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ABSTRACT

Time-lapse seismic data are widely used to monitor reservoir changes. And time-lapse
waveform inversion is a valuable tool for seismic exploration. A popular time-lapse wave-
form inversion strategy is the double-difference time-lapse waveform inversion (DDWI)
(inversion of the differential data starting from the reverted baseline model). It is an effec-
tive way to solve the problem that baseline and monitor inversions of time-lapse waveform
inversion are easily at different convergences, and it results in coherent model error in time-
lapse inversion. Nevertheless, the double-difference method (DDWI) demands an almost
perfect repeatability between the two baseline and monitor surveys, which is the most chal-
lenging for DDWI. Specially, when sources wavelets for the two data sets are different,
the results of DDWTI are seriously impacted. To solve this problem, we propose a double-
wavelet double-difference time-lapse waveform inversion method (DWDDWTI). This works
because the data difference caused by wavelet difference is eliminated. DWDDWI is devel-
oped based on the convolution relationship between the shot gather and Green’s function.
And its premise is that the wavelets for both baseline and monitor data sets are known. To
test the feasibility of this mothed, a numerical example is used.

INTRODUCTION

With the increasing of exploration requirements, more powerful seismic inversion tool
is needed. As a potential power to recover physical properties of subsurface rock, the
full waveform inversion (FWI) is introduced to seismic exploration by Lailly and Bednar
(1983) and Tarantola (1984). It is researched widely and developing fast (Virieux and
Operto, 2009). Since FWI can produce inversions with a high resolution, it is helpful to
estimate the parameter difference related to the subsurface property change from time-lapse
data sets.

Generally, the time-lapse inversion is performed as two parts, the baseline model inver-
sion and the monitor model inversion, then the time-lapse model raises from the difference
of the two inversions. For the linear system time-lapse model can be inverted directly from
data difference between baseline and monitor data. However, FWI is of high nonlinearity,
the procedure of two inversions is needed in general, at least, a reasonable starting model
for monitor model inversion is necessary. Conventionally, the baseline inversion and mon-
itor inversion are standalone, which use the same initial model (Plessix et al., 2010). To
reduce the expensive computation of performing whole FWI for twice, some researchers
utilize the inverted baseline model as the initial model for monitor data inversion, this also
provides a better initial model for the monitor inversion (Oldenborger et al., 2007; Miller
et al., 2008; Routh and Anno, 2008; Routh et al., 2012). Unfortunately, neither the two
strategies mentioned above cannot essentially remove the coherence time-lapse model er-
ror attributed to the different convergence degrees between twice inversions. To address this
problem, Watanabe et al. (2004) propose differential waveform tomography in frequency
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domain performed to a crosswell time-lapse data set. Onishi et al. (2009) apply a simi-
lar scheme. After that this method is developed as double-difference waveform inversion
(DDWI) (Watanabe et al., 2004; Onishi et al., 2009; Zheng et al., 2011; Zhang and Huang,
2013; Routh et al., 2012; Asnaashari et al., 2011, 2012, 2013, 2015; Maharramov and
Biondi, 2014; Denli and Huang, 2009; Yang et al., 2015a). Successful real-data examples
of DDWI are given by Yang et al. (2014, 2016) who use well-repeated ocean-bottom-cable
data sets.

Nevertheless, the double-difference method (DDWI) demands a mostly perfect repeata-
bility between the two surveys (Asnaashari et al., 2015), which is the most challenging for
it. Specially, when source wavelets for baseline and monitor data sets are different, the re-
sults of DDWI are seriously impacted (Yang et al., 2015a). To solve this problem, we pro-
pose a double-wavelet double-difference time-lapse waveform inversion mothed (DWD-
DWI). This works because the data difference caused by wavelet difference is eliminated.
DWDDWTI is developed based on the convolution relationship between the shot gather and
Green’s function. And its premise is that the wavelets for both baseline and monitor data
sets are known. To test the feasibility of this mothed, a numerical example is used.

