¼ 0; (2)

where Ψ ¼ ðv1; v2; v3; σ1; σ2; σ3; σ4; σ5; σ6Þ is a
vector containing three particle velocities and
six stresses, I3 indicates a 3 × 3 identity matrix,
C is the stiffness matrix, E denotes the space dif-
ferentiation, and f is the source.
Due to the oscillatory nature of seismic waves,

the L2-norm objective inversion suffers from
cycle skipping when the mismatches between the
predicted and the observed data are larger than
the half-cycle as illustrated in Figure 1. The pre-
dicted data (the green curves) are shifted by one
cycle ð�λÞ, a half-cycle ð�0.5λÞ, and zero (as
indicated by τ on the label) compared with the
observed data (the red curves). The residual
wavefield (the blue curves) that is calculated by
a wiggle-to-wiggle subtraction of these two data
sets can have a quite different waveform with the
actual wavelet for large shifts. The corresponding
normalized data misfit (indicated by ϕ) has three
local minima, which are at τ ¼ �λ; 0. As

T
im

e

= ; =0.58
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a) b) c) d) e)

Figure 1. Cycle skipping in L2-norm objective functions. The predicted data (the green
curves) are shifted by one wavelength (a and e) compared with the observed data (the red
curves), and the subtractions have more than one residual wavelet (the blue curves). The
critical points of cycle skipping are a half-wavelength (b and d). One straightforward
remedy is comparing two data with shifts.
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expected, the half-wavelength ðτ ¼ �0.5λÞ is the critical value for
cycle skipping. The initial model is not guaranteed to generate pre-
dicted data, which should satisfy the half-wavelength criterion in
practice. A natural remedy to this problem is to compare two events
with shifts in time. Theoretically, the critical value for cycle skip-
ping in this approach is enlarged by the time window used.
We propose a normalized nonzero-lag crosscorrelation-based ob-

jective function that aims to maximize the similarity of the predicted
and observed data. The proposed objective function compares the
predicted and observed data globally within the range of predefined
time lags ð�τÞ. Due to the oscillatory nature of seismic waves (pos-
itive and negative), a simple crosscorrelation has negative contribu-
tions to the objective function (Wu and Alkhalifah, 2018). To
eliminate the conflicts of negative and positive contributions, we
proposed two choices of the measurements, which are envelope
(equation 3) and squared (equation 4) crosscorrelation. The
envelope version of the nonzero lag crosscorrelation is given by

ϕeðmÞ ¼ −⨌WðτÞ C½EðdpðtÞÞ; EðdoðtÞÞ; τ�ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiR
E2ðdpðtÞÞdt

q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiR
E2ðdpðtþ τÞÞdt

q

× dτdxrdxsdt; (3)

where τ is the time lag used for the crosscorrelation, EðdÞ ¼ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
d2 þHðdÞ2

p
denotes the envelope operator, HðdÞ is the Hilbert

transform of d, C½dp; do; τ� ¼ ∫ dpðtÞdoðtþ τÞdt denotes the cross-
correlation in time, and WðτÞ is the weighting function, which will
be explored later. The normalization terms can compensate the
energy loss at far offsets.
The squared version of the proposed objective function is given

by

ϕsðmÞ ¼ −
1

2
⨌

�
WðτÞ C½dpðtÞ; doðtÞ; τ�ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiR

dpðtÞ2dt
q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiR

doðtþ τÞ2dt
q

�
2

× dτdxrdxsdt: (4)

We introduce a polynomial-type weighting function that satisfies
the following boundary conditions: Wj�τ ¼ 0;Wj0 ¼ 1;

W 0j�τ ¼ 0;W 0j0 ¼ 0. Figure 2 shows one example of the weighting
function. The Gaussian-type weighting function needs another
parameter, the standard derivation of the Gaussian function, to de-
cide the shape of the penalty function. A narrow Gaussian function
will remove most of the coherent events, and a wide Gaussian func-
tion cannot decay fast enough to reach zero at the predefined maxi-
mum time lag. The proposed weighting function does not need an
additional parameter, and it is guaranteed to be smooth within the
selected maximum time lag. In addition, the computational cost is
bounded by the predefined maximum time lag τ.
The proposed objective functions (equations 3 and 4) have only

one local minimum for a single arrival (i.e., first arrivals) in theory.
To verify its effectiveness, we plot the normalized data misfit versus
velocity errors for the L2 norm (equation 1), envelope (equation 3),
and squared crosscorrelation (equation 4) in Figure 3. The model
used here is a homogeneous model with a maximum of 50% velocity
error. The sources are located in the top of the model, and the receiv-
ers are deployed in the bottom of the model, in which case only trans-
mission data are recorded as illustrated in Figure 3a. Figure 3b
indicates that for the same parameter set, the L2-norm objective func-
tion has more than one local minimum; the proposed objective func-
tions have only one local minimum. The envelope-crosscorrelation
objective function varies smoothly as a function of velocity error as
expected. The squared one has the same sharp curvature as the
L2-norm objective function. To preserve the advantage of high res-
olution, we use the squared one in the following examples.

