CWP-1028

FULL-WAVEFORM INVERSION OF TIME-LAPSE SEISMIC DATA USING PHYSICS-BASED AND
DATA-DRIVEN TECHNIQUES

by
Yanhua Liu


yanhualiu
Text Box
CWP-1028


© Copyright by Yanhua Liu, 2023
All Rights Reserved



A thesis submitted to the Faculty and the Board of Trustees of the Colorado School of Mines in partial

fulfillment of the requirements for the degree of Doctor of Philosophy (Geophysics).

Golden, Colorado

Date

Signed:
Yanhua Liu
Signed:
Dr. Ilya Tsvankin
Thesis Advisor
Golden, Colorado
Date
Signed:

Dr. Paul Sava
Professor and Department Head
Department of Geophysics

ii



ABSTRACT

Time-lapse (4D) full-waveform inversion (FWI) is an advanced seismic technique that can enable
accurate estimation of changes in the subsurface properties, such as fluid saturation or reservoir depletion,
by utilizing amplitude and phase information in seismic data. However, most existing 4D FWTI research is
limited to isotropic and, often, acoustic media, which hinders its application to realistic subsurface models.
In this thesis, I develop an efficient 4D FWI algorithm for elastic transversely isotropic media with a
vertical (VTI) and tilted (TTI) symmetry axis. In addition, I employ a “source-independent” technique to
mitigate the influence of errors in the source wavelet on the results of time-lapse FWI. Furthermore, the
thesis presents machine-learning techniques with uncertainty quantification to efficiently perform real-time
monitoring with high spatial resolution.

First, I extend the methodology of time-lapse FWI to elastic VTI media. The algorithm is tested on
multicomponent and pressure data using three common time-lapse strategies: the parallel-difference (PD),
sequential-difference (SD), and double-difference (DD) techniques. The multiscale approach is adopted to
mitigate cycle-skipping. Synthetic tests show that the proposed methodology can reconstruct localized
time-lapse parameter variations with sufficient spatial resolution. The DD strategy produces the most
accurate results for clean and repeatable time-lapse data because it directly inverts the data difference for
the parameter changes.

VTI algorithms become inadequate in the presence of an even moderate symmetry-axis tilt. Therefore,
next the time-lapse FWI methodology is extended to 2D tilted TT models. The symmetry-axis tilt is
incorporated into the modeling code and computation of the inversion gradients by rotating the stiffness
tensor using the Bond transformation. Comparison between the TTI and VTT algorithms confirms that
incorporating tilt improves the accuracy of the inverted medium parameters, especially when the reservoir
is located in a dipping layer. In addition, I discuss the influence of several common nonrepeatability issues
on the time-lapse inversion results for TTI media.

FWI requires an accurate estimate of the source wavelet, which is both time consuming and often
challenging for field-data applications. The so-called “source-independent” (SI) technique is designed to
reduce the influence of the employed source wavelet on the FWI results. Therefore, I incorporate the
convolution-based SI technique into the developed 4D FWI algorithm for both VTI and TTI models. The
SI method substantially reduces the dependence of the estimated parameters on the accuracy of the source
wavelet and guides the inversion toward the global minimum of the objective function even for a strongly

distorted wavelet and noisy data.
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Then the developed 4D FWI methodology that incorporates the SI technique is applied to the
time-lapse streamer data from Pyrenees oil/gas field in offshore Australia. Despite the pronounced
nonrepeatability in the baseline and monitor surveys, the developed algorithm successfully reconstructs the
velocity variations in the reservoir caused by hydrocarbon production. The case study demonstrates the
importance of accounting for anisotropy and elasticity in time-lapse inversion and confirms the effectiveness
of the SI technique when the source wavelet is distorted.

To alleviate the ill-posedness and high computational cost of FWI, I propose an efficient “hybrid”
time-lapse workflow that combines physics-based FWI and data-driven machine-learning (ML) inversion.
The scarcity of the available training data is addressed by developing a new data-generation technique that
operates with physics constraints. The proposed approach is validated on a synthetic COs-sequestration
model based on the Kimberlina reservoir in California. A large volume of high-quality and physically
realistic training data, generated by the algorithm, proves to be critically and efficiently important in
accurately characterizing the COy movement in the reservoir.

The deterministic neural network described above, however, yields only one prediction for a certain
input, which may not properly reflect the distribution of the entire testing data, especially when those data
are out-of-distribution. To estimate the entire distribution of the target variable along with the prediction
accuracy, I incorporate the Simultaneous Quantile Regression method into the developed convolutional
neural network. Testing on the Kimberlina data demonstrates the accuracy of the obtained uncertainty
estimates, even if the testing data are distorted due to problems in the field-data acquisition. In addition,
the proposed novel data-augmentation method can further improve the spatial resolution of the determined

time-lapse velocity field and reduce the prediction error.
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CHAPTER 1
INTRODUCTION

Time-lapse (4D) full-waveform inversion (FWI) is a powerful technique for high-resolution monitoring
of temporal changes in the subsurface using baseline and monitor seismic data (e.g., Lumley, 2010; Pevzner
et al., 2017; Smith and Tsvankin, 2013, 2016). This method has proven successful in optimizing both
hydrocarbon production from oil/gas reservoirs and CO, injection in carbon-sequestration projects.

In time-lapse FWI, baseline and monitor data sets acquired at different times are inverted to estimate
4D subsurface changes. Various approaches have been proposed to obtain sufficiently accurate time-lapse
results. The parallel-difference (PD) strategy (Plessix et al., 2010), for example, involves independent
inversion of the baseline and monitor data sets. Alternatively, the sequential-difference (SD) strategy
(Routh et al., 2012) facilitates convergence of the monitor inversion by starting it with the estimated
baseline model. Assuming good data repeatability, the double-difference (DD) approach (Denli and Huang,
2009; Watanabe et al., 2004) directly inverts the data difference for the time-lapse parameter variations.

Maharramov and Biondi (2014) propose to invert the baseline and monitor data simultaneously using a
cross-updating algorithm. To reduce the dependence of the estimated time-lapse changes on the accuracy
of the inverted baseline model, the central-difference strategy (CD) averages the parameter variations
produced by forward (baseline to monitor) and reverse (monitor to baseline) applications of the SD
technique (Zhou and Lumley, 2021a). However, the two latter approaches double the computational time
compared to the SD and DD methods without a significant improvement in resolution.

Extending published FWI methods designed for isotropic media (Egorov et al., 2017; Hicks et al., 2016;
Yang et al., 2016) to more realistic anisotropic models increases the computational cost and introduces
trade-offs (cross-talk) between medium parameters. Analysis of the radiation (sensitivity) patterns of the
medium parameters provides useful insights into the potential trade-offs and helps in choosing an optimal
parameterization to mitigate them (Kamath and Tsvankin, 2016; Singh and Tsvankin, 2020). Here, I
employ a velocity-based parameterization because all velocity parameters and their gradients have the
same units and similar magnitudes.

Accurate determination of the source wavelet is a critical factor in the success of FWI. Errors in the
source signature (in its shape, frequency, or amplitude) can impede the matching of the observed and
simulated data, resulting in distorted inversion results (Luo et al., 2014; Pratt, 1999; Song et al., 1995;
Yuan et al., 2014). A conventional way to estimate the source wavelet is by using water-bottom and direct

arrivals. However, this approach requires additional preprocessing steps including deghosting and multiple



suppression (Warner et al., 2013). Alternatively, the source wavelet can be estimated iteratively during the
inversion along with the medium parameters (Pratt, 1999; Song et al., 1995; Xu et al., 2006). Inversion
that includes the source wavelet, however, is computationally intensive, introduces additional trade-offs,
and requires an accurate initial approximation for the source wavelet (Xu et al., 2006).

b2

A more practical alternative is the so-called “source-independent” method designed to reduce the
influence of the source signature on the inversion results. Deconvolution-based trace normalization
employed in the frequency domain helps remove information about the source wavelet from both the
observed and simulated data (Choi and Min, 2012; Choi et al., 2005; Lee and Kim, 2003; Seo et al., 2005;
Zhou and Greenhalgh, 2003). However, the resolution achieved by this deconvolution-based method
strongly depends on the signal-to-noise ratio.

Choi and Alkhalifah (2011) propose a convolution-based source-independent (SI) technique and
implement it in the time domain. Their approach seeks to minimize the difference between two data sets
obtained by convolving the observed and simulated data with a reference trace from the other data set.
The convolution and cross-correlation operations can produce additional noise, but it can be suppressed by
applying a time window to the reference traces (Zhang et al., 2016). Here, the time-domain ST technique is
incorporated into the developed time-lapse FWI algorithm for elastic VTT and TTI media.

Accurate estimation of subsurface changes from time-lapse surveys is often challenging due to
nonrepeatability (NR) issues. Such NR factors, as geometry changes, water statics, and source-signature
variations can distort the data difference and the inversion results (Jervis et al., 2018; Lumley, 2001a).
Permanent acquisition systems have been proposed to make the acquisition geometry more consistent and
mitigate 4D artifacts. Also 4D methodologies have been modified to correct for the velocity variations in
the water layer in time-lapse inversion (Lecerf et al., 2022). Smith and Tsvankin (2013) analyze the stress
changes caused by the reservoir production in the surrounding rocks. Such changes can provide valuable
information for reservoir monitoring, but can also lead to misinterpretation of time-lapse data. The impact
of different NR issues on acoustic time-lapse parameter inversion and on the performance of 4D methods is
studied by Zhou and Lumley (2021b). Here, analysis of the nonrepeatability-related errors is extended to
elastic TT media.

In recent years, data-driven machine-learning methods for seismic inversion have gained popularity due
to the increasing computational power and the emergence of deep neural networks (ArayaPolo et al., 2017;
Cao and Roy, 2017; Dahlke et al., 2016; Hale, 2013b; Li et al., 2021; Yuan et al., 2019). In contrast to
conventional inverse problems, where the distribution shift between the training and testing data can pose
a challenge, time-lapse monitoring of CO5 injection is relatively immune to this issue because the medium

outside the reservoir can be assumed to remain almost unchanged. Furthermore, uncertainty evaluation



has been introduced to quantify the prediction accuracy in such monitoring applications. Tang et al.
(2022) propose a 3D recurrent R-U-Net surrogate model to predict CO2 saturation from synthetic seismic
data and estimate the uncertainty using the CNN (convolutional neural network)-PCA
(principle-component analysis) model with rejection sampling. Likewise, Um et al. (2022) employ a U-Net
network to estimate COq saturation and model uncertainty using the Monte Carlo dropout method and a
bootstrap aggregation method. Here, I develop a neural network to predict both velocity and saturation

models, and employ the Simultaneous Quantile Regression method for uncertainty estimation.
1.1 Thesis Contributions

In Chapter 2, I develop a time-lapse FWTI algorithm for 2D elastic VTI media. The FWI code is a
modified version of the software from the public package by Koéhn et al. (2012). The gradient of the
objective function is derived using the adjoint-state method and a nonlinear conjugate-gradient technique
is employed to update the model parameters. The developed algorithm can accurately reconstruct localized
time-lapse parameter variations with sufficient spatial resolution for data with moderate noise, even in the
absence of ultra-low frequencies (i.e., below 2 Hz). The study was published in the Journal of Seismic
Ezploration (Liu and Tsvankin, 2021).

FWI requires an accurate estimate of the source signature. However, as discussed above, obtaining the
source wavelet either directly from the data or during the inversion is time-consuming and error-prone. In
Chapter 3, I employ the time-domain “source-independent” technique in the developed time-lapse FWI
algorithm for VTT media. Tests on the 2D graben and Marmousi VTI models demonstrate that the
developed source-independent algorithm improves the accuracy of the estimated time-lapse variations
compared with the conventional Lo-norm-based FWI, even for significantly distorted source signals (e.g.,
the spike wavelet). This technique is particularly important in time-lapse processing because it can handle
the nonrepeatability of the source wavelet. This work was published in Geophysics (Liu and Tsvankin,
2022).

Chapter 4 addresses the limitations of VTI algorithms in the presence of even moderate symmetry-axis
tilt by generalizing the time-lapse FWI methodology for 2D TI media with a tilted symmetry axis (TTI).
The tilt model is estimated from the structural dips and is updated after completing the inversion for each
frequency band. Testing on the BP TTI model demonstrates the improvements in reconstructing
subsurface changes achieved by taking the tilt into account. I also investigate the influence of several
common nonrepeatability issues on the inversion results and incorporate the source-independent (SI)

technique into the TTT algorithm. This work is under review in Geophysics.



In Chapter 5, the developed time-lapse methodology and the SI technique are applied to 4D data from
the Pyrenees oil/gas field in Australia. Because the geologic structure of the field is relatively flat, the VTI
algorithm provides sufficiently accurate results. The masking technique that tapers the parameter gradient
in the water is extended to a nonflat water bottom for this case study. Three different objective functions
are used in the baseline inversion, with the global-correlation (GC) one providing the highest-quality
results. The estimated parameter variations reveal the reservoir changes likely caused by gas coming out of
solution and the replacement of gas with oil. Comparison with the output of the isotropic 4D FWI
algorithm confirms the importance of taking anisotropy into account in time-lapse inversion. This work is
being submitted to Geophysics.

To make inversion of time-lapse seismic data more efficient, in Chapter 6 I develop a convolutional
neural network (CNN) that predicts the spatial and temporal variations in both velocity and saturation.
This network helps devise a “hybrid” workflow for real-time monitoring that combines physics-based FWI
and data-driven CNN. The data scarcity problem is mitigated by a novel data-generation technique that
employs physics-based constraints. The developed hybrid methodology can predict the variations in
velocity and saturation simultaneously with similar or higher spatial resolution compared with time-lapse
FWI, even in the presence of realistic noise in the data. This work was published in Geophysics (Liu et al.,
2022).

Chapter 7 focuses on uncertainty quantification (UQ), which provides valuable information about the
prediction accuracy of time-lapse inversion. I incorporate Simultaneous Quantile Regression (SQR) into the
CNN developed in Chapter 6 to estimate the conditional distributions of all pertinent quantiles using the
pinball loss. The resulting uncertainty map is obtained from the prediction interval, which can be
asymmetric with respect to the predicted mean value - a feature that cannot be achieved by traditional UQ
methods. The proposed network exhibits higher robustness and generalizability than the conventional
CNN that uses an Li-norm objective function. This work is under review in Geophysics.

Finally, Chapter 8 presents the thesis conclusions and recommendations for future work.



CHAPTER 2
METHODOLOGY OF TIME-LAPSE ELASTIC FULL-WAVEFORM INVERSION FOR VTI MEDIA

A paper published* in Journal of Seismic Exploration

Yanhua Liu'+2, Ilya Tsvankin?

Time-lapse seismic processing can provide important information about the variations of reservoir
properties during hydrocarbon production and COs injection. High-resolution results for time-lapse seismic
can potentially be obtained from full-waveform inversion (FWI), but most existing time-lapse FWI
methods are limited to isotropic and, often, acoustic media. Extension of these techniques to more realistic
anisotropic elastic models is hampered by the trade-offs between the medium parameters and significantly
increased computational cost. Here, we develop a time-lapse FWT algorithm for VTT (transversely isotropic
with a vertical symmetry axis) media and evaluate several strategies of applying it to multicomponent and
pressure data. The adjoint-state method and a nonlinear conjugate-gradient technique are employed to
derive the gradient of the objective function and update the model parameters. We test the algorithm on a
relatively simple VTT graben model using the parallel-difference, sequential-difference and double-difference
time-lapse methods. The results confirm the ability of the proposed technique to reconstruct localized
time-lapse parameter variations in anisotropic media with sufficient spatial resolution. The
double-difference approach proves to be more accurate than the other methods in reconstructing the
time-lapse variations from noise-free multicomponent data. When FWI operates with clean pressure data,
the parallel-difference method is generally more accurate than the other techniques, especially in
estimating the shear-wave vertical velocity Vgo. For multicomponent and pressure data contaminated with
realistic noise, the double-difference method produces large errors in the temporal variations of the VTI
parameters. The parallel-difference technique outperforms its sequential-difference counterpart in
reconstructing the time-lapse variations inside the target zone from the noisy data while the latter
approach performs better in suppressing the false artifacts outside the “reservoir”. The tests also
demonstrate that including more information in time-lapse FWI does not always improve the inversion

results, likely due to the increased multimodality of the objective function.

*Reprinted with permission of Journal of Seismic Exploration, 2021, 30, 257-270.
IPrimary researcher and author.
2Department of Geophysics, Colorado School of Mines, Golden, CO, USA



2.1 Introduction

Time-lapse (4D) seismic has become a common tool for optimizing hydrocarbon reservoir production
and COs injection (e.g., Lumley, 2010; Pevzner et al., 2017; Smith and Tsvankin, 2013, 2016). Processing
of time-lapse data can provide important information about the variations of the reservoir properties, such
as pressure and fluid saturation.