Full waveform inversion (FWI)

Full waveform inversion (FWI) as an iterative inversion mothed estimates subsurface
parameters by matching synthetic data (u,,(m) ), a function of model parameter m, with
observed data. The most common way to accomplish this is minimizing the L2 norm of
data residual ou (uy,(m) — U, ):

E(m) = %5uT6u. (1)

The misfit function £(m) depends on the model parameter m . Within the framework of
Born approximation, the updated model m is seen as a sum of reference model m, and
model perturbation Am during the iterative inversion process. Using Taylor expansion and
ignoring things behind and including second order term, we obtain linearized formula:

OFE(my)

* Oom
Continuously, taking the derivative with respect to m , we have:
OE(m)  0E(my) N 0?E(my)

om  Om om?

Setting the derivative as zero to minimize the above objective function, and after easy
algebraic operations, we obtain:

E(m) = E(my) Am. (2)

Am. 3)

Am = -H"'g, (4)

O?E(m OF(m . . : :
where H = % and g = M are Hessian matrix and Jacobian matrix, respec-
m
tively. To avoid the expensive computation of inversion Hessian matrix, gradient-based
methods use identical matrix I as an approximate substitution of H, such as steepest-
descent (SD) method and non-linear conjugate gradient (NCG) method (Mora, 1987; Taran-

tola, 1984; Crase et al., 1990; Hu et al., 2011). In this paper, we apply the SD method for

2 CREWES Research Report — Volume 31 (2019)



Time-lapse waveform inversion

FWI, which helps to converge globally (Hu et al., 2011), and the corresponding model
perturbation with step length can be expressed as:

Am = —pug. (5)

It is the negative direction of gradient and the step length p is a constant to scale the gra-
dient. In this paper, we use the well-control method to calibrate the gradient, in which
a segment of well log is used to figure out the step length as a factor fixing phase misfit
and scaling the gradient, for details please refer toMargrave et al. (2011b) or Romahn and
Innanen (2017). Also, we precondition the gradient with deconvolution imaging condition
to compensate the spherical spreading of seismic wave (Margrave et al., 2011a), which can
achieve the similar effect to that of approximate inverse Hessian of Shin et al. (2001) but
avoid the calculation of Hessian.

Furthermore, for an acoustic waveform inversion with constant density in this paper,
when the model m represents slowness of the subsurface medium, the specified expression
for the gradient g expressed as a function of location ¢g(x) in time domain is (Tarantola,
1984; Yang et al., 2015b):

ng ns tmaz 82usyn (X, t; Xs) .
g(x) = ZZ/O dt | —2s(x) e ou(x, t;x,)| . (6)
=1 i=1

where ng, ns is the number of receivers and shots, respectively; t,,,4, 1S the maximum for-
ward/back ward propagating time ¢ of wavefield; x, Xg, X, is the location matrix in the
model place as a whole, the location matrix for sources, and the location matrix for re-
ceivers, respectively; and s is the model slowness as a function of location x; (X, t; X;)
is forward wavefield with the source wavelet used to active the shots at location x, , and
du(x,t;x,) is backward/time-reversal wavefield using the data residual at location x, as
the source. In this paper the forward and back propagation wavefields are produced by
phase shift plus interpolation (PSPI) migration (Gazdag and Sguazzero, 1984; Margrave
et al., 2011b).

Time-lapse inversion strategies

Scheme I, parallel difference method. The parallel difference method considers the
baseline inversion and monitor inversion as two independent produces which use the same
initial model. Then the time-lapse model can be obtained by making a subtraction between
the inverted monitor and baseline models. The main advantage of this approach is the
applicability to acquisition geometries that do not match between the two experiments. As
the two inversions are performed independently, a drawback is the potential interpretation
of inversion artifacts as a real time-lapse response.

Scheme II, sequential difference method. As the time-lapse response in data is often
weak with regard to the full data complexity, the sequential difference method uses the
inverted baseline model as a starting model for the monitor data inversion. This means
that the baseline is recovered first, and subsequently the baseline model is used to invert
the monitor model. As the time-lapse response is weak, the baseline model should be a
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good candidate for a starting model and should prevent too many iterations in the second
inversion.