–0.1 –0.05 0 0.05 0.1
Time lag (s)

0

0.2

0.4

0.6

0.8

1

M
ag
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tu

de

Figure 2. Proposed weighting function. It is determined by the
predefined maximum time lag and reduces to zero at the shifting
boundaries.
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b)

a)

Figure 3. (a) Schematic diagram of the geometry and (b) normalized
misfit versus velocity errors for transmission data. The L2-norm ob-
jective function has more than one local minimum, whereas the
crosscorrelation-based objective functions have only one local min-
imum in such a transmission acquisition system.
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In practice, the observed data include more than one arrival, and
the maximum time lag τ should be delicately selected to avoid
crosstalks between nearby arrivals and allow the proper intersection
of certain arrivals in the predicted and observed data. There is no
explicit formula for an optimal choice of τ, but it can be roughly
decided by the autocorrelation of the observed data. We use a re-
vised Marmousi model (more details can be found in the numerical
example) to illustrate this property. The actual model here is the
revised Marmousi model, and the initial model is generated by
vinput ¼ αvtrue þ 1.5ð1 − αÞ; the initial model has the maximum
and minimum errors when α ¼ 0.1 and α ¼ 1, respectively. Input
velocities are linear combinations of the actual Marmousi model
and a constant value that can generate multiple reflections in the
data. Figure 4 shows that smaller time lags (τ ¼ 0.0 s and
τ ¼ 0.05 s) cannot guarantee sufficient intersections of the pre-
dicted and observed data, in which case the objective function per-
forms similar to wiggle-to-wiggle measurements; large time lags
ðτ ¼ 1.3 sÞ introduce more crosstalk between nearby arrivals. It
is easy to understand that an optimal time lag should allow a maxi-
mum shift before neighboring arrivals intersect with each other.
From the autocorrelation of the observed data, we can roughly de-
cide the optimal maximum time lag, which should be just shorter
than the second peak of the autocorrelation.
An elastic approximation to the earth reduces the errors caused

by the simplified physics used in FWI. However, estimating elastic
parameters makes the inverse problem even more ill-posed. Regu-
larization techniques can reduce the null space of the ill-posed in-
verse problem (Asnaashari et al., 2013; Wang et al., 2013; Duan and
Sava, 2016). With some assumptions made of the subsurface (such
as smoothness or sharpness), an additional penalty or a constraint
can be added to the data-fitting objective or the estimated param-
eters, respectively. Usually the first- or second-order Tikhonov
regularization can generate a smooth estimation of the subsurface
(Tikhonov, 1963), and a TV regularization can preserve sharp boun-
daries in the estimated models. The first-order Tikhonov regulari-
zation is given by

RlðmÞ ¼ k∇mk2; (5)

where the vector m denotes the estimated model in each iteration. It
provides a smooth model within the optimization step to fit the data.
Guitton (2012) proposes a L1-norm model penalty to preserve

sharp edges and contrasts for FWI. From a minimization point
of view, a smoothed TV prior is more appropriate because of its
convexity, which is given by

RTVðmÞ ¼
Z ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ϵ2 þ k∇mjj2
q

dx; (6)

where the gradient is given by
gmðRTVÞ ¼ divð∇m∕

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ϵ2 þ k∇mjj2

p
Þ and ϵ is a predefined param-

eter that makes equation 6 differentiable. A large ϵ transforms the
smoothed TV gradient to a scaled Laplacian (scaled by 1∕ϵ).
In this study, the estimated S-wave velocity has high-wavenum-

ber artifacts caused by the short wavelength of S-wave wavefields.
To suppress these artifacts, we add a Laplacian penalty term in the
objective function. A TV regularization is applied in the field data
test because of its effectiveness in suppressing noise. The exact TV
regularization (ϵ ¼ 0 in equation 6) is implemented by an efficient
primal-dual hybrid gradient algorithm (Zhu and Chan, 2008). A
more advanced facies-based regularization is also applicable if
the prior information is available (Zhang et al., 2017, 2018b).
The gradient of the misfit (objective) function in equation 4 can

be calculated from the adjoint-state method:

gsðmÞ ¼
�
∂dpðtÞ
∂m

�
T
Z
τ
WðτÞTWðτÞ C½dpðtÞ; doðtÞ; τ�ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiR

dpðtÞ2dt
q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiR

doðtþ τÞ2dt
q

0
B@ doðtþ τÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiR

t d
pðtÞ2dt Rt doðtþ τÞ2dt

q −
dpðtÞ Rt dpðtÞdoðtþ τÞdtffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiR
t d

pðtÞ2dt
q

3
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiR
t d

oðtþ τÞ2dt
q

1
CAdτ:

(7)

The model is updated iteratively using the L-Broyden–Fletcher–
Goldfarb–Shanno (BFGS) method (Liu and Nocedal, 1989), which
is written as

m ¼ m0 − λHg; (8)

where λ is the step length calculated using a standard line-search
method and H is the approximated Hessian matrix.