Full-waveform inversion has been successfully applied to velocity analysis and reservoir characterization
(Asnaashari et al., 2015; Singh et al., 2018; Vigh et al., 2014) and can potentially provide estimates of
time-lapse parameter variations with high spatial resolution. Among the proposed strategies of time-lapse
FWI are the parallel-difference (Plessix et al., 2010), sequential-difference, and double-difference methods
(Denli and Huang, 2009; Watanabe et al., 2004), as well as joint (Alemie and Sacchi, 2016) and
simultaneous (Maharramov and Biondi, 2014) inversion techniques. The parallel-difference method uses the
same initial model for the baseline and monitor inversions, while the sequential-difference method employs
the inverted baseline data to build the initial model for the inversion of the monitor data. The
double-difference technique directly inverts the time-lapse data difference starting with the inverted
baseline model.

However, most published time-lapse FWI algorithms are limited to isotropic and, sometimes, acoustic
media. Extension of these methods to more realistic anisotropic models involves serious challenges,
including the much higher computational cost and the trade-offs between multiple parameters needed to
describe anisotropic formations (Kamath and Tsvankin, 2016; Singh et al., 2018).

Here, we present a time-lapse FWI methodology for VTT media and test it on a relatively simple graben
model, where the “reservoir” is located in thin dipping layers. Three most common time-lapse approaches
are applied to estimate the temporal variations of the VTI parameters using both multicomponent and
pressure data. Analysis of the inversion results reveals the advantages and shortcomings of the employed

strategies in reconstructing the time-lapse VTT model.
2.2 Methodology of time-lapse FWI for VTT media

The goal of time-lapse FWI is to estimate the temporal variations of the medium parameters using
seismic data before (baseline survey) and during or after (monitor survey) hydrocarbon production or CO4
injection. We parameterize VTT media by Vpo (P-wave vertical velocity), Vso (S-wave vertical velocity),
Vhor,p (P-wave horizontal velocity), Vimo,p (P-wave normal-moveout velocity from a horizontal reflector),
and p (density). These parameters fully describe the properties of P- and SV- waves for vertical transverse

isotropy. The advantages of this notation for elastic FWT are discussed by Kamath et al. (2017).



The velocities Vior,p and Vimo p are expressed through the Thomsen parameters ¢ and 0 as follows

(Thomsen, 1986; Tsvankin, 2012):

Vhor,p = Vo V1 + 2¢, (2.1)

Vnmo,P =Vpo V1+26. (2.2)

Typically, a conventional FWI algorithm is applied to the baseline data, while the monitor survey can be
processed using several different approaches. Here, we focus on the parallel-, sequential-, and
double-difference methods, which share the

same Lo-norm objective function (e.g., Tarantola, 1984) for the inversion of the baseline (subscript b)

data:

Sp(m) = % Hwb [d;‘jm(mb) - dng] ‘2 . (2.3)

where diim is the data simulated for the baseline model my,, dgbs is the observed data, and Wy, is the
weighting data-misfit operator.

To simulate multicomponent seismic data, the 2D elastic wave equation for arbitrarily heterogeneous
VTI media is solved with a fourth-order finite-difference algorithm. Model updating based on the objective
function in equation 2.3 is performed with the conjugate-gradient technique, and FWI is implemented
using a multiscale approach.

The three strategies examined here differ in the way they handle the monitor survey or the time-lapse

data difference, as described in more detail below.
2.2.1 Parallel-difference method

In the parallel-difference approach (Plessix et al., 2010), the baseline and monitor inversions are
performed independently but with the same initial model. Then the time-lapse variation in each parameter
is obtained by subtracting the inversion results for the two surveys. If the errors in the inverted baseline
and monitor models are similar (for example, have the same sign), the time-lapse model produced by the

parallel-difference method can remain sufficiently accurate.
2.3 Sequential-difference method

The sequential-difference strategy (Asnaashari et al., 2012) uses the inverted baseline model as the
initial model in FWT of the monitor data. Because the time-lapse variation is largely confined to the
reservoir, the baseline model should provide a good approximation for the parameters obtained from the
monitor data outside the target area. Then, as in the parallel-difference method, the inverted parameters

for the baseline survey are subtracted from those for the monitor survey.



By using the inverted baseline model as the initial model for the monitor reconstruction, the
sequential-difference method speeds up the convergence of the updating algorithm and partially mitigates
parameter trade-offs and problems caused by local minima of the objective function. However, this
approach relies on an accurate reconstruction of the baseline model, which might be problematic, for

example, if the baseline data are noisy.
2.3.1 Double-difference method

In the double-difference method (Denli and Huang, 2009; Watanabe et al., 2004), FWI is first applied
to the baseline data dgbs to obtain the inverted baseline model mL“V. Next, the so-called “composite” data
set deom is generated by adding the observed time-lapse data doPs — dgbs to the wavefield simulated for the
inverted baseline model. Then FWI operates directly with the time-lapse response by minimizing the
difference Ad between the simulated monitor data d$™ and the “composite” data” dcom, starting from the

inverted baseline model:

Ad = (dyy” —d™) — (A5 — dP™) = deom — d3™, (2.4)
deom = d° — > + di™ . (2.5)

Finally, the time-lapse parameter variations are obtained by subtracting the inverted baseline model from

the reconstructed “composite” (i.e., monitor) model.
2.4 Synthetic Examples

The proposed time-lapse FWI algorithm is tested on a 2D VTI model that includes a graben
structure (Figure 2.1a, d, g, j, and m). The time-lapse model for the monitor survey is obtained by
reducing the baseline velocities Vpo and Vg in the target area (i.e., in the dipping layer segments) by
approximately 13%, and density p by 10% (Figure 2.1c¢, f, i, 1, and o). The initial baseline parameters are
computed by Gaussian smoothing of the actual parameter distributions (Figure 2.1b, e, h, k, and n).

The elastic wavefield is excited by 116 shots (which represent point explosions) placed with a constant
increment along a horizontal line at a depth of 40 m. The source signal is a Ricker wavelet with a central
frequency of 10 Hz. We employ 400 receivers evenly distributed along the horizontal line at a depth of 100
m (Figure 2.1a).

Following Singh et al. (2019), FWI is performed using a multiscale approach with four frequency bands
(2-5 Hz, 2-8 Hz, 2-13 Hz, 2-19 Hz). The low-frequency data (0-2 Hz), which usually are difficult to record
in the field, are not included in the inversion. The accuracy of the three time-lapse methods is evaluated by

computing the normalized errors in the temporal variation of each parameter at all grid points.
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Figure 2.1 Parameters of the baseline model with a grid size of 10 x 10 m: (a) the P-wave vertical velocity
(Vpo), (d) the S-wave vertical velocity (Vso), (g) the P-wave horizontal velocity (Viorp), (j) the P-wave
normal-moveout velocity (Vamo,p), and (m) the density (p). The initial baseline model of: (b) Vpo, (e) Vso,
() Vaor,p, (X¥) Vamo,p, and (n) p. The actual time-lapse differences for (c) Vpo, (f) Vso, (i) Vior,p, (1)
Vamo,p, and (o) p.



2.4.1 Multicomponent data

First, the noise-free multicomponent data for the baseline model are inverted using the anisotropic FWI
algorithm described above. While the overall accuracy of parameter estimation is satisfactory, there are

noticeable errors at and near the boundaries of the graben structure due to edge effects (Figure 2.2).
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Figure 2.2 Normalized parameter errors for the final baseline model reconstructed from the
multicomponent data: (a) Vpo, (b) Vso, (¢) Vhor,p, (d) Vamo,p and (e) p.

Then we apply the parallel-, sequential- and double-difference methods to evaluate the time-lapse
variations in the parameters Vpg, Vo, and p (the NMO and horizontal velocities are held constant). In our
application of the sequential-difference method below, the inverted baseline model for the 2-5 Hz frequency
range is used as the initial model for the monitor inversion. Similar to the baseline inversion, all three
techniques (Figure 2.3) produce errors in the parameters Vpg, Vgo, and p near the boundaries of the target
area. These errors are caused primarily by the jumps in Vpg, Vso, and p across the boundaries of the target
for the monitor survey and for the “composite” data used in the double-difference method.

Outside the target area, the double-difference method (Figure 2.3c, f, and o) yields more accurate
estimates of Vpg, Vs and p (i.e., it shows no changes) than the other methods (Figure 2.3a, d, m, b, e, and
n) because it is specifically designed for inverting the time-lapse variations. The three methods reconstruct
the time-lapse changes of Vpg, Vgo and p inside the target zone with similar accuracy.

Although there are no temporal variations in the velocities Vior p and Viymo,p, all methods generate
false time-lapse anomalies in them (Figure 2.3g, j, h, k, i, and 1) because of the parameter trade-offs. As is
the case for the inversion results for Vpg, Vgo and p, the false anomalies in Vior p and Vo p (Figure 2.3i
and 1) are less pronounced (and mainly located near the target boundaries) in the output of the
double-difference method. In contrast, the errors in Viorp and Vime,p produced by the parallel- and
sequential-difference approaches are observed not only near the target boundaries, but also beneath the

graben structure. The double-difference method, however, generates a pronounced false perturbation in
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Figure 2.3 Normalized errors of the time-lapse parameter variations obtained from the multicomponent
data using three different approaches. Only the parameters Vpg, Vso and p are changed. The
parallel-difference method: (a) Vpo, (d) Vso, () Vior,p, (j) Vamo,p, and (m) p. The sequential-difference
method: (b) Vpo, (€) Vso, (h) Vhor,p, (k) Vamo,p, and (n) p. The double-difference method: (c) Vpo, (f) Vso,
(i) Vhor,Ps (1) Vimo,p, and (0) p-
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Vamo,p inside the target zone (Figure 2.31).

To analyze the leakage between the temporal variations of different parameters, next we change only
one parameter (Vpg, Vs, or p) at a time. Here, we discuss just the test for the perturbation in the velocity
Vso; the results for the parameters Vpg and p are generally similar. Interestingly, the time-lapse inversion
errors in this test (Figure 2.4) are larger compared to the previous experiment in which we changed three
parameters. Apparently, for this model the distortions related to the temporal variations in several

parameters partially compensate one another.

x (km)
25

0.1

Figure 2.4 Normalized errors of the time-lapse parameter variations obtained from the multicomponent
data. Only the parameter Vg is changed. The parallel-difference method: (a) Vpg, (b) Vso, and (¢) Vamo,p-
The sequential-difference method: (d) Veg, () Vgo, and (f) Vimo,p. The double-difference method: (g) Vpo,
(h) VSO, and (1) Vnm()’p.

As in the previous test (Figure 2.3), the double-difference method produces the most accurate results
outside the target area for all parameters (where they remain unchanged), as well as for Vi, p inside the
“reservoir” (Figure 2.4). Still, there is a significant false anomaly in the velocity Vimop (Figure 2.4i) in the
output of the double-difference algorithm. A similar anomaly in the velocity Vimo,p in the previous
test (Figure 2.31) is apparently caused by the temporal variation in Vgo because it does not appear when

we change just the velocity Vpo or density p.
2.4.2 Pressure data

Because pressure recordings contain less information than the displacement field (in particular, about
shear waves), the resolution of the inverted parameters (Figure 2.5) is lower compared to that for the

multicomponent data. However, the absence of the false time-lapse anomaly in Ve, p (Figure 2.51) in the
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results of the double-difference method indicates that FWI of pressure data may be less influenced by the
parameter trade-offs. Although adding multicomponent data typically increases parameter resolution, it
can also make the objective function more multimodal, which hinders convergence toward the global
minimum of the objective function. This observation is also made by Kamath and Tsvankin (2013) who
performed elastic FWI for horizontally layered VTT media.

x (km) x (km)
25 ; 25

Figure 2.5 Baseline models reconstructed from the pressure data: (a) Vpo, (b) Vso, and (¢) Vimo,p-
Normalized errors of the time-lapse parameter variations reconstructed from the pressure data. Only the
parameters Vpg, Vo, and p are changed. The parallel-difference method: (d) Vpo, () Vso, and (f) Vimo,p-
The sequential-difference method: (g) Vpo, (h) Vso, and (i) Vimo,p. The double-difference method: (j) Vpo,
(k) Vso, and (1) Vamo,p-

Note that the algorithm was able to reconstruct the graben structure in the fields of all medium
parameters (including density, which is not shown in Figure 2.5) because FWI operates with the entire
elastic wavefield and the acquisition geometry in our experiment covers a wide range of offsets. However,
the spatial resolution at and below the graben boundaries is noticeably lower than that obtained from the
multicomponent data. As a result, the time-lapse variations estimated by the sequential-difference
method (Figure 2.5¢, h, and i) have a lower resolution compared to the other two methods. This is
explained by the strong reliance of the sequential-difference approach on the accuracy of the inverted

baseline model.
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Predictably, for the baseline, monitor, and “composite” data, the results of the pressure inversion are
less accurate than those for multicomponent data. However, the errors in the recovered baseline and
monitor models are similar and, therefore, partially cancel each other in the output of the
parallel-difference method. Therefore, the parallel-difference method (Figure 2.5d and e) outperforms its
double-difference counterpart (Figure 2.5j and k) in suppressing false anomalies in Vpg, Vg0, and p. The
advantages of the parallel-difference method are especially obvious in the time-lapse model of Vgo because
this parameter is not well constrained by FWI of the pressure data (Figure 2.5b). The artifacts in the
time-lapse models of the velocities Vior p and Vimo,p (which are unchanged) for the parallel- and
double-difference methods have close magnitudes, but different spatial distributions (Figure 2.5f and 1). On
the whole, the accuracy of these two methods for Vior,p and Vime,p is comparable, but the

parallel-difference method yields better estimates of the changes in Vpg, Vgg, and p.
2.4.3 Noisy data

Next, the multicomponent and pressure data are contaminated with Gaussian noise to evaluate the
robustness of FWI with the different time-lapse strategies. The double-difference method is essentially
designed to invert the data difference (equations 2.4 and 2.5), for which the relative magnitude of the noise
is much higher than for each data set separately. Hence, the time-lapse models produced by the
double-difference method are distorted much more significantly compared to the two other techniques, and
the actual time-lapse variations can be hardly identified from the inversion results (Figure 2.6 and
Figure 2.7). Predictably, the resolution of the time-lapse variations reconstructed by all three methods
decreases with the reduction in the signal-to-noise ratio (SNR; see Figure 2.3, Figure 2.6 and Figure 2.7).
With increasing level of noise, the amplitude of the time-lapse variations inside the “reservoir” for the
parameters Vpg, p, and, especially, Vs generally decrease (i.e., the changes in these parameters are
underestimated). At the same time, the false anomalies in these parameters as well as in the velocities
Vhor,p and Vime p outside the target area become more pronounced (Figure 2.6 and Figure 2.7).

The time-lapse changes inside the target zone reconstructed by the parallel-difference method are more
accurate than those obtained by the sequential-difference method. In contrast, the latter method performs
slightly better outside the “reservoir” (Figure 2.6 and Figure 2.7). As in the previous test, the time-lapse
models produced by all three methods have a lower resolution for the noisy pressure records than for the

noisy multicomponent data.
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Figure 2.6 Parameters of the time-lapse model produced by three different strategies from the
multicomponent data (SNR = 16). The parallel-difference method: (a) Vpo, (d) Vso, (8) Vior,Ps () Vamo,pP,
and (m) p. The sequential-difference method: (b) Vpo, (€) Vso, (b) Vior,p, (k) Vimop, and (n) p. The
double-difference method: (¢) Vpo, (f) Vso, (i) Vaor,p, (1) Vamo,p, and (o) p.
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Figure 2.7 Parameters of the time-lapse model produced by three different strategies from the noisy
multicomponent data (SNR = 8). The parallel-difference method: (a) Vpo, (d) Vso, (8) Vior,ps (j) Vamo,p,
and (m) p. The sequential-difference method: (b) Vpo, (e) Vso, (h) Vior,p, (k) Vamo,p, and (n) p. The
double-difference method: (c) Vpo, (f) Vso, (i) Vior,p, (1) Vamo,p, and (o) p.
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2.5 Conclusions

We extended elastic time-lapse FWI to VTI models which are typical, for example, for unconventional
shale reservoirs. To resolve the temporal parameter variations, we employed three different time-lapse
strategies previously proposed for isotropic media. Application of these methods to a VTI graben model
showed that none of them significantly outperforms the other techniques in reconstructing the time-lapse
variations of the parameters Vpg, Vso, and p (the P-wave NMO and horizontal velocities were held
constant). For noise-free multicomponent data, the double-difference method produces the fewest artifacts
outside the target zone because it focuses specifically on the time-lapse response. Still, a pronounced false
anomaly in Vime p in the output of that method shows its susceptibility to parameter trade-offs (in this
case, between the velocities Vgo and Vimo p)-

When FWI operates with noise-free pressure data, the parallel-difference method yields the most
accurate results for Vpg, Vg, and p due to the similarity between the errors for the baseline and monitor
models. The parallel-difference and double-difference techniques generate comparable artifacts in the
time-lapse variations of Viorp and Viymo p (which are unchanged) caused by parameter trade-offs. The
sequential-difference method, which is more sensitive to the errors in the inverted baseline parameters, does
not perform well for the pressure data, which produce a low-resolution baseline model.