Scheme III, double-difference time-lapse waveform inversion (DDWI). The first inver-
sion for the baseline data is the same as the above two schemes. But in the second inver-
sion for the monitor data, instead of minimizing the difference between the observed and
synthetic monitor data, DDWI attempts to minimize the difference of the differential data
between the two data sets, and the misfit function without any constraints for the second
inversion is:

1 1
EDDWI == EHRQ - SZHQ = EH(RmOnitor - Smonitor) - (Rbaseline - Sbaseline)”2> (7)

where Ry = Spuseine + (Rinonitor — Rupasetine) 1 composed data for the monitor model
inversion; Rygserines Seaseltine> and Roonitor are baseline data, synthetic data of the inverted
baseline model obtained at the first baseline inversion, and monitor data, respectively;
So = Spasetine T (Smonitor — Seasetine) = Smonitor 1 the corresponding forward modeling
data of R or the synthetic data of the updating monitor model during the inversion pro-
cessing. However, the DDWI method demands a almost perfect repeatability between the
baseline and monitor surveys, which is the most challenging for it. Specially, for the case
of the wavelets for two data sets are different, the results of DDWTI are seriously impacted.
In the nest section, we propose a double-wavelet double-difference time-lapse waveform
inversion method (DWDDWTI) to solve this problem.

Double-wavelet double-difference time-lapse waveform inversion (DWDDWI)

The reason why the high repeatability is requested is that DDWI needs the difference
between monitor and baseline data sets to generate the composed data. When the perfect
repeatability is reached, the data difference only contains the seismic response related to
the change of underground parameters, which enables DDWI to focus on the target. Never-
theless, when the wavelets of baseline and monitor data are different, the difference of two
data sets will come from both the wavelet contrast and the subsurface change. Generally,
the subsurface change is weak, the little difference between the wavelets can easily sub-
merge the effective information and cause heavy artifacts in the final inverted time-lapse
model (Yang et al., 2015a). We also display this phenomenon in the numerical example be-
low. To eliminate the data difference casued by the wavelet differnece, when the wavelets
for the two data sets are different, we will construct a common wavelet for the baseline and
monitor data.

The composed data for the second monitor model inversion is flowing:

R2 - Sbaseline + (Rmom'tor — Rbaselme>7 (8)

To intuitively show how the subsurface parameter change influences the data set, we use
Green’s function to express the above equation. A seismic data can be expressed as the con-
volution between the source wavelet and Green’ function, then equation 8 can be rewritten
as:

R2 - Sbaseline + (Wmonitor * Gmonitor - Wbaseline * Gbaseline)7 (9)
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where W ,,,onitor aNd Wi, setine 18 the source wavelet for monitor and baseline shot data, re-
spectively; Gonitor aNd Gigserine 18 Green” function for monitor and baseline shot data, re-
spectively; and Spuseiine 18 synthetic data using the baseline source wavelet. When W.,,nit0r
and W ,serine are equal, the difference is only from G,,,onitor — Goaserine Which is irrelevant
to the wavelet. But in the case that W ,,,,it0r and Wyeserine are unequal, the difference is
from W ,,.onitor ¥ Gmonitor — Wasetine ¥ Goaseline Which is relevant both to the wavelets and
Green’ functions representing the property of the subsurface.

For the situation of baseline and monitor wavelets are different, we reconstruct monitor
data by performing the convolution between baseline wavelet and monitor data, and recon-
struct monitor data by performing the convolution between monitor wavelet and baseline
data, then the new composed data becomes:

R/ ol + ( ’

/
2 — “baseline monitor baseline) (10)

/
= Sbaseline + (Wbaselme * Rmomtor — Wmomtor * Rbaseline);
expressed with Green’s function as:

/ /
R2 - Sbaseline + (Wbaselme * Wmom’tor * Gmonitor - Wmom’tm' * Wbaseline * Gbaseline)
/
= Sbaseline + (W * Gmom’tor - W * Gbaseline);
(11)

where W = W sctine * Winonitor = Wmonitor ¥ Waseline 18 the double wavelet which used
to forward modeling data S; ;... during the iterative wave inversion. After performing the
reconstructions to baseline and monitor data sets, the new data sets are of the same wavelet

W | the data difference is from G,,,onit0r — Graserine related to the subsurface change only.