NUMERICAL EXAMPLES

Modified elastic Marmousi model

We use a modified Marmousi model to verify the effectiveness of
the proposed objective function. The actual S-wave velocity is gen-
erated by setting VS ¼ VP∕

ffiffiffi
3

p þ 0.1ðVP − 2.4Þ (Figure 5b). Two
low-velocity zones (indicated by the dashed circles in Figure 5a)
in the P-wave velocity are intended to test whether there is crosstalk
between inverted VP and VS. There are 110 explosive sources and
660 receivers placed at constant increments. The recorded data are
2C particle velocities. The staggered finite-difference method is
implemented to solve the elastic-wave equation (Virieux, 1986).
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Figure 4. Normalized misfit versus τ for multiple arrivals. The op-
timal time lag should avoid local minima.
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Initial models in Figure 6 are 1D linear gradient velocity models,
which are far from the exact ones ðVS ¼ VP∕

ffiffiffi
3

p Þ.
The source wavelet is a Ricker wavelet (peak frequency is 5 Hz)

without frequencies less than 3 Hz, in which case a conventional
L2-norm-based FWI cannot converge to a global minimum because
of the poor initial model and the relatively high minimum fre-
quency. A mono time lag, τ ¼ 0.06s, is used to get a better initial
model for conventional elastic FWI. Only one frequency band,
3–5 Hz, is used for the crosscorrelation-objective (equation 4) in-
version to save computational cost. A Laplacian regularization term
is added to the original objective function to remove some short-
wavelength artifacts. The objective function used in the example
is given by

ϕ ¼ ϕd þ αkΔmk2; (9)

where ϕd is the measurement of data misfit (i.e., equation 1 or 4),
Δm is the Laplacian of the model vector (VP and VS), and α controls

the contribution of the regularization term. The regularization term
has a 20% of the data misfit ðϕdÞ contribution to the total objective
function ðϕÞ in this example.
Figure 7 shows inverted models using the proposed objective

function (equation 4). One of the predefined low-velocity
zones in VP can be captured. The inverted VS has higher spatial
resolution. These two models are used as initial models for an
L2-norm objective elastic FWI to improve their resolutions.
The final inversion results are shown in Figure 8. Two low-veloc-
ity zones in VP have been captured. The estimated parameters
without regularization are shown in Figure 9 for comparison.
The Laplacian regularization in equation 9 can suppress the wig-
gles caused by the short-wavelength nature of S-waves and also
can improve the quality of inverted VP and VS. As an intuitive
quality control (QC) factor, vertical profiles across the low-veloc-
ity zones (indicated by the red arrows) are plotted in Figures 10
and 11. It is evident that the inverted velocities match the
model well.

a) b) Figure 7. Inverted velocity models of the pro-
posed squared crosscorrelation (equation 4):
(a) VP and (b) VS. The low-velocity zones are
showing in VP.

a) b) Figure 6. Initial velocity models: (a) VP and
(b) VS. They are 1D linearly increasing models.

a) b) Figure 5. True velocity models: (a) VP and (b) VS.
The dashed circles indicate low-velocity zones in
VP.
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BigSky field data

The field data used to verify the effectiveness of our proposed
method come from the BigSky Carbon Sequestration Partnership,
which is a U.S. CO2 storage project (Clochard et al., 2017). The
data were collected by a 3D multicomponent seismic survey
(3D-9C) with a minimum frequency of 15 Hz, which is a challenge
for conventional FWI. The 3D survey geometry is plotted in Fig-

ure 12, and a 2D inline across the central area is selected to allow us
to use high frequencies. There is a well at the edge of the survey area
that provides the initial velocities and references to the inverted
velocities. A raw data set of the vertical component is plotted in
Figure 13. It is preprocessed by applying random noise attenuation
and surface wave suppression. Figure 14 shows the preprocessed
vertical component of the observed data with a frequency band
of 15–30 Hz. The initial velocity models shown in Figure 15 are

Initial
Actual
Proposed
Final

Initial
Actual
Proposed
Final

a) b)Figure 11. Vertical profile across the low-velocity
zone at a depth of 0.7 km: (a) VP and (b) VS. Most
of the structures are captured correctly in the in-
verted results.

Initial
Actual
Proposed
Final

b)a) Initial
Actual
Proposed
Final

Figure 10. Vertical profile across the low-velocity
zone at a depth of 0.4 km: (a) VP and (b) VS. The
velocity zone is well-reconstructed, and there is
less crosstalk between VP and VS.

a) b)Figure 9. Inverted velocity models of L2-norm
elastic FWI without the regularization: (a) VP
and (b) VS. Some wiggles due to the short wave-
length of S-waves can be seen in VS.