It is interesting that the false time-lapse anomaly in Vmo,p, which has a large magnitude for the
multicomponent data, is much less pronounced when using the pressure records. Although multicomponent
data help increase parameter resolution compared with the pressure inversion, they apparently make the
objective function more multimodal, which hinders the convergence toward its global minimum.

When the data are contaminated by realistic Gaussian noise, the double-difference method fails to
reconstruct the time-lapse variations because of the low signal-to-noise ratio of the difference between the
monitor and baseline data. The parallel-difference method generally performs better than the
sequential-difference method in reconstructing the time-lapse variations inside the target area but produces

more artifacts outside the “reservoir”.
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CHAPTER 3
SOURCE-INDEPENDENT TIME-LAPSE FULL-WAVEFORM INVERSION FOR VTI MEDIA

A paper published* in Geophysics

Yanhua Liu'+2, Ilya Tsvankin?

Time-lapse full-waveform inversion can provide high-resolution information about changes in the
reservoir properties during hydrocarbon production and C'Os injection. However, the accuracy of the
estimated source wavelet, which is critically important for time-lapse FWI, is often insufficient for
field-data applications. The so-called “source-independent” FWTI is designed to reduce the influence of the
source wavelet on the inversion results. We incorporate the convolution-based source-independent
technique into a time-lapse FWT algorithm for VTT (transversely isotropic with a vertical symmetry axis)
media. The gradient of the modified FWI objective function is obtained from the adjoint-state method.
The algorithm is tested on a model with a graben structure and the modified VTT Marmousi model using
three time-lapse strategies (the parallel-difference, sequential-difference, and double-difference methods).
The results confirm the ability of the developed methodology to reconstruct the localized time-lapse
parameter variations even for a strongly distorted source wavelet. The algorithm remains robust in the
presence of moderate noise in the input data but the accuracy of the estimated time-lapse changes depends

on the model complexity.
3.1 Introduction

Because seismic signatures are sensitive to the changes (e.g., in pressure and saturation) inside the
reservoir, seismic time-lapse monitoring has been widely used for optimizing hydrocarbon production and
COs injection (Lumley, 2010; Pevzner et al., 2017; Smith and Tsvankin, 2013). Full-waveform inversion
(FWI) is an established tool for high-resolution velocity analysis and has been applied to reservoir
characterization (Asnaashari et al., 2015; Li et al., 2021; Singh et al., 2018; Vigh et al., 2014; Zhang and
Alkhalifah, 2020). FWI iteratively updates the medium parameters by minimizing the misfit between the
observed and simulated seismic data.

Unlike conventional time-lapse methods, FWI operates with both the phase and amplitude of seismic
waves, which can potentially increase the resolution of the inverted time-lapse parameter variations.

However, FWI requires an accurate estimate of the source wavelet. Errors in the source signature (e.g., in

*Reprinted with permission of Geophysics, 2022, 87, no. 1, R111-R122.
IPrimary researcher and author.
2Department of Geophysics, Colorado School of Mines, Golden, CO, USA
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its shape, frequency, or amplitude) can hinder matching of the simulated and observed data and distort the
inversion results (Luo et al., 2014; Pratt, 1999; Song et al., 1995; Warner et al., 2013; Yuan et al., 2014).
This issue is particularly important for time-lapse FWI because of the commonly observed
non-repeatability of the source signature between the baseline and monitor surveys. In particular, seasonal
changes in the near surface may produce dramatic changes in the source signal (Jervis et al., 2018).

One way to reconstruct the source wavelet in FWI is to iteratively estimate it during the inversion
along with the medium parameters (Pratt, 1999; Song et al., 1995; Xu et al., 2006). However, this method
incurs a substantial computational cost, introduces additional trade-offs, and requires an accurate initial
approximation for the source wavelet (Xu et al., 2006).

b2

A more practical alternative is the so-called “source-independent” method designed to reduce the
influence of the source signature on the inversion results. Deconvolution-based trace normalization can be
employed in the frequency domain to remove information about the source wavelet from both the recorded
and modeled data (Choi and Min, 2012; Lee and Kim, 2003; Seo et al., 2005; Zhou and Greenhalgh, 2003).
Choi et al. (2005) propose to define the objective function in the frequency domain by multiplying the data
with the corresponding reference trace. However, the resolution achieved by this deconvolution-based
method strongly depends on the signal-to-noise ratio.

Choi and Alkhalifah (2011) define the convolution-based source-independent FWI objective function in
the time domain. The first step is to choose a reference trace from both the observed and simulated data
sets. Then the simulated data are convolved with the reference trace from the observed data, and the
observed data are convolved with the reference trace from the simulated data. The modified FWI objective
function is designed to minimize the difference between these two convolved data sets. One issue with this
approach is that the convolution and cross-correlation operations tend to generate additional noise, which
can be suppressed by applying a time window to the reference traces beforehand (Zhang et al., 2016).
Wang et al. (2018) employ the source-independent objective function to estimate the location and
excitation times. Bai and Tsvankin (2019) extend the time-domain source-independent waveform inversion
to attenuation estimation using reflection or transmission data from VTI media. Wang et al. (2020) use the
source-independent FWI to mitigate cycle skipping caused by the unknown source signature of passive
events and apply their algorithm to a field data set.

Liu and Tsvankin (2021) develop a time-lapse FWTI algorithm for VTT media and test it on synthetic
data using three common time-lapse strategies (Asnaashari et al., 2015): the parallel-difference (Plessix
et al., 2010), sequential-difference, and double-difference techniques (Denli and Huang, 2009; Watanabe
et al., 2004). The parallel-difference method uses the same initial model for the baseline and monitor FWI,

whereas the sequential-difference method inverts the baseline data to build the initial model for the
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monitor inversion. The double-difference technique directly estimates the time-lapse parameter variations
from the difference between the monitor and baseline data sets.

As mentioned above, time-lapse FWI is particularly sensitive to the accuracy of the source wavelet.
Note that even moderate wavelet-related distortions in the inversion of the baseline and monitor data can
lead to large percentage errors in the estimated time-lapse parameter variations. Most existing time-lapse
processing algorithms either assume the source wavelet to be known or iteratively estimate it during the
inversion.

Here, we extend the convolution-based source-independent method to time-lapse FWI of reflection data
from VTI media. This extension involves adaptation of the source-independent technique for different
time-lapse strategies, in particular for the double-difference method.

We begin by discussing the methodology of the source-independent FWI technique and outline its
application to time-lapse seismic. Analysis of the corresponding objective function is followed by a brief
review of the three above-mentioned time-lapse strategies. The derivation of the inversion gradients in
terms of the VTT parameters is given in the appendix A. The proposed algorithm is applied to the
reconstruction of the time-lapse parameter variations in a VT graben model and in a modified version of
the VTI Marmousi model. The inversion results are used to evaluate the robustness of the
source-independent algorithm implemented with different time-lapse strategies. We also discuss the

influence of the reference trace, time window, and noise on the inverted time-lapse variations.
3.2 Methodology of source-independent time-lapse FWI

FWTI of time-lapse seismic data generally involves the inversion of baseline and monitor surveys. The
baseline survey is often acquired before hydrocarbon production or C'O5 injection, and the monitor survey
during or after production/injection. Typically, FWT is first applied to the baseline data to obtain the
baseline model. Then the monitor survey is processed using different approaches according to the chosen
time-lapse strategy. The subtraction of the inverted baseline model from the monitor model yields the
time-lapse parameter variations.

Conventional algorithms use the Ls-norm objective function (e.g., Tarantola, 1984) for the inversion of
the baseline (subscript b) data:

1 : 2 1 . ) 2
st = [ = -

: (3.1)

where d§i™ is the data simulated for the baseline model my,, d2P® is the observed baseline data, the symbol

“

%7 denotes convolution, and G¥™ and G°P® are the simulated and actual Green’s functions, respectively.
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3.2.1 Source-independent methodology

To reduce the influence of the source wavelet, Choi and Alkhalifah (2011) and Zhang et al. (2016)
propose the following convolution-based source-independent objective function in the time domain:

Sulmy) = 5 [[[aim me) « (wagy) - ag« (wazy) |

. . . . 2
_ % H |:G51m % gSIM WG?é)fs % Sobs o Gobs " Sobs % WGi’larfn ” S51rn:| H (32)

)

= %H[és*éc—éo*§°]

where W = W (t) is a chosen time window, and d,er denotes the reference trace. Gfé’fs and Gig}“ are the
Green’s functions for the reference traces, G* and G° are the Green’s functions for the new
convolution-based simulated and observed data, and §° is the new source wavelet. The expressions for

W (t), G%, G°, and & are:

1 ¢ <t<ty;
Time window : W (t) = b=0= (3.3)
0 otherwise.
és — @sim 4 P Gobs.
New Green’s functions : ~ b ¥ ref 7 (3.4)
Go = G WG,
New source wavelet : 8¢ = g™ % s°P, (3.5)

t; and t;, are the boundaries of the time window applied to the reference trace.

The new simulated and observed data in equation 3.2 could be expressed as the convolutions of the new
Green’s functions (G* and G°) and the source wavelet (5¢). Because the wavelet &€ is the same for the
simulated and observed data, the deviation of the estimated source signature from the actual wavelet is
theoretically eliminated from the modified objective function.

The time window W (¢) is used to mitigate the artifacts caused by the convolution and cross-correlation
operations. To save computing time and ensure efficient noise suppression, the time window should be as
short as possible but has to contain sufficient information about the source wavelet. Zhang et al. (2016)
suggest that the lower cut-off time (¢;) should be before the first arrival, and the window should contain at
least one full waveform, such as the P-wave direct arrival. Here, we define the time window using the
Butterworth filter:

W(t) = ! = ! (3.6)

T (o 1+ (55

where n is the order of the filter (n = 15 in our examples).
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3.2.2 Implementation of time-lapse FWI

We parameterize VTI media by the velocities Vpo (P-wave vertical velocity), Vso (S-wave vertical
velocity), Vihor,p (P-wave horizontal velocity), Vime,p (P-wave normal-moveout velocity from a horizontal
reflector), and density p (Alkhalifah and Plessix, 2014; Kamath and Tsvankin, 2016; Singh et al., 2020;
Tsvankin, 2012; Zhang et al., 2018). Multicomponent data are simulated by solving the 2D wave equation
for elastic, arbitrarily heterogeneous VTI media with a fourth-order finite-difference algorithm (Singh et al.,
2020). All five VTI parameters are updated simultaneously using the gradients derived in Appendix A.

The time-lapse strategies employed here use the same objective function for the baseline inversion but
differ in handling the monitor survey (or the time-lapse data difference). In the parallel-difference approach
(Plessix et al., 2010), the baseline and monitor inversions are performed independently but with the same
initial model. The time-lapse model produced by this method can remain sufficiently accurate when the
errors in the inverted baseline and monitor models are similar. The sequential-difference strategy
(Asnaashari et al., 2012) uses the inversion of the baseline data to build the initial model for FWI of the
monitor survey. This facilitates the convergence of the monitor inversion due to the similarity between the
baseline and monitor surveys.

In the double-difference method (Denli and Huang, 2009; Waldhauser and Ellsworth, 2020), the monitor
inversion operates directly on the difference between the monitor and baseline data (d3> — d¢Ps). The
monitor model is obtained by minimizing the difference Ad between the simulated monitor data d$i™ and

the “composite” data deom, starting from the inverted baseline model:

Ad = (d(r)l’llas - dng) - (dfrilm - dlsaim) = dcom — d?rilm ) (3~7)
deom = dS> — dp™® +dji™ (3.8)

where d§i™ is the data simulated for the inverted baseline model.
Because the double-difference method operates on the data difference, the geometries of the baseline and

monitor surveys should be similar and the amplitude of the data difference should be above the noise level.
3.3 Synthetic Examples

The developed source-independent time-lapse FWI algorithm is tested on a VTT graben model and the
modified VTT Marmousi model. The synthetic data for both models are generated with the Ricker
wavelet (Figure 3.1a). The source-independent algorithm is applied for two distorted wavelets (Figure 3.1b
and Figure 3.1c) used in the inversion. FWTI is implemented for multicomponent surface data (vertical and
horizontal velocities) using the multiscale approach with four frequency bands starting at 2 Hz (Singh

et al., 2020).
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Figure 3.1 Source wavelets used in the synthetic examples: (a) the Ricker wavelet with a central frequency
of 10 Hz (actual wavelet), (b) the distorted “Ricker” wavelet with a central frequency of 17 Hz (Wavelet 1),
and (c) the spike (Wavelet 2). The frequency spectra of (d) the actual wavelet [see plot (a)] and (e)
Wavelet 1 [see plot (b)].

3.3.1 VTI graben model

The elastic wavefield is excited by 58 shots (point explosions) placed with a constant increment (80 m)
along a horizontal line at a depth of 40 m (Figure 3.2a). We employ 400 receivers evenly distributed with
an increment of 10 m along the horizontal line at a depth of 100 m (Figure 3.2a). The medium parameters
for the monitor survey (Liu and Tsvankin, 2021) are obtained by reducing the baseline vertical velocities
Vro, Vso, and density p in the target area (i.e., in the dipping layer segments) by approximately 10%
(Figure 3.2). The initial baseline models (Figure 3.2c, Figure 3.2f, Figure 3.2i, Figure 3.21, and Figure 3.20)
are computed by Gaussian smoothing of the actual parameter distributions with a standard deviation of 10.
The benchmark time-lapse results (Figure 3.3) are obtained by performing FWI with the actual wavelet
following the parallel-difference strategy. The time-lapse parameter variations inside the “reservoir” are
well estimated and there are no significant artifacts outside the target zone. The artifacts near the
boundaries of the graben structure are caused primarily by edge (smoothing) effects (Schmidt, 2005; Zhang
and Zhang, 2012) in the Lo-norm objective function.

Next, the conventional FWI algorithm is applied to the baseline data using a distorted source wavelet
(Wavelet 1). The incorrect source signature completely corrupts the inversion results, and even the graben
structure itself is barely visible (Figure 3.4). It is clear that conventional FWT is unable to reconstruct the
time-lapse parameter changes for the distorted wavelet.

Then we apply the source-independent FWI algorithm using Wavelet 1. After estimating the baseline

model, three time-lapse methods are used to reconstruct the parameter variations (note that the P-wave
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Figure 3.2 Parameters of the baseline graben model with a grid size of 10 x 10 m: (a) the P-wave vertical
velocity (Vpo), (d) the S-wave vertical velocity (Vgo), (g) the P-wave horizontal velocity (Viorp), (j) the
P-wave normal-moveout velocity (Vimo,p), and (m) the density (p). The actual time-lapse differences for
(b) Vpo, (e) Vso, () Vior,p, (k) Vimo,p, and (n) p. The initial baseline model of: (¢) Vpo, (f) Vso, (i) Vhor,p,
(1) Vamo,p, and (o) p.
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Figure 3.3 Time-lapse parameter variations obtained by conventional FWI with the actual wavelet using
the parallel-difference method (benchmark results): (a) Vo, (b) Vso, (¢) Vior,ps (d) Vamo,p, and (e) p.
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Figure 3.4 Baseline models estimated by conventional FWT using Wavelet 1: (a) Vpg, (b) Vgo, and (c¢) p.

horizontal and NMO velocities are held constant). All five VTT parameters are updated simultaneously
during the inversion. The selected reference traces for both the vertical and horizontal particle velocities

correspond to the receiver located closest to the source, which ensures high fidelity of the source signal.
3.3.1.1 Parallel- and sequential-difference methods

The time-lapse changes estimated by the source-independent FWI using the parallel- and
sequential-difference strategies are sufficiently close to the benchmark results (Figure 3.2), although the
amplitude of the time-lapse anomalies is slightly underestimated. Also, our method generates some false
time-lapse anomalies in the velocities Vior,p and Vimo p because of the parameter trade-offs (Figure 3.5g,
Figure 3.5h, Figure 3.5j, Figure 3.5k). The performance of the parallel-difference (Figure 3.5a, Figure 3.5d,
and Figure 3.5m) and sequential-difference (Figure 3.5b, Figure 3.5¢, and Figure 3.5n) methods in
reconstructing the time-lapse variations in Vpg, Vgg, and p and suppressing the artifacts is comparable.
The robustness of our algorithm applied with the parallel-difference method is further evaluated in
Figure 3.6 for the spike wavelet that represents an extreme shape distortion. Still, the time-lapse changes
of the parameters Vpg, Vgg, and p are reconstructed with sufficient resolution similar to those for Wavelet 1
(Figure 3.5a, Figure 3.5d, and Figure 3.5m). Clearly, our source-independent algorithm can handle even

extreme frequency and shape distortions in the source wavelet for high-quality multicomponent data.
3.3.1.2 Double-difference method

Although the double-difference method does not produce significant false anomalies, the reconstructed

temporal variations in Vpg, Vso, and p have the wrong sign (Figure 3.5¢, Figure 3.5f, and Figure 3.50). In
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Figure 3.5 Time-lapse parameter variations reconstructed by the source-independent algorithm with
Wavelet 1. The parallel-difference method: (a) Vo, (d) Vso, (&) Vior,Ps (j) Vamo,p, and (m) p. The
sequential-difference method: (b) Vpo, () V5o, () Vhor,p, (k) Vamo,p, and (n) p. The double-difference
method: (¢) Vpo, (f) Vso, (i) Vior,ps (1) Vamo,p, and (0) p.
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Figure 3.6 Time-lapse parameter variations estimated by the source-independent algorithm with the spike
wavelet (Wavelet 2) using the parallel-difference method: (a) Vpg, (b) Vso, and (c) p.
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contrast to the other two strategies, this method operates with the “composite” data (d3> — d¢Ps + dfim)
generated by adding the wavefield simulated for the inverted baseline model to the actual time-lapse data
difference (equations 3.7 and 3.8). The frequency distortion of Wavelet 1 leads to a phase mismatch
between the simulated baseline data d%im and the observed wavefield. The resulting degradation of the
“composite” data set prevents the source-independent algorithm from producing a sufficiently accurate
monitor model.