Numerical example

In this section, we use an anticline model shown in Figure la-b to test DWDDWI
method and compare with the other methods. In Figure 2a-g, we show single shot records
of baseline and monitor data sets. Figure 2a-d show the baseline and monitor shots using
Ricker wavelets with 10Hz or 8Hz dominant frequency before performing the reconstruc-
tion, and Figure 2e-g show the corresponding reconstructed shots from performing the con-
volution. To show the feasibility of DWDDWTI on eliminating the data difference caused
by the wavelet difference, in Figure 3a-f, we show the data differences between the shots
in Figure 2a-g. Figure 3a is the difference between baseline data with 10Hz wavelet and
itself, of course it is zero. But the difference between baseline data with 10Hz wavelet and
with 8Hz wavelet in Figure 3b is not zero, all the difference is caused by wavelet difference.
In Figure 3c, we can see that the difference of reconstructed baseline shots is almost zero,
quite tiny values. It illustrates that the impact of wavelet difference is eliminated perfectly.
And Figure 3d-f, respectively, show the difference between the baseline shot with 10Hz
wavelet and the monitor shot with 10Hz wavelet, the difference between the baseline shot
with 10Hz wavelet and the monitor shot with 8Hz wavelet, and the difference between the
reconstructed baseline shot and the reconstructed monitor shot. Obviously, in Figure 3e,
the useful information corresponding to the time-lapse model is submerged in the wavelet
impact, and in Figure 3f, the difference of the reconstructed shots shows that the impact
caused by the wavelet difference is eliminated totally.
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FIG. 1. (a) The true baseline model; (b) the true time-lapse model.
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FIG. 2. (a) A single baseline shot with 10Hz wavelet; (b) a single monitor shot with 10Hz wavelet;
(c) A single baseline shot with 8Hz wavelet; (d) a single monitor shot with 8Hz wavelet; (e) the
reconstructed baseline shot of (a); (f) the reconstructed monitor shot of (b); (g) the reconstructed
monitor shot of (c).

Next, we do the time-lapse inversions for all the three schemes. The initial model we
use for the first baseline data inversion is shown in Figure 4a. And the inverted results of
scheme I, II, and III are shown in Figure 4b-d. We can see that the coherence time-lapse
model residual appears everywhere in the results of scheme I, II, but appears in a very
small area in the result of scheme III (DDWI). In Figure Sa, we show the inverted time-
lapse model of DDWI in the case of the baseline and monitor data is of 10Hz and 8Hz
wavelet, respectively. Figure 5b is the inverted time-lapse model of DWDDWI in the case
of the baseline and monitor data is of 10Hz and 8Hz wavelet, respectively. We can see
that DDWTI is seriously suffering from the unrepeatability of baseline and monitor data sets
caused by wavelet difference, while DWDDWTI can handle with this situation quiet well.

CONCLUSIONS

It is common view that the DDWI method has better difference recovery ability than the
others. Compared with parallel difference and sequential difference time-lapse inversion
strategies, DDWI is not easy to be affected by the different convergences between base-
line and monitor data inversions. However, the DDWI method demands an almost perfect
repeatability between baseline and monitor surveys, which is the most challenging for it.
Specially, when source wavelets for baseline and monitor data sets are different, the results
of DDWI are seriously impacted, but DWDDWI can handle with this situation well. DWD-
DWI works because the data difference caused by the wavelet difference is eliminated by
the constructed common wavelet. DWDDWI is developed based on the convolution rela-
tionship between the shot gather and Green’s function. And its premise is that the wavelets
for both baseline and monitor data sets are known.
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FIG. 3. (a) The difference between the baseline shot with 10Hz wavelet and itself; (b) the difference
between baseline shots with 10Hz and 8Hz wavelets; (c) the difference between the reconstructed
shot of the baseline shot with 10Hz wavelet and the reconstructed shot of the baseline shot with
8Hz wavelet; (d) the difference between the baseline shot with 10Hz wavelet and the monitor shot
with 10Hz wavelet; (e) the difference between the baseline shot with 10Hz wavelet and the monitor
shot with 8Hz wavelet; (f) the difference between the reconstructed shot of baseline shot with 10Hz
wavelet and the reconstructed shot of the monitor shot with 8Hz wavelet.
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FIG. 4. (a) The initial baseline model; (b) the inverted time-lapse model of scheme [; (c) the inverted
time-lapse model of scheme lI; (d) the inverted time-lapse model of scheme 11l (DDWI).
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FIG. 5. (a) The inverted time-lapse model of DDWI when the source wavelet for the baseline data
is 10Hz and the source wavelet for the monitor data is 8Hz; (b) the inverted time-lapse model of
DWDDWI when the source wavelet for the baseline data is 10Hz and the source wavelet for the
monitor data is 8Hz.
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