a) b)Figure 8. Inverted velocity models of L2-norm
elastic FWI: (a) VP and (b) VS. The low-velocity
zones have been captured in VP. VP and VS have a
similar spatial resolution thanks to the regulariza-
tion term.
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calculated from the provided well log using the Backus theory
(Lindsay and Van Koughnet, 2001). We applied a multiscale inver-
sion from low to high frequencies (15–20, 15–30, 15–40, and 15–
45 Hz) with a fixed time lag, which is 0.01 s. The TV regularization
is implemented as a separate optimization process (Zhu and Chan,
2008). In each frequency band, we first update the velocities until
the gradient is small and then we apply TV regularization to the
updated velocities (Alkhalifah et al., 2018). These two inversions
are repeated for four times in each inversion stage. A strong lateral
smooth filter is applied to the gradient because of the weak lateral
variation in this area. Figure 16 shows the final estimated velocities
using the proposed approach. Two low P-wave velocities zones at
depths of 0.7 and 1 km have been captured as shown in the vertical
profiles in Figure 17. Notice that the well is far from the survey line.
The estimated S-wave velocity is not well-constrained because there
are not many converted waves found in the observed data as shown
in Figure 14. As a QC factor, we plot the normalized data misfit
versus iterations of the first inversion stage in Figure 18. After up-
dating the velocities with several iterations, we apply the TV con-
straint (the green lines indicate when the TV constraints are
applied). The data misfit is overall decreasing, and the TV con-
straint helps to reduce the misfit even more. We also plot the pre-
dicted data from the initial model and the estimated model in
Figures 19 and 20 to highlight the improvements. Predicted data
from the inverted velocities have similar moveouts with the ob-
served data for the first arrivals. Reflections of the predicted and
observed data match. In the field data example, we did not apply
a conventional L2-norm-based elastic FWI to further improve the
estimated velocities because of the weaknesses of L2-norm mea-
surements discussed in the paper. To further verify the improve-
ments of the initial velocities, we apply reverse time migration
(RTM) to the observed data (Etgen et al., 2009) and obtain the
PP- and PS-images. Figure 21 shows the RTM images from the ini-
tial velocities (from the well logs), and Figure 22 shows the images
using the estimated velocities as migration velocities. These two
figures are plotted using the same parameters, and their differences
should come from the differences in velocities used for migration.
The yellow arrows indicate where the coherency in the images are
improved. The PP- and PS-images from the estimated velocities
have more continuous reflectors than the one from the initial veloc-
ities, which verify the effectiveness of the proposed inversion ap-
proach.

Figure 12. The 3D survey geometry. The blue
circles and red stars are receivers and sources, re-
spectively. We choose one 2D line for inversion as
indicated by the arrow. There is a well at the edge
of the survey area.

Figure 14. Preprocessed observed data, vertical component. Strong
surface waves are muted.

Figure 13. One example raw data set, vertical component. There
exist strong near-source noise.
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a) b)Figure 15. Initial velocities from the well logs:
(a) VP and (b) VS.

a) b)Figure 16. Inverted velocities from the proposed
approach: (a) VP and (b) VS.
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b)Figure 17. Vertical profiles of the velocities:
(a) VP and (b) VS. Notice that the well is far from
the survey line.
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Figure 18. Reduced data misfit (%) versus iterations at the first
stage. The velocities are updated first and then followed by applying
the TV regularization. The green line indicates when TV constraint
is applied.

Figure 19. Predicted data from the initial velocities, vertical com-
ponent. It is far from the observed data.
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CONCLUSION

The proposed normalized nonzero-lag crosscorrelation objective
function is more convex than the conventional L2-norm objective
function. Nonzero lags allow us to compare arrivals within a pre-
defined time window, which extends the limitation of half-cycle dif-
ference limitation in conventional L2-norm FWI. We proposed a
polynomial-type weighting function to penalize the uncorrelated
data, which is determined by the time lag only. The proposed ob-
jective function has just one local minimum for single arrivals (e.g.,
the first arrivals). However, it might also have more than one local
minimum for reflections. An optimal time lag that guarantees the
intersection of particular arrivals and avoids crosstalk between two
neighboring arrivals can be determined by the autocorrelation of the
observed data. The synthetic and field examples verify the effective-
ness of the proposed objective function. The field example also
shows that the proposed objective function is relatively immune
to noise recorded in the near offsets of the observed data thanks
to the normalization term. The estimated velocities from the pro-
posed method can improve the coherency of reflectors in RTM
images.

ACKNOWLEDGMENTS

We thank J. Etgen and four anonymous re-
viewers for improving the quality of the paper.
We thank B. Sun and Y. Choi for their helpful
discussions. We thank KAUST for its support
and specifically the seismic wave analysis group
members for their valuable insights. For com-
puter time, this research used the resources of
the Supercomputing Laboratory at King Abdul-
lah University of Science and Technology
(KAUST) in Thuwal, Saudi Arabia. We thank
Vecta Oil and Gas and especially B. Devault
for the BigSky data and the helpful discussions.

DATA AND MATERIALS
AVAILABILITY

Data associated with this research are available
and can be obtained by contacting the corre-
sponding author.

REFERENCES

Alkhalifah, T., 1997, Velocity analysis using nonhyper-
bolic moveout in transversely isotropic media: Geo-
physics, 62, 1839–1854, doi: 10.1190/1.1444285.

Alkhalifah, T., and R.-É. Plessix, 2014, A recipe for
practical full-waveform inversion in anisotropic me-
dia: An analytical parameter resolution study: Geo-
physics, 79, no. 3, R91–R101, doi: 10.1190/
geo2013-0366.1.

Alkhalifah, T., B. Sun, and Z. Wu, 2018, Full model
wavenumber inversion: Identifying sources of infor-
mation for the elusive middle model wavenumbers:
Geophysics, 83, no. 6, R597–R610, doi: 10.1190/
geo2017-0775.1.

Asnaashari, A., R. Brossier, S. Garambois, F. Audebert,
P. Thore, and J. Virieux, 2013, Regularized seismic
full waveform inversion with prior model informa-
tion: Geophysics, 78, no. 2, R25–R36, doi: 10
.1190/geo2012-0104.1.