To verify this conjecture, in Figure 3.7b we use a wavelet which has the shape of Wavelet 1 but the
correct central frequency (the same as for the actual wavelet) to simulate the baseline seismogram and
generate the “composite” data. The monitor inversion is still performed using the source-independent
algorithm with Wavelet 1. In this case, the reconstructed parameter variations in the target area have the
correct sign (Figure 3.7b) and are sufficiently close to the benchmark results. Evidently, the
double-difference method has to be applied with a wavelet that has a sufficiently accurate frequency to
properly estimate the temporal parameter variations. If the data for the inverted baseline model are
simulated using the actual wavelet (FWTI is still performed with Wavelet 1), the double-difference
method (Figure 3.7¢) produces the time-lapse changes in the velocity Vpg with higher resolution than the
other two methods (Figure 3.5a and Figure 3.5b).
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Figure 3.7 Time-lapse variations of the velocity Vpg reconstructed by the source-independent algorithm
using the double-difference method. FWI is performed with Wavelet 1, whereas the data for the inverted
baseline model (dji™) are generated with: (a) Wavelet 1, (b) a signal that has the shape of Wavelet 1 but
correct frequency, (c¢) the actual wavelet.

One possible solution to at least partially resolve the issue with errors in the simulated baseline data
generated with a distorted wavelet is to apply dynamic seismic warping. This method has been proposed

for time-shift estimation in time-lapse processing by matching traces from the baseline and monitor surveys
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using the criterion of minimal dissimilarity (Hale, 2013a; Holschuh et al., 2014; Li et al., 2019; Rickett
et al., 2007; Venstad, 2014). We will investigate this method as part of our future research in anisotropic

time-lapse FWI.
3.3.1.3 Influence of noise

Next, the data are contaminated with Gaussian noise that has the signal-to-noise ratio equal to 16, a
realistic value for field data. We employ only the parallel-difference method due to its general robustness
for noisy data (Liu and Tsvankin, 2021). Here we show only the parameters Vpg, Vgg, and p reconstructed
by conventional FWT using the actual source wavelet (benchmark results) and by the source-independent
algorithm using the two distorted wavelets.

The baseline models (especially Vpg) inverted by the source-independent algorithm using Wavelet 1 are
somewhat distorted, likely due to the noise amplification in the convolution and cross-correlation
operations. However, the source-independent algorithm (Figure 3.8d and Figure 3.8e) surprisingly produces
a slightly more accurate reconstruction of the baseline velocities in the “reservoir” compared to
conventional FWI applied with the actual wavelet (Figure 3.8a, Figure 3.8b). Still, the time-lapse
variations of Vpg estimated by our algorithm (Figure 3.8j) have a somewhat lower resolution than the
benchmark section (Figure 3.8g). Nevertheless, the changes in the velocity Vgo reconstructed by the
source-independent FWI (Figure 3.8k) are close to those obtained with the actual wavelet (Figure 3.8h).
There is no significant difference between the accuracy of the time-lapse results produced with Wavelet 1
and the spike wavelet (Wavelet 2; not shown). This test indicates that our algorithm not only can handle
significant wavelet distortions, but also reconstruct the temporal parameter variations for data

contaminated with substantial noise.
3.3.1.4 Influence of the reference trace and time window

The objective function for the source-independent FWI (equation 3.2) is sensitive to the choice of the
reference trace and time window. Our results show that employing a reference trace that represents the
average of several near-offset traces produces smaller errors compared to using the zero-offset trace; the
worst results are obtained using a far-offset trace. This is not surprising because of the higher data fidelity
close to the source (Choi and Alkhalifah, 2011; Xu et al., 2006; Zhang et al., 2016). An arrival-time
(normal-moveout) correction needs to be applied to the near-offset traces to ensure their in-phase stacking
in generating the averaged reference trace. Although NMO stretch can lead to a loss of resolution, it is

usually negligible for small offset-to-depth ratios.
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Figure 3.8 Inverted baseline models and time-lapse variations obtained from noisy data (signal-to-noise
ratio is 16). Inverted baseline models obtained by conventional FWI with the actual wavelet [(a) Vpo, (b)
Vso, (¢) p] and by the source-independent FWI with Wavelet 1 [(d) Vo, () Vg, (f) p]. Time-lapse
variations obtained by conventional FWI with the actual wavelet [(g) Vpo, (h) Vgo, (i) p] and by the
source-independent FWI with Wavelet 1 [(j) Vpo, (k) Vso, (1) p].

As mentioned above, time windowing mitigates the artifacts (noise) caused by the convolution and
cross-correlation operations. However, the reference trace may not contain enough information about the
source signal if the window is too narrow. Figure 3.9 shows the velocity Vpg reconstructed from the
baseline data for the graben model. The source-independent FWT is applied with the spike wavelet and two
different time windows. If the window does not capture the entire first arrival (Figure 3.9c), the graben
structure is poorly resolved because the reference trace does not provide sufficient information about the
wavelet (Figure 3.9a). The section in Figure 3.9b is reconstructed with higher resolution because the time
window is closer to optimal, as it includes only the first arrival (Figure 3.9d). This observation agrees with
the conclusions of Zhang et al. (2016). Therefore, the time window in our tests is chosen to contain the full

waveform of the first arrival (such as the direct P-wave).
3.3.2 VTI Marmousi model

Next, we apply our algorithm to the modified VTT Marmousi model (Figure 3.10), with data simulated
using OBC-style acquisition. The source/receiver geometry is the same as that for the graben model but
the receivers are at a depth of 230 m, which corresponds to the water bottom. The time-lapse parameters
for the monitor survey are obtained by reducing the baseline vertical velocities Vpg, V5o and density p in

the target area (between the depths of 870 m and 1100 m) by 15% (Figure 3.10c, Figure 3.10f, and
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Figure 3.9 Velocity Vpg estimated by the source-independent algorithm from the baseline data for the
graben model using the spike wavelet (Wavelet 2) and two time windows: (a) window 1 [plot(c)] and (b)

window 2 [plot(d)].
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Figure 3.100). The reference trace used in the source-independent algorithm is recorded 70 m away from

the source.
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Figure 3.10 Baseline parameters of the modified VTI Marmousi model with a grid size of 10 x 10 m: (a)
Vpo, (d) Vso, (8) Vhor,ps (j) Vamo,p, and (m) p. The initial baseline model of: (b) Vpo, (€) Vso, () Vior,ps
(k) Vamo,p, and (n) p. The actual time-lapse differences for (c¢) Vpo, (f) Vso, (1) Vior,ps (1) Vamo,p, and (o) p.

As before, elastic FWI is applied to the vertical and horizontal particle-velocity components. After
generating the observed data using the actual wavelet, the benchmark parameter changes are obtained by
the conventional FWT algorithm using the parallel-difference method with the actual wavelet (Figure 3.11).

“reservoir,” the time-lapse variations are

Despite the model complexity and small thickness of the
reconstructed with sufficiently high resolution.

Next, we perform conventional FWI of the baseline data using Wavelet 1. However, the inversion
becomes unstable and does not converge, likely due to the increased sensitivity to wavelet distortions for
this structurally complex model. Then we employ a wavelet with the same shape distortion as Wavelet 1
but correct central frequency. Still, the geologic structure is not properly resolved in the inverted baseline

models (Figure 3.12), and it is obvious that conventional FWTI is incapable of reconstructing the time-lapse

changes with the inaccurate wavelet.
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Figure 3.11 Time-lapse variations for the Marmousi model obtained by conventional FWI using the
parallel-difference method with the actual wavelet (benchmark results): (a) Vpo, (b) Vso, and (c) p.
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Figure 3.12 Baseline Marmousi models produced by conventional FWI using a wavelet with only a shape
distortion: (a) Vpo, (b) Vso, and (c) p.
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Because of the problems with the double-difference method discussed above, the source-independent
algorithm is applied only with the other two strategies using the same distorted wavelet (Wavelet 1). In
contrast to the graben model, the sequential-difference method (Figure 3.13b, Figure 3.13d, and
Figure 3.13f) reconstructs the temporal variations with higher resolution and fewer artifacts than the
parallel-difference method (Figure 3.13a, Figure 3.13c, and Figure 3.13e).

Clearly, the performance of these methods varies with the model complexity. Because FWI is
implemented using a local optimization technique, the updating algorithm generally converges toward the
minimum of the objective function closest to the initial model. The convolution operations in the
source-independent method make the shape of the objective function more complex, and the pronounced
heterogeneity of the Marmousi model increases the inversion nonlinearity. Starting with the inverted
baseline model (which is relatively close to the monitor model) in the sequential-difference method
improves the convergence toward the monitor model, which yields more accurate time-lapse variations

(Figure 3.13b, Figure 3.13d, and Figure 3.13f).
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Figure 3.13 Time-lapse parameter variations for the Marmousi model obtained by the source-independent
algorithm with Wavelet 1. The parallel-difference method: (a) Vpg, (¢) Vo, and (e) p. The
sequential-difference method: (b) Vpg, (d) Vgo, and (f) p.

Comparison of the output of the source-independent FWI applied with the sequential-difference
method (Figure 3.13b, d, f) and the benchmark results (Figure 3.11) shows that despite the combination of

the significantly distorted wavelet and pronounced heterogeneity, our algorithm reconstructs the time-lapse
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variations with acceptable resolution. The somewhat lower accuracy of the source-independent technique
(as well as additional artifacts) for the Marmousi model as compared to the graben structure is likely due
to the increased medium complexity. In particular, multiple reflections, which could be captured by the

time window used in the convolution operations, may hinder the convergence of the algorithm.
3.4 Conclusions

We implemented a “source-independent” time-lapse FWI algorithm for VTI media in the time domain.
The modified FWI objective function is designed to mitigate the dependence of the inverted parameters on
the accuracy of the source wavelet by employing two additional data sets obtained by convolution
operations. The reference traces used in the convolutions should be recorded near the source to ensure high
fidelity of the source signature. The convolution time window is chosen to include the entire first arrival
(e.g., the direct P-wave) to ensure that the reference trace contains sufficient source information.

The synthetic examples demonstrate that the developed source-independent algorithm can accurately
reconstruct the time-lapse variations even for significantly distorted source signals (such as the spike
wavelet). The testing also confirms the ability of the method to deal with noisy data and strongly
heterogeneous media, although the results for the Marmousi model are somewhat inferior to those for the
simpler graben structure. The source-independent technique is particularly important in time-lapse

processing because it can handle the non-repeatability of the source wavelet.
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CHAPTER 4
TIME-LAPSE FULL-WAVEFORM INVERSION FOR ELASTIC TTI MEDIA

Submitted to Geophysics

Yanhua Liu'-2, Ilya Tsvankin?

Time-lapse (4D) full-waveform inversion (FWI) of seismic data can help estimate the subsurface
changes due to hydrocarbon production and COs injection. Previously, we have developed a 4D FWI
algorithm for VTT (transversely isotropic with a vertical symmetry axis) media. However, the VTI
algorithm fails to accurately reconstruct the 4D variations in the presence of dipping anisotropic layers that
often cause a tilt of the symmetry axis. Here, we extend the time-lapse FWI methodology to 2D TI media
with a tilted symmetry axis (TTI). The symmetry axis is assumed to be orthogonal to the reflectors, so its
orientation can be estimated from migrated depth images. The symmetry-axis tilt is incorporated into the
modeling code and computation of the FWI gradients by rotating the stiffness tensor using the Bond
transformation. The proposed algorithm is tested on the BP TTI model using three different time-lapse
strategies. If the 4D data are repeatable, the parameter changes are reconstructed with sufficient accuracy
in the presence of moderate noise. We also incorporate the “source-independent” FWI technique to
mitigate the influence of errors in the estimated source wavelet and address the wavelet nonrepeatability in
time-lapse data. In addition, we discuss the influence of several common nonrepeatability issues on the
time-lapse inversion results. Testing on the BP model shows that the parallel-difference time-lapse method

is more sensitive to nonrepeatability-related problems than the other employed 4D strategies.

4.1 Introduction

Time-lapse (4D) seismic processing is an important tool for monitoring subsurface changes caused by
hydrocarbon production and CO4 injection (Lumley, 2010; Pevzner et al., 2017; Smith and Tsvankin,
2013). Full-waveform inversion (FWI) can estimate the medium parameters with high spatial resolution by
minimizing the phase and amplitude differences between the observed and simulated data (Li et al., 2021;
Singh et al., 2018; Vigh et al., 2014; Zhang and Alkhalifah, 2020). Therefore, time-lapse FWI, which
involves the inversion of the baseline and monitor data, can be efficiently used to monitor 4D changes in
the reservoir (Asnaashari et al., 2015; Li et al., 2021; Lumley, 2001b).

Plessix et al. (2010) develop the parallel-difference (PD) 4D FWI strategy that inverts the baseline and

monitor data independently using the same initial model. Another workflow (Routh et al., 2012) uses the
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inversion of the baseline survey to build the initial model for inverting the monitor

data (sequential-difference strategy; SD), which improves the convergence of the monitor inversion. To
increase the sensitivity of FWI to the changes inside the reservoir, Watanabe et al. (2004) and Denli and
Huang (2009) suggest to directly invert the difference between the monitor and baseline data for the
time-lapse parameter variations (double-difference strategy; DD). Zhou and Lumley (2021a) average the
parameter variations produced by forward (baseline to monitor) and reverse (monitor to baseline)
applications of the sequential-difference strategy to reduce the dependence of the estimated time-lapse
changes on the accuracy of the inverted baseline model (central-difference strategy; CD). However, the CD
approach doubles the computational time compared to the SD and DD methods without a significant
improvement in resolution.

Most existing 4D FWI methods are limited to isotropic (often acoustic) media, which limits their
applicability. Liu and Tsvankin (2021) extend the methodology of 4D FWI to VTI (transversely isotropic
with a vertical symmetry axis) media and implement it with three different time-lapse strategies mentioned
above (PD, SD, and DD). However, transversely isotropic layers (such as shales) may be dipping, which
leads to a tilted symmetry axis (e.g., Tsvankin, 2012). For example, uptilted shale layers near salt domes
produce an effective tilted TT (TTI) model, often with a large inclination of the symmetry axis.

As shown by a number of synthetic and field-data studies, VTI algorithms become inadequate in the
presence of an even moderate symmetry-axis tilt. For example, Behera and Tsvankin (2009) demonstrate
that application of VTI velocity-analysis and imaging methods to data from TTI media may lead to
significant misfocusing of reflectors and errors in parameter estimation. Wang and Tsvankin (2013) develop
2D P-wave reflection tomography for TTI media and test it on field data from Volve field in the North Sea.
Their results show that taking the symmetry-axis tilt into account significantly improves migrated images.
Singh et al. (2021) apply an elastic TTI FWT algorithm to the Volve data set and incorporate facies
constraints to regularize the inversion. However, to our knowledge, 4D FWI for TTI media has not been
discussed in the literature.

The increased number of independent parameters for tilted transverse isotropy makes the objective
function more multimodal than that for VT media, and the model-updating algorithm is more likely to
get trapped in local minima. The ill-posedness of FWI can be mitigated by adding regularization terms
and prior constraints to the objective function (Asnaashari et al., 2013; Zhang et al., 2018). Another
problem is the trade-offs between the TTI parameters that can significantly distort the estimated model.
Sensitivity analysis can provide valuable insights into such trade-offs and optimal parameterization for
different types of input data (Alkhalifah and Plessix, 2014; Kamath and Tsvankin, 2016; Rusmanugroho

et al., 2017; Singh and Tsvankin, 2020).
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One of the challenges in FWI is its high sensitivity to the accuracy of the estimated source wavelet (Luo
et al., 2014; Pratt, 1999; Song et al., 1995; Warner et al., 2013; Yuan et al., 2014). This issue is particularly
significant for time-lapse FWI because the wavelet can change between the baseline and monitor surveys.
Liu and Tsvankin (2022) incorporate a source-independent (SI) technique (Bai and Tsvankin, 2019; Choi
and Alkhalifah, 2011; Zhang et al., 2016) into 4D FWI for VTT media and demonstrate its effectiveness in
mitigating the influence of errors in the source wavelet on the obtained time-lapse parameter variations.