Chi, B., L. Dong, and Y. Liu, 2014, Full waveform in-
version method using envelope objective function

Figure 20. Predicted data from the inverted velocities, vertical com-
ponent. Some key reflections are matching with the ones in the ob-
served data.

a) b)

Figure 21. The RTM images using the initial velocities as migration velocities: (a) PP-
image and (b) PS-image.

a) b)

Figure 22. The RTM images using the estimated velocities as migration velocities. The
reflectors are more continuous as indicated by the yellow arrows than the ones got from
the initial velocities: (a) PP-image and (b) PS-image.

NCFWI R23

D
ow

nl
oa

de
d 

12
/1

7/
18

 to
 1

09
.1

71
.1

37
.2

10
. R

ed
is

tr
ib

ut
io

n 
su

bj
ec

t t
o 

SE
G

 li
ce

ns
e 

or
 c

op
yr

ig
ht

; s
ee

 T
er

m
s 

of
 U

se
 a

t h
ttp

://
lib

ra
ry

.s
eg

.o
rg

/

http://dx.doi.org/10.1190/1.1444285
http://dx.doi.org/10.1190/1.1444285
http://dx.doi.org/10.1190/1.1444285
http://dx.doi.org/10.1190/geo2013-0366.1
http://dx.doi.org/10.1190/geo2013-0366.1
http://dx.doi.org/10.1190/geo2013-0366.1
http://dx.doi.org/10.1190/geo2013-0366.1
http://dx.doi.org/10.1190/geo2017-0775.1
http://dx.doi.org/10.1190/geo2017-0775.1
http://dx.doi.org/10.1190/geo2017-0775.1
http://dx.doi.org/10.1190/geo2017-0775.1
http://dx.doi.org/10.1190/geo2012-0104.1
http://dx.doi.org/10.1190/geo2012-0104.1
http://dx.doi.org/10.1190/geo2012-0104.1


without low frequency data: Journal of Applied Geophysics, 109, 36–46,
doi: 10.1016/j.jappgeo.2014.07.010.

Chi, B., L. Dong, and Y. Liu, 2015, Correlation-based reflection full-wave-
form inversion: Geophysics, 80, no. 4, R189–R202, doi: 10.1190/
geo2014-0345.1.

Choi, Y., and T. Alkhalifah, 2012, Application of multi-source waveform
inversion to marine streamer data using the global correlation norm:
Geophysical Prospecting, 60, 748–758, doi: 10.1111/j.1365-2478.2012
.01079.x.

Clochard, V., N. Delépine, B. C. Devault, and K. Wangkawong, 2017,
Warping of 9C seismic data and its application to 9C stratigraphic pre-
stack inversion: A real case study from the big sky CO2 project (Montana,
US): 87th Annual International Meeting, SEG, Expanded Abstracts,
839–843, doi: 10.1190/segam2017-17494693.1.

Duan, Y., and P. Sava, 2016, Elastic wavefield tomography with physical
model constraints: Geophysics, 81, no. 6, R447–R456, doi: 10.1190/
geo2015-0508.1.

Etgen, J., S. H. Gray, and Y. Zhang, 2009, An overview of depth imaging in
exploration geophysics: Geophysics, 74, no. 6, WCA5–WCA17, doi: 10
.1190/1.3223188.

Guitton, A., 2012, Blocky regularization schemes for full-waveform inver-
sion: Geophysical Prospecting, 60, 870–884, doi: 10.1111/j.1365-2478
.2012.01025.x.

Guo, Q., T. Alkhalifah, and Z. Wu, 2017, Velocity building by reflection
waveform inversion without cycle-skipping: 79th Annual International
Conference and Exhibition, EAGE, Extended Abstracts, doi: 10.3997/
2214-4609.201701003.

Kang, P. K., Y. Zheng, X. Fang, R. Wojcik, D. McLaughlin, S. Brown, M. C.
Fehler, D. R. Burns, and R. Juanes, 2016, Sequential approach to joint
flow-seismic inversion for improved characterization of fractured media:
Water Resources Research, 52, 903–919, doi: 10.1002/2015WR017412.

Lin, Y., and L. Huang, 2014, Acoustic-and elastic-waveform inversion using
a modified total-variation regularization scheme: Geophysical Journal
International, 200, 489–502, doi: 10.1093/gji/ggu393.

Lindsay, R., and R. Van Koughnet, 2001, Sequential Backus averaging:
Upscaling well logs to seismic wavelengths: The Leading Edge, 20,
188–191, doi: 10.1190/1.1438908.

Liu, D. C., and J. Nocedal, 1989, On the limited memory BFGS method for
large scale optimization: Mathematical Programming, 45, 503–528, doi:
10.1007/BF01589116.

Luo, Y., Y. Ma, Y. Wu, H. Liu, and L. Cao, 2016, Full-traveltime inversion:
Geophysics, 81, no. 5, R261–R274, doi: 10.1190/geo2015-0353.1.

Métivier, L., R. Brossier, Q. Mérigot, E. Oudet, and J. Virieux, 2016, Meas-
uring the misfit between seismograms using an optimal transport distance:
Application to full waveform inversion: Geophysical Supplements to the
Monthly Notices of the Royal Astronomical Society, 205, 345–377, doi:
10.1093/gji/ggw014.

Oh, J., and T. Alkhalifah, 2017, Full waveform inversion with envelope-
based global correlation norm-application to real OBC data: 79th Annual
International Conference and Exhibition, EAGE, Extended Abstracts, doi:
10.3997/2214-4609.201701337.

Oh, J.-W., and T. Alkhalifah, 2016, Elastic orthorhombic anisotropic param-
eter inversion: An analysis of parameterization: Geophysics, 81, no. 6,
C279–C293, doi: 10.1190/geo2015-0656.1.

Routh, P., J. Krebs, S. Lazaratos, A. Baumstein, I. Chikichev, S. Lee, N.
Downey, D. Hinkley, and J. Anderson, 2011, Full-wavefield inversion
of marine streamer data with the encoded simultaneous source method:
73rd Annual International Conference and Exhibition, EAGE, Extended
Abstracts, doi: 10.3997/2214-4609.20149730.

Shen, P., W. W. Symes, S. Morton, A. Hess, and H. Calandra, 2005, Differ-
ential semblance velocity analysis via shot profile migration: 75th Annual
International Meeting, SEG, Expanded Abstracts, 2249–2252, doi: 10
.1190/1.2148164.

Solano, C. P., D. Donno, and H. Chauris, 2013, 2D surface wave inversion in
the F-K domain: 75th Annual International Conference and Exhibition,
EAGE, Extended Abstracts, doi: 10.3997/2214-4609.20130118.

Sun, B., and T. Alkhalifah, 2017, Automatic WEMVA by focusing subsurface
offset virtual sources: 79th Annual International Conference and Exhibi-
tion, EAGE, Extended Abstracts, doi: 10.3997/2214-4609.201700837.

Symes, W., and J. J. Carazzone, 1991, Velocity inversion by differential sem-
blance optimization: Geophysics, 56, 654–663, doi: 10.1190/1.1443082.

Tikhonov, A. N., 1963, On the solution of ill-posed problems and the method
of regularization: Doklady Akademii Nauk, Russian Academy of Scien-
ces, 501–504.

Van Leeuwen, T., and W. Mulder, 2008, Velocity analysis based on data cor-
relation: Geophysical Prospecting, 56, 791–803, doi: 10.1111/j.1365-2478
.2008.00704.x.

Van Leeuwen, T., and W. Mulder, 2010, A correlation-based misfit criterion
for wave-equation traveltime tomography: Geophysical Journal
International, 182, 1383–1394, doi: 10.1111/j.1365-246X.2010.04681.x.

Vigh, D., K. Jiao, D. Watts, and D. Sun, 2014, Elastic full-waveform inver-
sion application using multicomponent measurements of seismic data col-
lection: Geophysics, 79, no. 2, R63–R77, doi: 10.1190/geo2013-0055.1.

Virieux, J., 1986, P-sv wave propagation in heterogeneous media: Velocity-
stress finite-difference method: Geophysics, 51, 889–901, doi: 10.1190/1
.1442147.

Virieux, J., and S. Operto, 2009, An overview of full-waveform inversion in
exploration geophysics: Geophysics, 74, no. 6, WCC1–WCC26, doi: 10
.1190/1.3238367.

Wang, C., D. Yingst, J. Bai, J. Leveille, P. Farmer, and J. Brittan, 2013,
Waveform inversion including well constraints, anisotropy, and attenua-
tion: The Leading Edge, 32, 1056–1062, doi: 10.1190/tle32091056.1.

Warner, M., and L. Guasch, 2014, Adaptive waveform inversion: Theory:
84th Annual International Meeting, SEG, Expanded Abstracts, 1089–
1093, doi: 10.1190/segam2014-0371.1.

Wu, R.-S., J. Luo, and B. Wu, 2014, Seismic envelope inversion and modu-
lation signal model: Geophysics, 79, no. 3, WA13–WA24, doi: 10.1190/
geo2013-0294.1.

Wu, Z., and T. Alkhalifah, 2015, Simultaneous inversion of the background
velocity and the perturbation in full-waveform inversion: Geophysics, 80,
no. 6, R317–R329, doi: 10.1190/geo2014-0365.1.

Wu, Z., and T. Alkhalifah, 2018, Selective data extension for full-waveform
inversion: An efficient solution for cycle skipping: Geophysics, 83, no. 3,
R201–R211, doi: 10.1190/geo2016-0649.1.

Xu, S., D. Wang, F. Chen, Y. Zhang, and G. Lambare, 2012, Full waveform
inversion for reflected seismic data: 74th Annual International Conference
and Exhibition, EAGE, Extended Abstracts, doi: 10.3997/2214-4609
.20148725.

Yang, Y., B. Engquist, J. Sun, and B. D. Froese, 2016, Application of opti-
mal transport and the quadratic Wasserstein metric to full-waveform in-
version: arXiv preprint arXiv:1612.05075.

Zhang, J., and J. Chen, 2014, Joint seismic traveltime and waveform inver-
sion for near surface imaging: 84th Annual International Meeting, SEG,
Expanded Abstracts, 934–937, doi: 10.1190/segam2014-1501.1.

Zhang, Z., T. Alkhalifah, and Z. Wu, 2018a, Normalized nonzero-lag cross-
correlation elastic full waveform inversion: 80th Annual International
Conference and Exhibition, EAGE, Extended Abstracts, doi: 10.3997/
2214-4609.201800889.

Zhang, Z., E. Z. Naeini, and T. Alkhalifah, 2017, Facies constrained
elastic full waveform inversion: 79th Annual International Conference
and Exhibition, EAGE, Extended Abstracts, doi: 10.3997/2214-4609
.201700719.