Another common issue in time-lapse seismic is the nonrepeatability (NR) of the baseline and monitor
surveys. Ideally, the difference between the monitor and baseline data is caused only by the subsurface
changes. However, the data difference can be distorted by a number of other factors. Zhou and Lumley
(2021Db) discuss the influence of several NR issues on time-lapse parameter inversion and the performance
of 4D methods. However, their analysis is limited to isotropic acoustic media with known density, an
inadequate model for many case studies.

Here, we extend the previously developed time-lapse VTI FWI algorithm to TTI media, which makes it
suitable for a wider range of subsurface models. We begin by discussing FWI methodology for anisotropic
media and its application to time-lapse seismic data. Then we introduce a TTI FWI algorithm and
implement it using three 4D strategies discussed above (PD, SD, and DD). The proposed methodology is
tested on synthetic data for the section of the BP TTI model that includes an anticline. Then the
source-independent method is incorporated into the TTI extension of the FWI algorithm to reduce the
impact of the distortions in the source signature. In addition, we analyze the influence of several other

common nonrepeatability issues on 4D FWI and the performance of the employed time-lapse strategies.

4.2 Methodology of source-independent time-lapse FWI for TTI media
4.2.1 FWI for anisotropic media

Full-waveform inversion is designed to minimize the difference between the observed and simulated
data, typically using the Ls-norm objective function S(m) (e.g., Tarantola, 1984):

2

K

s = [ -

(4.1)

where d*™ is the data simulated for the model m and d°" is the observed data. Here, we minimize this
objective function for multicomponent data from 2D TTI media.

We describe P- and SV-waves in TTI media using a velocity parameterization that was shown to reduce
the trade-offs between the TI parameters (Kamath and Tsvankin, 2016). Also, velocities (and their
gradients) share the same units, which facilitates the optimization process. This notation includes the P-

and S-wave velocities in the symmetry-axis direction (Vpg and Vgp), the P-wave velocity in the isotropy
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plane, which is orthogonal to the symmetry axis (Vyor,p), and the P-wave normal-moveout velocity from a
horizontal reflector in the corresponding VTI medium (Vpmo,p). These four parameters along with density
and the symmetry-axis tilt 6 fully describe the signatures of P- and SV-waves in the vertical plane that
contains the symmetry axis.

Following Kamath and Tsvankin (2016) and Liu and Tsvankin (2021), the adjoint-state method is used
to calculate the gradient of the objective function S(m) with respect to the model parameters. We employ

a nonlinear conjugate-gradient method to iteratively update the medium parameters:

oS ods™
— = 4.2
om [ Oom } 4 (4.2)
where q is the residual wavefield.
Forward modeling is based on the finite-difference solution of the elastic wave equation for
heterogeneous TTI media:
0%u; 0 Ouy,
_ > = fi, 4.3
o 8t2 8.’Ej |:C gkl alL’l :| f ( )

where u is the particle displacement, p is the density, c;;; is the stiffness tensor, and f is the density of the

body forces. The wave equations for TTT and VTI media are described in more detail in Appendix B.
4.2.2 Strategies of time-lapse FWI

Time-lapse (4D) FWI operates with the baseline and monitor data sets. Here, we focus on three
common 4D FWI strategies discussed in the introduction: the parallel-difference (PD; Plessix et al., 2010),
sequential-difference (SD; Asnaashari et al., 2012), and double-difference (DD; Denli and Huang, 2009;
Waldhauser and Ellsworth, 2020) methods. To operate directly with the observed (d3” — d¢") and

simulated (dSi™ — d§i™) data difference, the DD method generates the “composite” data deom:
Ad = (drofs - dgbs) - (dfrilm - diim) =dcom — d;iqm ) (4.4)
deom = d° — ™ + dp™, (4.5)

where the subscripts “b” and “m” refer to the baseline and monitor data, respectively. The DD method
estimates the parameters of the monitor model by minimizing Ad from equation 4.4; the initial monitor

model is obtained by inverting the baseline data.

4.3 Synthetic Example
4.3.1 2D BP TTI model

The proposed time-lapse FWTI algorithm is applied to the section of the 2D BP TTI

model (Figure 4.1a-e), which contains an anticline. The model is 4.5x1.8 km with a grid size of 10x10 m;
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the data are excited by 56 shots placed at the water surface with a constant interval of 80 m. There are
435 receivers on the sea floor at a depth of 210 m, which emulates ocean-bottom acquisition. The
maximum tilt for this section of the BP model does not exceed 35° (Figure 4.2).

To obtain the initial model (Figure 4.1f-j), a Gaussian smoothing filter with a standard deviation of
70x70 m is applied to the actual parameter fields. Reflection tomography and/or borehole information can
help build the initial model in field-data applications. The monitor model is generated by reducing the
baseline parameters Vpg, Vso, and p in the target area (the thin horizontal layer) by 10% (Figure 4.1k,
Figure 4.11, and Figure 4.1m).

The input data are the vertical and horizontal particle velocities simulated using the elastic wave
equation for TTI media. FWI updates all parameters (the velocities and density) simultaneously. A
multiscale approach with four frequency bands is implemented to mitigate the cycle-skipping problem in
FWI. Data below 2 Hz are excluded from the inversion because such low frequencies are usually
unavailable in the field.

To estimate the tilt of the symmetry axis, we conduct depth migration for the initial baseline model
and set the axis orthogonal to the reflectors (Singh et al., 2021; Wang and Tsvankin, 2013). Because the
tilt for the BP model is mild, we also use a VTI migration code to generate the depth image and estimate
the dips, which yields the results that are similar to those for the TTI migration. An alternative way to
generate the depth image from the velocity model itself, proposed by Davy et al. (2021), also works well for
our model. Because the symmetry-axis tilt is mild and does not change significantly over iterations, we
update the tilt only after each inversion stage (frequency band).

As mentioned above, we apply 4D FWI with the parallel-difference (PD), sequential-difference (SD),
and double-difference (DD) strategies. The inverted baseline model is applied to the monitor inversion of
the SD and DD strategies without any smoothing. For the first test, the monitor data are acquired with
perfect repeatability. The results (used below as the benchmark) show that all three strategies reconstruct
4D variations with sufficient spatial resolution (Figure 4.3). Because of the parameter trade-offs, the
time-lapse variations of Vior p and Vime,p (which are unchanged) do not completely vanish. The DD
strategy reconstructs the 4D variations with the highest resolution and generates the fewest errors outside
the reservoir because the inversion of the monitor data operates with the actual 4D data difference. The
SD and DD strategies are more computationally efficient and yield fewer artifacts than PD because the

monitor inversion starts from the estimated baseline model.
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Figure 4.1 Parameters of the baseline BP TTI model with a grid size of 10 x 10 m: (a) the P-wave vertical
velocity (Vpo), (b) the S-wave vertical velocity (Vso), (¢) the density (p), (d) the P-wave velocity in the
isotropy plane (Vior,p), and (e) the P-wave normal-moveout velocity (Vimop). The initial baseline model
of: (f) Vpo, (g) Vso, (h) p, (1) Vior,p, and (j) Vamo,p- The actual time-lapse differences in (k) Vpo, (1) Vso,
and (m) p. Note that there are no time-lapse changes in Vior p and Vimo,p.

40



Figure 4.2 Tilt of the symmetry axis estimated by migrating the baseline data using the actual baseline
model.

4.3.1.1 Influence of tilt

To evaluate the influence of the symmetry-axis tilt on the wavefield, we compare the vertical particle
velocity for the actual baseline model of Vpg, Vso, Vhor,p, Vamo,p, and p simulated using TTI and VTI
algorithms (Figure 4.4). The reflected, diving, and converted waves computed for the two models match
reasonably well for offsets smaller than 2 km because the tilt is relatively mild. The influence of tilt
increases with offset x and becomes more significant for waves that cross the dipping flanks of the
anticline (z > 2 km) where the tilt is largest. Because the reservoir is subhorizontal (Figure 4.2), the VTI
algorithm still resolves the parameter changes with acceptable accuracy.

Next, we design a different monitor model where the target layer is dipping and embedded in the left
flank of the anticline (Figure 4.5a-c). After simulating the data for the actual TTI model, we conduct
time-lapse FWI using the SD strategy. The 4D TTTI algorithm accurately estimates the parameter changes
in the reservoir (Figure 4.5i-m). In contrast, the size and magnitude of the time-lapse parameter
variations (especially in p) is underestimated if the symmetry-axis tilt is ignored in FWI (Figure 4.5d-h).
In addition, the VTI inversion generates significant false anomalies in all parameters along and below the
anticline (red arrows). Evidently, the inadequacy of the VTT model leads to parameter cross-talk that
produces false anomalies in the velocities Vior,p and Vomo,p (which are held constant). Therefore, it is
essential to apply the TTT algorithm if the symmetry axis is tilted inside and around the reservoir, even if

the tilt is relatively mild.
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Figure 4.3 Time-lapse parameter variations obtained from noise-free multicomponent data. The
parallel-difference method: (a) Vpo, (b) Vso, (¢) p, (d) Vior,p, and () Vimo,p. The sequential-difference
method: (f) Vpo, (g) Vso, () p, (1) Vhor,p, and (j) Vamo,p. The double-difference method: (k) Vpo, (1) Vso,
(m) p, (n) Vhor,p, and (0) Vimo,p.

Figure 4.4 Shot gathers of the vertical particle velocity for: (a) the actual TTI medium, and (b) the
corresponding VTT medium. Plot (¢) shows the difference between plots (a) and (b).
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Figure 4.5 Time-lapse changes inside the reservoir located in a dipping segment of the anticline. The actual
time-lapse changes: (a) Vpo, (b) Vo, (¢) p. The time-lapse variations estimated by the VT [(d) Vpo, (e)
VS(), (f) P (g) Vhor,P; and (h) Vnmo’p] and TTI [(1) Vpo, (J) VS(), (k) P, (1) Vhor,P7 and (m) Vnmo,P] algorithms.
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4.3.1.2 Influence of nonrepeatable noise

To test the robustness of our TTI method for noisy data, we add nonrepeatable random Gaussian noise

with the signal-to-noise ratio (SNR) equal to 15 to both the baseline and monitor data for the model in

Figure 4.1.
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Figure 4.6 Time-lapse parameter variations obtained from noisy baseline and monitor data (the
signal-to-noise ratio is 15) for the model in Figure 4.1. The parallel-difference strategy: (a) Vpo, (b) Vso,
and (c) p. The sequential-difference strategy: (d) Vpo, (€) Vso, and (f) p. The double-difference strategy:
(h) Vpo, (i) Vso, and (j) p.

Figure 4.6 shows the inversion results for the parameters Vpg, Vs, and p. As expected, the added noise
degrades the reconstruction of the 4D variations (especially in p) and enhances parameter trade-offs.
Similar to the noise-free test, the SD and DD strategies produce relatively few artifacts, whereas the
noise-induced distortions are more significant in the output of the PD strategy. These observations are

consistent with the results of Liu and Tsvankin (2021) for VTI media.
4.3.1.3 Influence of source wavelet

In 4D seismic processing, the source wavelet is usually estimated from the baseline data after matching
monitor and baseline records. However, wavelet extraction is time-consuming and error-prone, and the
wavelets for the baseline and monitor data sets may differ. Errors in the wavelet distort the FWI results
because they hinder matching of the observed and simulated data.

To analyze the influence of signal distortions, we carry out the inversion using a wavelet (Wavelet 1,

Figure 4.7b) that substantially differs from the actual one (Figure 4.7a) in both phase and amplitude.
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Figure 4.7 Source wavelets used in the synthetic examples: (a) the Ricker wavelet with a central frequency
of 10 Hz (actual wavelet) and (b) the distorted “Ricker” wavelet with a central frequency of 17 Hz
(Wavelet 1). The frequency spectra of: (c) the actual wavelet [see plot (a)] and (d) Wavelet 1 [see plot (b)].

First, we apply FWI to the baseline data using Wavelet 1. Because of the wavelet distortion, the
model-updating algorithm could not converge to the global minimum of the objective function and
reconstruct the anticline and the reservoir (Figure 4.8a-c). It is clear that conventional FWI would not be
able to estimate the time-lapse changes due to errors in the wavelet.

To reduce the dependence of the inversion results on the accuracy of the source signal, we follow Liu
and Tsvankin (2022) and implement the convolution-based source-independent (SI) objective function in
the time domain (Choi and Alkhalifah, 2011). The SI algorithm (Figure 4.8d-f) dramatically improves the
accuracy of the inverted parameters and reconstructs the baseline model with a resolution close to that of
the benchmark sections (compare Figure 4.8d-f and Figure 4.8a-c).
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Figure 4.8 Baseline models estimated using Wavelet 1 by the conventional FWT [(a) Vpg, (b) Vs, and (c) p]
and the source-independent FWI [(d) Vpo, (e) Vso, and (f) p].
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Next we perform the monitor inversion using the source-independent algorithm with the PD and SD
strategies and compute the time-lapse parameter variations. The DD method is not employed here because
of the phase mismatch between the data simulated for the inverted baseline model using the distorted
wavelet and the observed data (Liu and Tsvankin, 2022). Despite underestimating the time-lapse changes
inside the reservoir, the output of the PD and SD methods is comparable to the benchmark sections, which
is consistent with the results of Liu and Tsvankin (2022) for VTI media. Similar to the benchmark test,
the SD workflow recovers the time-lapse changes with a higher resolution and fewer artifacts than the PD

strategy (Figure 4.9). The SI methodology remains sufficiently accurate for noisy data with moderate levels

of noise.
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Figure 4.9 Time-lapse parameter variations reconstructed by the source-independent algorithm using
Wavelet 1. The parallel-difference method: (a) Vpg, (b) Vgo, and (c) p. The sequential-difference method:
(d) Vpo7 (e) Vso, and (f)

p.

4.3.1.4 Influence of geometry nonrepeatability

The geometries of the baseline and monitor surveys are seldom perfectly repeatable, even if the
ocean-bottom nodes (OBN) are equipped with GPS devices. Preprocessing can reduce the impact of the
geometry NR but it is difficult to eliminate it completely. To explore the influence of the geometry changes
on 4D FWI, we move each source in the monitor survey up and to the right by 10 m. Due to this source
displacement, the data difference exhibits changes near and after the first arrival, which are unrelated to
the actual time-lapse anomalies (Figure 4.10b).

First, 4D FWI is applied using the actual acquisition geometries. Not surprisingly, the shift in the
source positions does not significantly influence the reconstruction of the time-lapse changes with all three
time-lapse strategies (Figure 4.11a-c) because the baseline and monitor inversions are performed with the
actual geometries. Although the DD strategy operates on the data difference, the error caused by the

geometry changes cancels out in equation 4.4.

46



Time (s)

%107
5

-5

Figure 4.10 Difference between the vertical particle-velocity components from the monitor and baseline
surveys: (a) the perfectly repeatable data (referred to as the actual difference) and the data with (b)

geometry nonrepeatability, (c) water statics, and (d) overburden changes. The actual differences caused by
the reservoir changes are circled in blue. The noise caused by nonrepeatability is marked by the red arrows.
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Figure 4.11 Time-lapse parameter variations of the velocity Vpg estimated from the data with geometry
nonrepeatability. The results obtained with the actual acquisition geometries: (a) the parallel-difference
method, (b) the sequential-difference method, and (c) the double-difference method. The results obtained
using the baseline geometry in the inversion of both the baseline and monitor data: (d) the
parallel-difference method, (e) the sequential-difference method, and (f) the double-difference method.
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Next, to evaluate the influence of geometry errors on the reconstructed 4D parameter changes, the
baseline data are inverted using the actual geometry, whereas the monitor inversion is performed with the
geometry of the baseline survey. Figure 4.11d-f show that all three time-lapse strategies produce significant
artifacts in the 4D results because of the time shifts between the simulated and observed monitor data
caused by the geometry errors. In particularly, these time shifts lead to mispositioning of the reflectors due
to the mismatch between these two data sets. Note that the PD strategy starts from a smoothed initial
model in the monitor inversion, which gives the model-updating algorithm more flexibility to misplace
reflectors. Therefore, the parameter variations produced by the PD strategy (Figure 4.11d) are distorted
more significantly by the geometry error compared to the two other strategies (Figure 4.11e and f), which

agrees with the observation of Zhou and Lumley (2021b).
4.3.1.5 Influence of water statics

The water velocity may change between the baseline and monitor surveys, and the corresponding time
shifts for some deep-water fields can reach 8 ms (Lecerf et al., 2022). Such “water statics” is often corrected
by applying time shifts trace-by-trace before the inversion. However, those corrections may not be adequate
for time-lapse FWTI if the parameter changes are relatively small (Borges et al., 2022). In the next test, we
perturb the water velocity of the monitor model to generate time shifts up to 3 ms in the monitor data.
Both the baseline and monitor inversions are performed with the water velocity of the baseline model.