Zhang, Z., G. T. Schuster, Y. Liu, S. M. Hanafy, and J. Li, 2016, Wave equa-
tion dispersion inversion using a difference approximation to the
dispersion-curve misfit gradient: Journal of Applied Geophysics, 133,
9–15, doi: 10.1016/j.jappgeo.2016.07.019.

Zhang, Z.-D., T. Alkhalifah, E. Z. Naeini, and B. Sun, 2018b, Multipara-
meter elastic full waveform inversion with facies-based constraints: Geo-
physical Journal International, 213, 2112–2127, doi: 10.1093/gji/ggy113.

Zhang, Z.-D., Y. Liu, and G. Schuster, 2015, Wave equation inversion of
skeletonized surface waves: 85th Annual International Meeting, SEG, Ex-
panded Abstracts, 2391–2395, doi: 10.1190/segam2015-5805253.1.

Zhou, W., R. Brossier, S. Operto, and J. Virieux, 2015, Full waveform in-
version of diving & reflected waves for velocity model building with
impedance inversion based on scale separation: Geophysical Journal
International, 202, 1535–1554, doi: 10.1093/gji/ggv228.

Zhu, M., and T. Chan, 2008, An efficient primal-dual hybrid gradient algo-
rithm for total variation image restoration: UCLA CAM Report, 34.

R24 Zhang et al.

D
ow

nl
oa

de
d 

12
/1

7/
18

 to
 1

09
.1

71
.1

37
.2

10
. R

ed
is

tr
ib

ut
io

n 
su

bj
ec

t t
o 

SE
G

 li
ce

ns
e 

or
 c

op
yr

ig
ht

; s
ee

 T
er

m
s 

of
 U

se
 a

t h
ttp

://
lib

ra
ry

.s
eg

.o
rg

/

http://dx.doi.org/10.1016/j.jappgeo.2014.07.010
http://dx.doi.org/10.1016/j.jappgeo.2014.07.010
http://dx.doi.org/10.1016/j.jappgeo.2014.07.010
http://dx.doi.org/10.1016/j.jappgeo.2014.07.010
http://dx.doi.org/10.1016/j.jappgeo.2014.07.010
http://dx.doi.org/10.1016/j.jappgeo.2014.07.010
http://dx.doi.org/10.1190/geo2014-0345.1
http://dx.doi.org/10.1190/geo2014-0345.1
http://dx.doi.org/10.1190/geo2014-0345.1
http://dx.doi.org/10.1190/geo2014-0345.1
http://dx.doi.org/10.1111/j.1365-2478.2012.01079.x
http://dx.doi.org/10.1111/j.1365-2478.2012.01079.x
http://dx.doi.org/10.1111/j.1365-2478.2012.01079.x
http://dx.doi.org/10.1111/j.1365-2478.2012.01079.x
http://dx.doi.org/10.1111/j.1365-2478.2012.01079.x
http://dx.doi.org/10.1111/j.1365-2478.2012.01079.x
http://dx.doi.org/10.1190/segam2017-17494693.1
http://dx.doi.org/10.1190/segam2017-17494693.1
http://dx.doi.org/10.1190/segam2017-17494693.1
http://dx.doi.org/10.1190/geo2015-0508.1
http://dx.doi.org/10.1190/geo2015-0508.1
http://dx.doi.org/10.1190/geo2015-0508.1
http://dx.doi.org/10.1190/geo2015-0508.1
http://dx.doi.org/10.1190/1.3223188
http://dx.doi.org/10.1190/1.3223188
http://dx.doi.org/10.1190/1.3223188
http://dx.doi.org/10.1111/j.1365-2478.2012.01025.x
http://dx.doi.org/10.1111/j.1365-2478.2012.01025.x
http://dx.doi.org/10.1111/j.1365-2478.2012.01025.x
http://dx.doi.org/10.1111/j.1365-2478.2012.01025.x
http://dx.doi.org/10.1111/j.1365-2478.2012.01025.x
http://dx.doi.org/10.1111/j.1365-2478.2012.01025.x
http://dx.doi.org/10.3997/2214-4609.201701003
http://dx.doi.org/10.3997/2214-4609.201701003
http://dx.doi.org/10.3997/2214-4609.201701003
http://dx.doi.org/10.3997/2214-4609.201701003
http://dx.doi.org/10.1002/2015WR017412
http://dx.doi.org/10.1002/2015WR017412
http://dx.doi.org/10.1093/gji/ggu393
http://dx.doi.org/10.1093/gji/ggu393
http://dx.doi.org/10.1190/1.1438908
http://dx.doi.org/10.1190/1.1438908
http://dx.doi.org/10.1190/1.1438908
http://dx.doi.org/10.1007/BF01589116
http://dx.doi.org/10.1007/BF01589116
http://dx.doi.org/10.1190/geo2015-0353.1
http://dx.doi.org/10.1190/geo2015-0353.1
http://dx.doi.org/10.1190/geo2015-0353.1
http://dx.doi.org/10.1093/gji/ggw014
http://dx.doi.org/10.1093/gji/ggw014
http://dx.doi.org/10.3997/2214-4609.201701337
http://dx.doi.org/10.3997/2214-4609.201701337
http://dx.doi.org/10.3997/2214-4609.201701337
http://dx.doi.org/10.1190/geo2015-0656.1
http://dx.doi.org/10.1190/geo2015-0656.1
http://dx.doi.org/10.1190/geo2015-0656.1
http://dx.doi.org/10.3997/2214-4609.20149730
http://dx.doi.org/10.3997/2214-4609.20149730
http://dx.doi.org/10.3997/2214-4609.20149730
http://dx.doi.org/10.1190/1.2148164
http://dx.doi.org/10.1190/1.2148164
http://dx.doi.org/10.1190/1.2148164
http://dx.doi.org/10.3997/2214-4609.20130118
http://dx.doi.org/10.3997/2214-4609.20130118
http://dx.doi.org/10.3997/2214-4609.20130118
http://dx.doi.org/10.3997/2214-4609.201700837
http://dx.doi.org/10.3997/2214-4609.201700837
http://dx.doi.org/10.3997/2214-4609.201700837
http://dx.doi.org/10.1190/1.1443082
http://dx.doi.org/10.1190/1.1443082
http://dx.doi.org/10.1190/1.1443082
http://dx.doi.org/10.1111/j.1365-2478.2008.00704.x
http://dx.doi.org/10.1111/j.1365-2478.2008.00704.x
http://dx.doi.org/10.1111/j.1365-2478.2008.00704.x
http://dx.doi.org/10.1111/j.1365-2478.2008.00704.x
http://dx.doi.org/10.1111/j.1365-2478.2008.00704.x
http://dx.doi.org/10.1111/j.1365-2478.2008.00704.x
http://dx.doi.org/10.1111/j.1365-246X.2010.04681.x
http://dx.doi.org/10.1111/j.1365-246X.2010.04681.x
http://dx.doi.org/10.1111/j.1365-246X.2010.04681.x
http://dx.doi.org/10.1111/j.1365-246X.2010.04681.x
http://dx.doi.org/10.1111/j.1365-246X.2010.04681.x
http://dx.doi.org/10.1111/j.1365-246X.2010.04681.x
http://dx.doi.org/10.1190/geo2013-0055.1
http://dx.doi.org/10.1190/geo2013-0055.1
http://dx.doi.org/10.1190/geo2013-0055.1
http://dx.doi.org/10.1190/1.1442147
http://dx.doi.org/10.1190/1.1442147
http://dx.doi.org/10.1190/1.1442147
http://dx.doi.org/10.1190/1.3238367
http://dx.doi.org/10.1190/1.3238367
http://dx.doi.org/10.1190/1.3238367
http://dx.doi.org/10.1190/tle32091056.1
http://dx.doi.org/10.1190/tle32091056.1
http://dx.doi.org/10.1190/tle32091056.1
http://dx.doi.org/10.1190/segam2014-0371.1
http://dx.doi.org/10.1190/segam2014-0371.1
http://dx.doi.org/10.1190/segam2014-0371.1
http://dx.doi.org/10.1190/geo2013-0294.1
http://dx.doi.org/10.1190/geo2013-0294.1
http://dx.doi.org/10.1190/geo2013-0294.1
http://dx.doi.org/10.1190/geo2013-0294.1
http://dx.doi.org/10.1190/geo2014-0365.1
http://dx.doi.org/10.1190/geo2014-0365.1
http://dx.doi.org/10.1190/geo2014-0365.1
http://dx.doi.org/10.1190/geo2016-0649.1
http://dx.doi.org/10.1190/geo2016-0649.1
http://dx.doi.org/10.1190/geo2016-0649.1
http://dx.doi.org/10.3997/2214-4609.20148725
http://dx.doi.org/10.3997/2214-4609.20148725
http://dx.doi.org/10.3997/2214-4609.20148725
http://dx.doi.org/10.1190/segam2014-1501.1
http://dx.doi.org/10.1190/segam2014-1501.1
http://dx.doi.org/10.1190/segam2014-1501.1
http://dx.doi.org/10.3997/2214-4609.201800889
http://dx.doi.org/10.3997/2214-4609.201800889
http://dx.doi.org/10.3997/2214-4609.201800889
http://dx.doi.org/10.3997/2214-4609.201800889
http://dx.doi.org/10.3997/2214-4609.201700719
http://dx.doi.org/10.3997/2214-4609.201700719
http://dx.doi.org/10.3997/2214-4609.201700719
http://dx.doi.org/10.1016/j.jappgeo.2016.07.019
http://dx.doi.org/10.1016/j.jappgeo.2016.07.019
http://dx.doi.org/10.1016/j.jappgeo.2016.07.019
http://dx.doi.org/10.1016/j.jappgeo.2016.07.019
http://dx.doi.org/10.1016/j.jappgeo.2016.07.019
http://dx.doi.org/10.1016/j.jappgeo.2016.07.019
http://dx.doi.org/10.1093/gji/ggy113
http://dx.doi.org/10.1093/gji/ggy113
http://dx.doi.org/10.1190/segam2015-5805253.1
http://dx.doi.org/10.1190/segam2015-5805253.1
http://dx.doi.org/10.1190/segam2015-5805253.1
http://dx.doi.org/10.1093/gji/ggv228
http://dx.doi.org/10.1093/gji/ggv228