Figure 4.10c shows that the water velocity variations produce noticeable changes in the wavefields
above the target area. Because of the incorrect water velocity for the monitor inversion, all three
time-lapse strategies generate artifacts and underestimate the size of the reservoir and the amplitude of the
parameter changes (Figure 4.12). Predictably, the parameters Vpg and p are distorted more than Vgg
because there are no S-waves in the water. Similar to the geometry NR test above, the PD strategy yields
the 4D results with the most artifacts due to the smoothed initial model in the monitor inversion. The SD
and DD strategies produce comparable results, which indicates that these two approaches better handle

moderate NR-related distortions.
4.3.1.6 Influence of overburden changes

Hydrocarbon production and CO; injection reduce the pore pressure inside the reservoir, which causes
stress changes in the surrounding rocks (e.g., Holt et al., 2016; Smith and Tsvankin, 2012). These
overburden and underburden changes produce time shifts that can provide useful information for reservoir
monitoring (e.g., Smith and Tsvankin, 2013). Precise modeling of stress-related velocity variations is

beyond the scope of this paper, so here we simulate such overburden changes by simply increasing the

48



x (km) x (km) x (km)
0 1 25 4 os 0 1 25 4 o2 0 1 25 4 oz
i == _ z " - - I.
= Eos = z 03 Eos = 0§
N R — /‘w I = N = /‘*‘. I x N — — i \ I =)
1.7 ES N 0.3 1.7 -t - 0.2 1.7 . 0.2
(a) (b) (c)
0 - Ioa 0 —Io.z 0 Ioz
€ o @ Eos - e Eos — E
2038 — 2 - go 0E & 05
N — - oat * N I ~ N I >
1.7 . I 03 1.7 : — | P 17! : 02
(d) (e) (f)
0 0.3 0 02 0 0.2
_ = | _ | _ i.
— U —_— _—
Eos , of Eos 02 Eos 05
N P> I = N = N - I °
1.7 - 03 1.7 : - | I 02 1.7 : 0.2
(g) (h) (i)

Figure 4.12 Time-lapse parameter variations estimated from the data with “water statics.” The
parallel-difference method: (a) Vpg, (b) Vso, and (¢) p. The sequential-difference method: (d) Vpo, (e) Vso,
and (f) p. The double-difference method: (g) Veo, (h) Vo, and (i) p.

baseline velocities Vpg and Vg above the reservoir by up to 4% for the monitor survey (Figure 4.13a and
Figure 4.13b).

The influence of the overburden changes is visible in the difference between the monitor and baseline
data (Figure 4.10d). Still, likely because the amplitude of the overburden velocity changes is smaller than
those in the reservoir, all three strategies are able to reconstruct the time-lapse variations in the reservoir
and overburden with sufficient accuracy (Figure 4.13). Indeed, FWTI is generally capable of estimating the
entire model, although relatively large overburden anomalies could potentially mask those in the reservoir.
Similar to the repeatability tests above, the DD strategy (Figure 4.13g and Figure 4.13h) reconstructs the
parameter changes with the highest resolution and fewest artifacts. This test also illustrates the sensitivity

of our algorithm to relatively small changes in the overburden for input data with a low noise level.
4.4 Conclusions

We extended the previously developed 4D FWI methodology from VTT to TTI media, which makes it
suitable for a wide range of subsurface structures. The algorithm is tested on the anticlinal section of the
BP TTI model using three difference time-lapse strategies: the parallel- (PD), sequential- (SD), and
double-difference (DD) workflows. To mitigate cycle-skipping, a multiscale technique with four frequency
bands is employed in both the baseline and monitor inversions. The velocity parameters responsible for P-
and SV-wave propagation in TTI models are updated (along with density) simultaneously at each

iteration. The tilt of the symmetry axis is estimated from the structure dips by setting the axis orthogonal
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to reflectors in migrated images. The tilt model is updated after completing the inversion for each
frequency band. If the baseline and monitor data are repeatable, our algorithm reconstructs the time-lapse
variations of the T'TI parameters with high spatial resolution, even in the presence of moderate noise.

We also incorporated the source-independent (SI) technique into FWI to mitigate the influence of errors
in the estimated source wavelet on the time-lapse results. The ST FWI algorithm proved capable of
reconstructing 4D parameter changes with sufficient accuracy even for a strongly distorted wavelet and
noisy data. Employed with the parallel-difference and sequential-difference strategies, the ST FWI
algorithm can overcome the source-wavelet nonrepeatability (NR) issue in field-data applications.

In addition, we analyzed the impact of other common NR problems, such as geometry changes, water
statics, and time-lapse velocity variations in the overburden. In the test with different source locations for
the baseline and monitor surveys, the time-lapse FWI that operated with the actual acquisition geometries
accurately estimated the 4D changes. Water statics was shown not to have a significant influence on the
inverted parameter variations, unless the corresponding time shifts are comparable to those caused by the
reservoir changes. If stress-induced velocity changes in the overburden do not dominate the time-lapse
response, FWTI is capable of resolving the 4D parameter variations in the entire model including the
reservoir.

Our testing also demonstrates that NR issues are best handled with the SD and DD strategies, whereas
the results obtained with the PD workflow are generally inferior. The PD strategy operates with a
smoothed initial model, for which the NR-induced time shifts between the simulated and observed data
may lead to significant distortions, such as reflector mispositioning. The SD and DD strategies generally
produce comparable 4D results, with the latter reconstructing the time-lapse changes with the fewer
artifacts for data with a low level of noise and high repeatability. Note that the performance of the SD and
DD strategies may vary with the model structure, the size of the reservoir, and the amplitude of the
time-lapse changes. Therefore, in field applications, it is advisable to test both strategies on a subset of the

data prior to processing the entire survey.
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CHAPTER 5
ELASTIC TIME-LAPSE FWI FOR ANISOTROPIC MEDIA: A PYRENEES CASE STUDY

Submitting to Geophysics

Yanhua Liu'>2, Ilya Tsvankin?, Shogo Masaya3, and Masanori Tani®

In the context of reservoir monitoring, time-lapse (4D) full-waveform inversion (FWI) of seismic data
has the potential to estimate reservoir changes with high resolution. However, most existing field-data
applications are carried out with isotropic, and often acoustic FWI algorithms. Here, we apply a time-lapse
FWI methodology for TT media with a vertical symmetry axis (VTI) to offshore streamer data acquired at
Pyrenees field in Australia. We explore different objective functions, including those based on global
correlation (GC) and designed to mitigate errors in the source signature (SI, or source-independent). The
GC objective function, which utilizes mostly phase information, produces the most accurate inversion
results by overcoming the difficulties associated with amplitude matching of the synthetic and field data.
The SI FWI algorithm is generally more robust in the presence of distortions in the source wavelet than
the other two methods, but its application to field data is hampered by reliance on amplitude matching.
Taking anisotropy into account provides a better fit to the recorded data, especially at far offsets. The 4D
response obtained by FWI shows time-lapse variations in the P-wave vertical velocity likely caused by the

reservoir gas coming out of solution and the replacement of gas with oil.
5.1 Introduction

Time-lapse (4D) seismic data have been extensively utilized in reservoir management to monitor
subsurface changes caused by oil and gas production (Lumley, 2010; Pevzner et al., 2017; Smith and
Tsvankin, 2013). Time-lapse full-waveform inversion (FWI) of baseline and monitor surveys is particularly
well-suited for monitoring 4D changes in the reservoir (Asnaashari et al., 2015; Li et al., 2021; Lumley,
2001b).

Different strategies have been proposed to optimize the inversion process and increase its sensitivity to
reservoir changes. One of them is the parallel-difference (PD) FWI method (Plessix et al., 2010), where the
baseline and monitor data are inverted independently using the same initial model. Routh et al. (2012)
present the sequential-difference (SD) strategy, which uses the baseline inversion to build the initial model

for inverting the monitor data. This approach has been shown to improve the convergence of the monitor
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inversion. The sensitivity of FWI to the time-lapse reservoir changes can be increased by applying the
double-difference (DD) strategy developed by Watanabe et al. (2004) and Denli and Huang (2009). The
DD method directly inverts the difference between the monitor and baseline data for the time-lapse
parameter variations.

Yang et al. (2016) apply 4D FWI to an OBC (ocean-bottom-cable survey) from the Valhall field in the
North Sea and show that the DD strategy produces the most accurate and interpretable reservoir changes.
Hicks et al. (2016) conduct acoustic 4D FWI for two vintages of the permanent Grane reservoir-monitoring
system in the North Sea and recover the P-wave velocity changes related to gas replacing oil during
hydrocarbon production. Egorov et al. (2017) estimate the time-lapse changes related to COs injection at
Otway field in Australia by applying 4D elastic FWI to walkaway VSP (vertical seismic profiling) data.

Application of elastic anisotropic 4D FWI to field data involves considerable challenges due to the
multimodal character of the objective function and parameter trade-offs. Liu and Tsvankin (2021) extend
the methodology of time-lapse FWI to VTT media and, in a sequel paper (Liu and Tsvankin, 2022),
incorporate a source-independent technique to mitigate the influence of errors in the source wavelet. Their
work highlights the importance of accounting for anisotropy in time-lapse FWI to achieve accurate and
robust inversion results, especially in complex geologic settings.

Here, the time-lapse FWI algorithm proposed by Liu and Tsvankin (2022) is applied to data from
Pyrenees field in western Australia. First, we discuss the FWI methodology for anisotropic media using
different objective functions and outline its applications to time-lapse seismic data. Basic information
about the Pyrenees field and data acquisition is presented next. Then the FWI algorithm for VTT media is
tested on the baseline data and the results are compared with those produced by the isotropic inversion.
We also evaluate the impact of different objective functions on the inversion results. Finally, preliminary

estimates of the time-lapse parameter variations are obtained using the sequential-difference strategy.

5.2 Methodology of source-independent full-waveform inversion

5.2.1 FWI objective functions

Full-waveform inversion is designed to minimize the data misfit, typically using the Lo-norm objective

function E(m) (e.g., Tarantola, 1984):

E(m) = % H [dsim(m) - dObS] . (5.1)

where d°Ps is the observed data and d*™ is the data simulated for the model m. Here, we minimize this

objective function for multicomponent data from isotropic and VTI media.
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The Lo-norm objective function is designed to optimize matching both the amplitude and phase of the
observed and simulated wavefield. However, amplitude matching can be challenging for field data due to
the complexity of wave-propagation phenomena in the subsurface. To address this issue, Choi and
Alkhalifah (2012) proposed a normalized global-correlation (GC) objective function G(m) that reduces the

dependence of data fitting on amplitude:

n T 5 3si n
s dobsdslm dt s o
G(m) _ ZT fO (m) _ Z dobsgsim (52)

S @[S, @ S

Here, d°Ps = d°Ps/ ||d°bSH and d*m = 4™/ HdSimH denote the normalized observed and simulated data,

respectively, ng is the number of sources, r is the trace number, and T is the total recording time. The
approach based on equation 5.2 has shown promising results in improving the convergence and robustness

of FWI in field-data applications (Singh et al., 2021).
5.2.2 Source-independent FWI

Errors in the estimation of the source wavelet can significantly distort the FWI results, and this
problem can be especially serious for time-lapse data. To reduce the influence of the source wavelet on
FWI, Choi and Alkhalifah (2011), Zhang et al. (2016), and Liu and Tsvankin (2022) propose the following
convolution-based source-independent (SI) objective function in the time domain:

1 : . 2
S(m) = 5 || [a m) « (Wagky) - a « (wasiz)] |
= % H [GSim 5 85 % TV GODS 5 895 — GOPS 4 8P « TWGSIT & sSim] H2 (5.3)

G|

where W = W (t) is the chosen time window that includes the first arrival, and d,et denotes the reference
trace. Gl?ebf? and GSIP are the Green’s functions for the reference traces, G and G° are the Green’s
functions for the newly computed convolution-based simulated and observed data, and s° is the new source

wavelet. Note that because the objective function in equation 5.3 is based on the Lo-norm, the ST

technique may still suffer from the amplitude mismatch between the observed and simulated data.
5.2.3 Forward modeling and model updating for FWI

The wavefield is simulated by solving the elastic wave equation for anisotropic heterogeneous media

using a finite-difference scheme:

0%, 0 Ouy,

_ il — | = fi, 5.4
Poe ~ og, [can Bz, |=4 (5-4)
where u is the particle displacement, p is the density, c;;; is the stiffness tensor, and f is the density of the

body forces.
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Following Kamath and Tsvankin (2016) and Liu and Tsvankin (2021), the adjoint-state method is used
to calculate the gradient of the objective function with respect to the model parameters. We employ a
nonlinear conjugate-gradient method for iterative parameters updating. The derivatives of the objective

function can be found as:

B |:6dsim

o, o

where q is the residual wavefield.

5.3 Field-data application
5.3.1 Location and geology

The Pyrenees field is located in the Exmouth Subbasin, offshore western Australia, where the water
depth is around 200 m (Figure 5.1). The reservoir is located about 1100 m below the sea surface. Oil and
gas production from the Pyrenees field commenced in 2010 following several exploration efforts (Scibiorski
et al., 2005). Studies of the area stratigraphy show that the depositional system can be characterized as a
wave-dominated delta (Woodall and Stark, 2013).

Prior to production, a dedicated baseline survey was conducted over the Pyrenees fields in 2005 using
conventional streamers (Woodall and Stark, 2013). The first time-lapse monitor survey was acquired in
2013, three years after production commenced in 2010, using PGS GeoStreamer cable, which has
geophones as well as hydrophones, with airguns. However, as shown in Figure 5.2, the acquisition
geometries of these two surveys are different, with the largest distance between the baseline and monitor
receiver locations exceeding 280 m. Moreover, the available monitor data were subject to P-up separation
to eliminate the second hydrophone ghost, and have a different frequency spectrum and amplitude scale
compared to the baseline pressure data. Therefore, the double-difference time-lapse FWI method, which
requires high repeatability, is not applicable to this case study. These issues highlight the challenges in
performing robust time-lapse seismic analysis of the Pyrenees data and emphasize the need for advanced

methodologies that can properly handle the data complexity.
5.3.2 Preprocessing

To apply our 2D FWTI algorithm, we extract a line from the 3D data volume by selecting inline #1722
(marked by the orange and yellow line in Figure 5.2). Both the baseline and monitor data have a relatively
high signal-to-noise ratio, so only minimal preprocessing is applied to enhance the useful signal. The three
primary preprocessing steps include: (1) noise attenuation to suppress the linear noise in the data; (2)
zero-phase low-cut Orsmby filtering to remove low-frequency noise below 3 Hz, and (3) zero-phase low-pass

Orsmby filtering to retain frequencies below 12 Hz, which is the maximum frequency used in FWI.
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Figure 5.1 Location of the Pyrenees 4D survey (after Cai et al., 2019).

The inclusion of low-frequency data is critical for obtaining accurate FWI results. A careful selection of
the lowest frequency in FWI is essential to prevent cycle-skipping and mitigate the influence of noise. For
that purpose, low-pass filters with high-cut frequencies of 2, 3, 4, and 5 Hz were applied to denoised raw
shot gathers in the time domain (Figure 5.3). For the 2-Hz filter, the signal is somewhat discernible, but
the near- and mid-offset traces are significantly contaminated by linear noise. On the other hand, for the 3-
and 5-Hz filters, coherent and higher-amplitude signals become observable, which is indicative of an
improved signal-to-noise ratio. Therefore, FWI is applied with a low-cut filter that has an edge frequency

of 3 Hz. To reduce the computational cost, the maximum frequency was set to 12 Hz.
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Figure 5.2 Geometries of the time-lapse seismic surveys. The orange and yellow lines mark the 2D baseline
and monitor surveys, respectively.

The employed FWT algorithm operates with all wave types recorded with the chosen time window
including refracted and reflected arrivals. Multiples and surface ghosts are also used in FWI and simulated
by the forward-modeling code. Elasticity and anisotropy (transverse isotropy) are taken into account to

make the algorithm more suitable for field data, as discussed below.
5.3.3 Initial model

The P-wave vertical velocity (Vpg) was built based on well logs and the result of reflection tomography
for VTI media (Figure 5.4a) in the previous seismic data processing, which are published by Geoscience
Australia. The Thomsen parameters € and ¢ estimated in the processing are small, with maximum values
less than 0.05. The shear-wave vertical velocity (Vgo) (Figure 5.4b) is obtained by extrapolating the ratio
of the P-wave and S-wave velocities in a well, which is about 1 km away from the 2D line (not shown here).
The density (Figure 5.4c) is obtained from the P-wave velocity by applying Gardner’s (Gardner et al.,

1974) equation for sedimentary formations:

p =310 Vo2, (5.6)
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Figure 5.3 Seismic shot gather after low-bandpass filtering with a high cut-off frequency of (a) 2Hz, (b)
3Hz, (¢) 4Hz, and (d) 5Hz. The white dashed circle shows the seismic signal.

where p is in kg/m?, and Vpg is in m/s. Note that equation 5.6 is used only to compute the initial density
model, which is updated during FWT using the corresponding inversion gradient (Liu and Tsvankin, 2022).
The Gaussian filter with a kernel of 62.5 m x 62.5 m is applied to the parameters in Figure 5.4a-b to

obtain the smooth initial model (Figure 5.4d-f).
5.3.4 Wavelet estimation

Accurate estimation of the source signature is of utmost importance in achieving successful FWI
results. Errors in the wavelet can hamper the model-updating process (e.g., it can get trapped in a local
minimum of the objective function) and cause distortions in the subsurface model (Luo et al., 2014; Warner

et al., 2013; Yuan et al., 2014). This issue is particularly critical in time-lapse FWT where the source
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Figure 5.4 Parameters of the Inpex VTI tomography model with a grid size of 12.5 x 12.5 m: (a) the
P-wave vertical velocity (Vpg), (b) the S-wave vertical velocity (Vgo), and (c) the density (p). The
smoothed initial model for FWI: (d) Vpg, (e) Vso, and (f) p.

wavelet can be different for the baseline and monitor surveys (Liu and Tsvankin, 2022).

A common approach for wavelet estimation involves using water-bottom reflections and direct arrivals,
which requires such preprocessing steps as deghosting and multiple removal. Alternatively, Song et al.
(1995) and Pratt (1999) suggest estimating the source wavelet during the inversion process. However, their
methodology entails additional trade-offs that may compromise the quality of the inversion.

Here, we adopt a method for source-signature estimation proposed by Robinson and Treitel (1967).
Their filter-based approach eliminates the need for deghosting and is particularly advantageous for
deep-water surveys, in which the direct waves does do not interfere with water-bottom arrivals (e.g.,
reflections and multiples).

The inversion is initiated with a Ricker wavelet that has a central frequency of 8 Hz. The water velocity
model is constructed based on the results of P-wave tomography provided by Inpex. Next, forward
modeling is employed to simulate the direct wave using the initial wavelet. The direct arrival is extracted
from the nearest-offset (250 m) trace.

Matching of the observed and simulated first arrivals makes it possible to generate a Wiener filter
(Figure 5.5b), which serves as a corrective mechanism to update the initial wavelet (Robinson and Treitel,

1967). Finally, the Wiener filter is applied to the initial wavelet, resulting in the wavelet (Figure 5.6b)
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employed in FWI.
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Figure 5.5 (a) Observed and simulated direct wave. (b) The Wiener filter obtained by mapping the
simulated data to observed data.

5.3.5 Inversion of baseline data

Because the data are acquired in 3D geometry, the sources and receivers for the chosen 2D line set do
not belong to a straight line. Therefore, a source/receiver projection onto the line is necessary before
performing 2D FWI. The source wavelet for FWI is estimated by the Wiener filter proposed by Robinson
and Treitel (1967), as described above. FWTI operates in the frequency range from 3-12 Hz. All medium

parameters including density are updated independently using the nonlinear conjugate-gradient method.
5.3.5.1 Elastic isotropic FWI

First, we apply elastic isotropic FWI with three different objective functions (equations 5.1-5.3) to the
baseline data. As expected, the inverted models (Figure 5.7) have a higher spatial resolution than the

initial parameter distributions. The global-correlation (GC) objective function produces a more continuous
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Figure 5.6 (a) Initial guess wavelet, (b) final wavelet after applying the Wiener filter (used for FWI), and
(c) the difference.

low-velocity layer at a depth of 1.1 km, which corresponds to the reservoir location (indicated by the white
arrows). The high-frequency artifacts below 2 km (circled in white) generated by the Ls-norm objective
function are significantly suppressed by applying the source-independent (SI) and GC functions. The
periodic artifacts in the deeper part of the section (below 1.2 km), which are especially strong for the
inverted density, are likely caused by the difficulties in matching the multiples.

It should be noted that the initial p model is obtained from Gardner’s equation, and there is a larger
uncertainty in this parameter compared to the velocities. Furthermore, FWI is carried out without
constraints, making it even more challenging to accurately estimate density from the surface seismic data.

The vertical profiles of the velocity Vpg show that the GC objective function produces the velocity that
is closer to the sonic log than that estimated by the two other objective functions (Figure 5.8). In
particular, both Ly-norm-based objective functions underestimate the velocity in the overburden, likely due
to the difficulty of matching the amplitudes of the observed and simulated data. The inverted models

obtained with all three objective functions reduce the data misfit compared to that for the initial model
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Figure 5.7 Medium parameters estimated by isotropic FWI using different objective functions. The
Lo-norm objective function: (a) Vpg, (b) Vgo, and (c) p; the source-independent (SI) objective function: (d)
Vpo, (e) Vso, and (f) p; the global-correlation (GC) objective function: (h) Vpg, (i) Vso, and (j) p. The
arrows point to the low-velocity layer and the ellipses mark high-frequency artifacts.

(Figure 5.9a). The best fit to the data (see the white row), however, is provided by the model

reconstructed using the GC objective function.

5.3.5.2 Influence of wavelet distortion

The satisfactory results produced by the GC objective function indicate that the estimated wavelet may
be sufficiently accurate. To investigate the influence of errors in the wavelet on the FWI results, we distort
the central frequency and shape of the filtered wavelet (not shown here).

The inversion of the baseline data shows that both Le-norm (Figure 5.10a) and GC (Figure 5.10b)
objective functions are significantly influenced by the wavelet errors. FWI perform with these objective

functions cannot reconstruct the continuous low-velocity layer, and the inverted parameters are noisy. In
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contrast, the ST FWI (Figure 5.10c) estimates the medium parameters with resolution similar to that in the
previous test, which is consistent with the results of Liu and Tsvankin (2022). However, application of the

SI technique to this data set is hampered by difficulties in amplitude matching, as discussed above.
5.3.5.3 Elastic FWI for VTI media

Asaka et al. (2016) have identified the presence of anisotropy (transverse isotropy) during their
velocity-model building process for a field, offshore Western Australia. They emphasized the importance of
incorporating anisotropic inversion techniques for accurate reservoir characterization. Therefore, next we
apply the FWI algorithm for VTI media developed by Liu and Tsvankin (2021, 2022). Because the
structure dips in the area are mild, the VTI model should be adequate for our purposes (Figure 5.7).

We parameterize vertical transverse isotropy media by Vpg (P-wave vertical velocity), Vso (S-wave
vertical velocity), Vhor,p (P-wave horizontal velocity), Vamo,p (P-wave normal-moveout velocity from a
horizontal reflector), and p (density) (Kamath et al., 2017). The velocities Vihor,p and Viame,p are expressed

through the Thomsen parameters £ and § as follows (Thomsen, 1986; Tsvankin, 2012):

VhorﬁP = Vpo V1 + 2¢, (57)

Vnmo,P =Vpo V1+26. (5.8)

Because reflection tomography published by Geoscience Australia produced € and § with a maximum
value close to 0.04, the initial model is isotropic. We employ the GC objective function, which provided the
highest accuracy in the isotropic inversion discussed above. The anisotropic (VTI) FWI algorithm
produces a more continuous low-velocity layer (marked by the white arrow) in the sections of all four
velocities along with reduced artifacts below the reservoir (Figure 5.11). We also computed the Thomsen
parameters € and § from the inverted velocities using equations 5.7 and 5.8, respectively (Figure 5.12). Our
results show that the maximum value of € is about 0.15 and ¢ around 0.085, which is consistent with the
observations of Asaka et al. (2016), but indicates that the previous tomographic model likely
underestimates the magnitude of anisotropy.

Taking anisotropy into account yields a more accurate P-wave velocity field. Indeed, the velocity Vpg
reconstructed by the VTT algorithm closely matches the sonic log, with higher values above and within the
reservoir and lower values below it (Figure 5.13). The comparison of the observed and simulated data
(Figure 5.14) shows a good agreement for shallow events, especially at the far offsets (see the white
arrows), where the offset-to-depth ratio is close to 1.5. The VTI algorithm does not generate significant

parameter updates below 2 s, probably due to the limited offset-to-depth ratio.
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The inverted velocity Vpo deviates from the sonic log at depths from 900-1000 m (Figure 5.13). As
mentioned above, FWI was applied using the frequency range from 3-12 Hz. Including higher frequencies in
the inversion may improve the accuracy of the inverted parameters, especially in the shallow part of the
model. Therefore, we increase the highest frequency in VTT FWI to 19 Hz; the initial model is obtained by
FWI using the top frequency of 12 Hz. Although the change in Vpg is not significant (Figure 5.15a and d),
there is a larger update in the anisotropy parameters ¢ and 0 (Figure 5.15b and c¢). As a result, the match
between the observed and simulated data (Figure 5.16) is substantially improved, especially for zero-offset

times less than 2 s.
5.3.6 Inversion of monitor data

As mentioned above, the available monitor data were subject to P-up separation, which changes the
frequency spectrum. The central frequency of the monitor data is lower than that of the baseline data
(Figure 5.17), especially at the near and far offsets. In contrast to the baseline data, the frequency of the
monitor data is the highest in the mid-offset range (from traces 90 to 150).

We employ the sequential-difference (SD) strategy for time-lapse analysis because of its efficiency and
robustness compared to the parallel-difference method (Liu and Tsvankin, 2021). Because of the
inconsistent frequency content of the monitor data at different offsets, the field and modeled data are not
likely to match if only one frequency band (e.g., 3-12 Hz) is used in FWI. Therefore, a multiscale inversion
approach is implemented with three frequency bands: 3-5 Hz, 3-9 Hz, and 3-12 Hz. The multiscale
inversion also helps mitigate the cycle-skipping issue common in FWI.

Figure 5.18 shows the time-lapse variations of the velocity Vpg and parameters ¢ and ¢ estimated by
the SD strategy. “Sandwich”-shape 4D changes are observed in the velocity Vpg obtained for the frequency
range 3-5 Hz (Figure 5.18a-c), where a low-velocity layer is embedded between two high-velocity horizons
(marked by the black arrow). The main 4D response is the velocity decrease (softening) of the reservoir
likely caused by gas coming out of solution. The velocity increase (hardening) is also observed above the
reservoir, which could be due to oil replacing gas (Cai et al., 2019; Duncan et al., 2015).

A similar pattern is observed in the variations of the parameters ¢ and §. However, false 4D anomalies
appear in Vpg below 1.5 km and in € around the water bottom (marked by the dashed black rectangles).
Although these artifacts are less pronounced for the frequency range 3-9 Hz (Figure 5.18d-f), they get
amplified when the maximum frequency goes up to 12 Hz (Figure 5.18h-j). This enhancement of artifacts is
likely due to the forward modeling algorithm in FWI being unable to simulate the inconsistent frequency

content of the monitor data.
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5.4 Conclusions

We applied a previously developed 4D FWI methodology for VTI media to a field data set from the
Pyrenees field in Australia, which involved baseline and monitor surveys with different geometries and
frequency spectra. Inversion of the baseline data showed that the global-correlation objective function
produces better results than the Lo-norm and source-independent (SI) objective functions which are
sensitive to difficulties in amplitude matching. The superior performance of the global-correlation objective
function was ensured by the sufficiently accurate estimation of the source wavelet. If the wavelet is
significantly distorted, FWI should be performed with the SI objective function. Taking vertical transverse
isotropy into account led to a better match between the sonic log and the P-wave vertical velocity and
reduced the misfit between the observed and simulated data, particularly at the far offsets. Increasing the
highest frequency in FWI from 12 to 19 Hz improves the match between the observed and simulated data,
especially at shallow depths (for zero-offset times less than 2 s).

We also presented preliminary results of applying time-lapse FWI to the monitor data. The time-lapse
inversion was hampered by nonrepeatability issues and the inconsistent frequency content of the monitor
records. Still, application of the sequential-difference time-lapse strategy revealed the velocity variations
inside and around the reservoir caused by hydrocarbon production. The time-lapse results indicate that
the main 4D response is the softening of the reservoir caused by gas coming out of the solution and the

hardening effect above the reservoir caused by the replacement of gas with oil.
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1.4

Figure 5.8 Vertical profiles of the P-wave vertical velocity Vpg. The velocity obtained from the well logs is
marked by the blue line and the initial velocity used in FWI by the red line. The inversion results are
marked by the yellow (Ls-norm objective function), violet (SI objective function), and green (GC objective
function) lines.
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Figure 5.9 Quality of data matching for shot 144 at x &~ 1 km. The recorded traces (“field data”) are
interleaved between the traces simulated using (a) the initial model and (b, ¢, d) the models obtained by
the isotropic FWI applied with the (b) Lao-norm objective function, (¢) source-independent objective
function, and (d) global-correlation objective function. The arrows point to the areas where the GC
objective function produces a better match with the field data.
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Figure 5.10 P-wave velocity (Vpo) estimated by isotropic FWI with a distorted wavelet using different
objective functions: (a) the Lo-norm objective function, (b) the global-correlation (GC) objective function,
and (c) the source-independent (SI) objective function.

68



(d)

25

g/cm

Figure 5.11 Medium parameters estimated by the VTT FWI algorithm with the global-correlation objective
function: (a) Vpo, (b) Vso, (¢) Vior,p, (d) Vamo,p, and (e) p
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Figure 5.12 Thomsen parameters obtained from the inverted velocities (Figure 5.11) using equations 5.7
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1.4

Figure 5.13 Vertical profiles of the P-wave vertical velocity Vpg. The velocity obtained from the sonic log is
marked by the blue line and the initial velocity used in FWI by the red line. The inversion results are
marked by the yellow (VTT FWI) and violet (isotropic FWTI) lines.
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Figure 5.14 Quality of data matching for shot 144 at x ~ 1km. The recorded traces are interleaved between
the traces simulated using the models obtained by the (a) isotropic FWI and (b) VTI FWI, both applied
with the GC objective function. The arrows point to the areas where the VTI algorithm produces a better

match with the field data.
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Figure 5.15 Medium parameters estimated by the VTT FWI algorithm with the highest frequency equal to
19 Hz: (a) Vpo, (b) €, and (c) 6. Plot (d) shows the vertical profiles of the P-wave vertical velocity Vpo.
The velocity obtained from the sonic log is marked by the blue line. The inversion results obtained using
the highest frequencies equal to 12 Hz and 19 Hz are marked by the yellow and orange lines, respectively.
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Figure 5.16 Quality of data matching for shot 144 at x ~ 1 km. The recorded traces are interleaved
between the traces simulated using the models obtained by the VTT FWI with the GC objective function
using the highest frequencies equal to (a) 12 Hz and (b) 19 Hz.
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Figure 5.17 Seismograms for shot 144 after applying Orsmby filtering (3-12 Hz) to the (a) baseline and (b)
monitor data.
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Figure 5.18 Time-lapse parameter variations obtained by the VTT FWI algorithm using a multiscale
approach. The results for the frequency bands 3-5 Hz [(a) Vpo, (b) €, and (c) ], 3-9 Hz [(d) Vpo, (e) €, and
(f) 4], and 3-12 Hz [(h) Vpo, (i) €, and (j) 6]. The arrows point to the “sandwich”-shape 4D response.
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CHAPTER 6
JOINT PHYSICS-BASED AND DATA-DRIVEN TIME-LAPSE SEISMIC INVERSION: MITIGATING
DATA SCARCITY

A paper published* in Geophysics

Yanhua Liu'+?:3, Shihang Feng?, Ilya Tsvankin®, David Alumbaugh?, and Youzuo Lin?

In carbon capture and sequestration (CCS), developing rapid and effective imaging techniques is crucial
for real-time monitoring of the spatial and temporal dynamics of COy propagation during/after injection.
With continuing improvements in computational power and data storage, data-driven techniques based on
machine learning (ML) have been effectively applied to seismic inverse problems. In particular, ML helps
alleviate the ill-posedness and high computational cost of full-waveform inversion (FWT). However, such
data-driven inversion techniques require massive high-quality training data sets to ensure prediction
accuracy, which hinders their application to time-lapse monitoring of CO5 sequestration. We propose an
efficient “hybrid” time-lapse workflow that combines physics-based FWI and data-driven ML inversion.
The scarcity of the available training data is addressed by developing a new data-generation technique with
physics constraints. The method is validated on a synthetic COs-sequestration model based on the
Kimberlina storage reservoir in California. The proposed approach is shown to synthesize a large volume of
high-quality, physically realistic training data, which is critically important in accurately characterizing the
CO3 movement in the reservoir. The developed hybrid methodology can also simultaneously predict the
variations in velocity and saturation and achieve high spatial resolution in the presence of realistic noise in

the data.
6.1 Introduction

The importance of CO5 sequestration has increased in the past decade due to the global warming
caused by greenhouse gases. Rapidly imaging and monitoring the spatial and temporal dynamics of CO4
migration ensures that the supercritical COs is injected at the correct location and does not leak out of the
reservoir (e.g., Lumley, 2010; Pevzner et al., 2017). Time-lapse seismic can represent an effective tool for
monitoring CO5 injected into an aquifer (Ajo-Franklin et al., 2013; Furre et al., 2017; Pevzner et al., 2017;
Raknes et al., 2015; Zhang et al., 2012).

*Reprinted with permission of Geophysics, 2023, 88, no. 1, K1-K12.

IPrimary researcher and author.

2Earth and Environmental Sciences Division, Los Alamos National Laboratory
3Center for Wave Phenomena, Colorado School of Mines

4Barth and Environmental Sciences, Lawrence Berkeley National Laboratory
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Full-waveform inversion (FWI) of seismic data has been widely utilized for velocity analysis and, under
favorable circumstances, reservoir characterization (Asnaashari et al., 2015; Fabien-Ouellet et al., 2017;
Singh et al., 2018; Vigh et al., 2014). FWI can potentially provide estimates of the time-lapse parameter
variations with high spatial resolution. Time-lapse FWI (TLFWI) strategies proposed for monitoring
hydrocarbon production and CO4 injection (Asnaashari et al., 2015; Liu and Tsvankin, 2021; QueiBer and
Singh, 2013) include the parallel-difference, sequential-difference, and double-difference techniques. The
parallel-difference method (Plessix et al., 2010) uses the same initial model for the baseline and monitor
inversions, whereas the sequential-difference method (Asnaashari et al., 2012) inverts the baseline data to
build the initial model for the monitor inversion. The double-difference technique (Denli and Huang, 2009;
Lin and Huang, 2015; Watanabe et al., 2004) estimates the time-lapse parameter variations by inverting
the difference between the monitor and baseline data sets. Liu and Tsvankin (2021, 2022) extend these
time-lapse FWTI techniques to realistic elastic anisotropic media. Huang and Zhu (2020) implement
uncertainty estimation to the acoustic time-lapse FWI results.

However, FWI suffers from ill-posedness, cycle-skipping, and high computational cost because of the
nonlinearity of the inverse problem (Feng et al., 2021; Feng and Schuster, 2019; Virieux and Operto, 2009;
Wu and Lin, 2019a; Zhang and Gao, 2021; Zhang and Alkhalifah, 2020). In addition, FWI cannot directly
estimate the COs saturation, though empirical and statistical petrophysics relationships have to be
employed as a post inversion step to reconstruct the saturation distribution from the inverted velocity
field (Ali and Al-Shuhail, 2018; Grana and Rossa, 2010).

Recently, with the increased computational power and the revitalization of deep neural networks,
significant research and development efforts have been put into data-driven ML methods for seismic
imaging (ArayaPolo et al., 2017; Cao and Roy, 2017; Dahlke et al., 2016; Hale, 2013b; Li et al., 2021; Yuan
et al., 2019). For example, Um et al. (2022) propose a network (U-net) to reconstruct CO5 saturation and
compare the results of the uncertainty analysis with the Monte-Carlo dropout and bagging methods. Such
methods aim to approximate the inversion operator by neural networks based on the universal
approximation theorem (Zhang and Lin, 2020). Data-driven techniques can potentially produce a more
accurate reconstruction of subsurface structure than physics-based FWI in a significantly shorter time,
which is essential for real-time monitoring.

However, the accuracy of data-driven inversion depends on the generalization ability of the employed
networks and the quality and volume of the available training data (Yang et al., 2021; Zhang and Gao,
2021; Zhang and Alkhalifah, 2020). The generalization ability refers to the performance of a network on
testing data sets that are significantly different from the training data. Considering that the medium

outside the reservoir does not substantially change during injection, the distribution shift between the
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testing monitor data and the training data should not be a significant issue in time-lapse monitoring.

However, obtaining high-quality training data can be challenging for typical CO4 sequestration
projects. To address this data scarcity problem, Rendn et al. (2020) develop an active learning strategy by
incorporating the wave equation to expand the training data set. Yang et al. (2021) present a convolutional
neural network to augment training data using such physics information as the wave equation and
time-lapse variations of P-wave velocity. Despite some encouraging results, these two methods still require
extensive training data in advance, which limits their applicability. Yuan et al. (2019) randomly perturb
the inverted baseline model of the reservoir produced by physics-based FWI to generate training data that
can be used to predict the time-lapse velocity changes. However, because the data generation is random,
the training data set can be physically unrealistic and results in incorrect predictions.

We begin by discussing the methodology of physics-based and data-driven inversions and then outline
their application to time-lapse seismic data. To overcome the aforementioned issues related to data
scarcity, we propose a “hybrid” time-lapse strategy that combines physics-based FWI with data-driven
inversion (called “InvNet-VelSat”). The developed data-generation algorithm simulates high-quality
velocity and saturation training models utilizing the available physics information and prior
knowledge (i.e., the inverted baseline model and well logs). The data-generation method and the proposed
hybrid approach are tested on the Kimberlina reservoir model, assuming that only the baseline and one
monitor data set are available. The reconstructed time-lapse variations are compared with those produced
by the pure physics-based and data-driven techniques. The generalization ability and robustness of our
algorithm is validated by applying it to other monitor surveys and noisy seismic data. Finally, we discuss
the impact of the prior information and the quality of the simulated training data on the reconstructed

time-lapse variations.

6.2 Review of physics-based and data-driven inversions

6.2.1 Physics-based full-waveform inversion

Full-waveform inversion iteratively minimizes the difference between the observed and simulated data in
the process of updating the subsurface model. Acoustic models may represent a suitable first-order
approximation for CO5 monitoring because shear-wave velocity is not expected to be influenced by
supercritical COy (Carcione et al., 2006; Mavko and Mukerji, 1998; QueifSer and Singh, 2010). For acoustic
isotropic media, FWI operates with shot gathers of the observed (p°") and simulated (p*i™) pressure field.

The Lp-norm FWI objective function S(m) is then defined as (e.g., Tarantola, 1984):

S(m) = 5 o (m) = p (6.1)
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where m includes the gridded P-wave velocity and density models.

Due to the high nonlinearity of FWI, the model-updating procedure can be trapped in local minima.
Therefore, the initial model needs to be in the basin of convergence near the global minimum.

The acoustic wave equation used here to simulate seismic data has the form:

1 9%*p(x,t;xs)

V,2(%) o2 — V2p(x, t; %) = 6(x — xg) f (1), (6.2)

where V,, is the P-wave velocity, p is pressure wavefield, f(¢) is the source signal, “V?” denotes the
Laplacian operator, and x5 and x are the source and receiver locations, respectively. The gradient of the
objective function with respect to the model parameters is computed from the adjoint-state method. A

nonlinear conjugate-gradient algorithm is employed for updating the velocity:
VI = VF — o VS(VF), (6.3)
where ay, is the step length at the kth iteration.

6.2.2 Data-driven InvNet-VelSat

In contrast to physics-based FWI methods, data-driven inversion aims to form a pseudoinverse operator
F', which performs mapping from the input to the model (target) domain (i.e., from the shot gathers p to

the medium parameters m)
m ~ F(p). (6.4)

The universal approximation theorem (Hornik et al., 1990) allows the neural network to approximate
most complex functions given sufficient training data. In particular, InversionNet is an end-to-end
convolutional neural network (CNN) developed by Wu and Lin (2019a) and based on the above theorem.
The input is the recorded pressure and the output is the P-wave velocity model. The CNN consists of an
encoder and a decoder. The encoder contains five convolution blocks followed by maximum pooling to
extract high-level features (representing the input) from the pressure data and significantly reduce the data
dimension. Each convolution block includes a convolution layer, batch normalization, and a LeakyReLLU
activation function. The decoder, which comprises five deconvolution blocks, translates these features into
the velocity model.

Since saturation is closely related to CO4 diffusion in the subsurface, we propose a modified network
(InvNet-VelSat, Figure 6.1) to simultaneously predict both velocity and COy saturation. The structures of
the encoder and decoder for the velocity prediction in InversionNet are incorporated into InvNet-VelSat.
The decoder added for predicting the saturation is parallel to that for the velocity prediction. The Mean

Absolute Error (MAE) is employed to measure the training and testing loss and to preserve sharp
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boundaries in the predicted models.

Decoder 1

- =

Velocity

=

Pressure data

Encoder

Saturation

| Decoder 2 |

Figure 6.1 Network architecture of InvNet-VelSat. The encoder, built with five convolution layers and
maximum pooling, extracts high-level features from the input seismic data to the latent space and reduces
the dimensions of the feature map. Each of the two decoders consists of five deconvolution layers and
translates the latent variable to the velocity (output 1) and saturation (output 2) models.

6.3 Methodology of time-lapse processing

The difference between the medium parameters reconstructed from the monitor and baseline surveys
reflects the temporal changes in the subsurface properties caused by the injected CO2. Next, we discuss

three different time-lapse strategies involving physics-based FWI and data-driven InvNet-VelSat.
6.3.1 Strategy 1: Physics-based time-lapse FWI

In time-lapse FWI based on the parallel-difference method (Plessix et al., 2010), the baseline seismic
data are inverted starting from a certain initial model. The same initial model is then used in the monitor
inversion. The parameter changes are calculated by subtracting the inverted baseline parameters from

those of the monitor model.
6.3.2 Strategy 2: Data-driven time-lapse inversion

The data-driven algorithm uses the InvNet-VelSat for the monitor inversion. The network is first
trained on extensive pre-existing training data set including the baseline survey. Once fully trained,

InvNet-VelSat predicts both velocity and saturation from the observed monitor data. Since the baseline
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models are assumed to be known in advance, the time-lapse variations represent the difference between the
predicted monitor and the actual baseline parameters.

InvNet-VelSat has several advantages over FWI. First, FWI suffers from cycle-skipping (convergence)
problems caused by local minima of the objective function (e.g., Virieux and Operto, 2009). Mitigating
cycle skipping requires a sufficiently accurate initial model that is not always available. Second, FWT is
computationally expensive (Virieux and Operto, 2009; Wu and Lin, 2019a), while well-trained
InvNet-VelSat can predict the subsurface properties with sufficient resolution in seconds. The high
efficiency of InvNet-VelSat is especially important in real-time monitoring during oil/gas production and
CO; sequestration.

Furthermore, InvNet-VelSat can simultaneously predict velocity and saturation, while FWI has to
convert the reconstructed velocity field into saturation via empirical petrophysics equations Xue et al.
(2009). In addition, the background model stays almost unchanged outside the reservoirs, which mitigates
the generalization issue in applying InvNet-VelSat to time-lapse processing. Although the velocity model
can be dramatically altered at the near surface where seasonal changes and precipitation can dramatically
alter the near surface velocity structure, it is outside the scope of this work and needs additional
investigation. However, all data-driven inversions, including InvNet-VelSat, assume that a large amount of

high-quality data (i.e., sufficiently similar to the testing data) is available for training purposes.
6.3.3 Strategy 3: Hybrid approach

The proposed hybrid approach (Figure 6.2), which combines the physics-based and data-driven
methods, does not require pre-existing training data. First, we apply FWI to the baseline survey to
reconstruct the baseline velocity model. For real-time monitoring of CO5 sequestration, we process the
monitor survey with InvNet-VelSat. To generate a sufficient volume of high-quality training data, the
inverted baseline velocity is perturbed in the CO; reservoir, whereas the rest of velocity model remains
unchanged. Hence, the prediction capability of InvNet-VelSat largely depends on the accuracy of the
inverted baseline model, which is used to generate the training data.

To ensure sufficient accuracy of the baseline full-waveform inversion for field data, preprocessing should
include careful application of the statics correction, robust estimation of the source wavelet, building of an
appropriate initial model for FWI, etc. (Liu et al., 2013). For example, time shifts should be added to each
trace as part of the statics correction to compensate for the weather changes and/or the difference in the

depth of the sources and receivers. Our method is described in more detail below.
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Figure 6.2 Workflow of the hybrid time-lapse strategy that combines physics-based FWI and data-driven
InvNet-VelSat. FWI is employed to invert the baseline data and obtain the background velocity
distribution for generating synthetic training samples. The trained InvNet-VelSat is applied to the monitor
survey to predict both the velocity and saturation models. The temporal velocity changes are computed by
subtracting the inverted baseline velocity model from the predicted monitor model.

6.3.3.1 Velocity-generation method

We employ the following prior knowledge when generating synthetic velocity models (Figure 6.3).

1. The subsurface structure before the injection is obtained from physics-based FWI, which is assumed
to provide sufficient spatial resolution. The reconstructed baseline velocity model is changed only inside
the reservoir to obtain the training velocity models for the model prediction from the monitor data.

2. CO4 migration in the reservoir obeys certain laws of physics. Because supercritical CO; is less dense
than water, the injected CO5 should first accumulate near the top of the reservoir and then diffuse along
the reservoir boundary.

3. Well logs (i.e., sonic, saturation, density, and electrical resistivity) from the injection and monitor
wells are used to provide geologic and geophysical information, and thus constrain the inversion process.

The physics-related information used in our data-generation method typically can be obtained in
practice. Therefore, the proposed hybrid approach and data-generation algorithm should be applicable to

time-lapse field data.
6.3.3.2 Synthetic COs-saturation models

Although the relationship between P-wave velocity and CO5 saturation can be inferred from empirical

equations based on laboratory and field experiments (Gassmann, 1951; Mavko and Mukerji, 1995), this
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Figure 6.3 Workflow of the velocity- and saturation-simulation algorithms. The dashed orange oval marks
the prior information and the empirical relationship between the velocity and saturation obtained from well
logs. The solid green oval marks the inverted baseline velocity field used for generating training velocity
models, and the sonic and saturation logs used for obtaining saturation. The solid blue oval marks the
synthetic velocity and saturation models generated for training.

approach relies on the geologic similarity between the field of interest and those used to derive the
equations. Here, we obtain the relationship between velocity and saturation from the available well logs
using linear fitting equations (Figure 6.3).

Because the saturation level in the vicinity of the injection well is higher than that near the monitor
wells, we separate the reservoir into two parts — the injection zone and the monitor zone. The
velocity-saturation plots from the Kimberlina well logs indicate a linear relationship between these two
parameters, but the slope changes between the low- and high-saturation parts. Therefore, we approximate

the saturation-velocity relationship with two linear functions based on the saturation level.

6.4 Synthetic Examples
6.4.1 Kimberlina data set

The physics-based, data-driven, and hybrid strategies are applied to monitor and predict COo
migration using a synthetic data set. (We have been unable so far to find publicly available field data
suitable for our purposes.) The test is performed on the 4D Kimberlina reservoir data generated by several
institutions (Alumbaugh et al., 2021) as part of the U.S. Department of Energy “SMART Initiative” (U.S.

Department of Energy, 2029). This data set is generated from multiple COs2 injection reservoir simulations
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for a model similar to the geologic structure of a commercial-scale carbon-sequestration reservoir at the
Kimberlina site in the southern San Joaquin Basin (Wagoner, 2009). The Kimberlina time-lapse data can
be used to evaluate the effectiveness and robustness of different geophysical techniques for monitoring CO,

migration.

Monitor Monitor

0 1 2 5 10 15 20 25 .. 100 110 .. 150 200 Tirr;e (years)

Figure 6.4 Visualization of the actual 4D velocity model. The baseline and monitor surveys are simulated
for the same 2D vertical profiles before and during (or after) COs2 injection. The time-lapse changes are
encircled in red.

The data include 29 3D P-wave velocity and COs-saturation models simulated for over 200 years with a
grid size of 10 x 10 x 10 m (601 x 601 x 351 points; Figure 6.4). We slice each 3D model along the y-axis
with a spatial interval of 100 m starting from x = 0 to obtain 53 2D samples, which yields 1,537 velocity
and saturation models (referred to as the “actual data”). In addition, time-lapse multiphysics well logs
have been synthesized for four hypothetical well locations (Figure 6.5). These COs-saturation, density,
sonic velocity, and resistivity logs are available for 0, 1, 2, 5, 10, 15, and 20 years after the start of the COq

injection. Note that these four wells are not confined to the same vertical plane.

Figure 6.5 3D geometry of the Kimberlina data set. The injection well and three monitor wells are denoted
by the red and orange dots, respectively, in the [z, y]-plane. The red line in the [z, y]-plane shows the
projection of the baseline and monitor surveys. The red arrows in the [y, z]-plane point to three structures
used for evaluating the effectiveness of time-lapse strategies: the low velocity layer above the

reservoirs (Zone 1), the three CO reservoirs (Zone 2), and the high-velocity dipping layer below the
reservoirs (Zone 3).

The 2D slice containing the injection well in year 0 (i.e., before the injection) is treated as the baseline
model. The monitor data are acquired in the same 2D vertical plane to map the movement of the injected

COs5 and compute the time-lapse parameter variations. The temporal velocity changes (Figure 6.5) are
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heterogeneous and vary between £ = —0.5 km and z = 0. The saturation changes in the reservoir are also
heterogeneous and vary between zero and unity. Both velocity and saturation models have a grid size of
10x10 m.

There are three important geologic structures in the velocity model (Figure 6.5): the low-velocity layer
immediately above the reservoir region (Zone 1), the three reservoirs themselves (Zone 2), and the

high-velocity dipping layer beneath the reservoirs (Zone 3). Note that the shallow low-velocity horizon is

not a water layer.
6.4.2 Physics-based time-lapse FWI

The synthetic acoustic wavefield is excited by 37 shots (point explosions) placed with a constant
increment (80 m) along a horizontal line at a depth of 10 m. The source signal is the Ricker wavelet with a
central frequency of 10 Hz. We employ 294 receivers evenly distributed with an increment of 20 m along
the horizontal line 20 m deep. The initial baseline and monitor models are identical (Figure 6.7a and
Figure 6.7b) and computed by Gaussian smoothing of the actual baseline velocity field (Figure 6.6a) with a
standard deviation of 15. Note that the CO5 plumes are not present in the initial model. FWI is applied to
the simulated pressure recordings using a multiscale approach with four frequency bands starting from

2 Hz (2-5, 2-8, 2-13, 2-20 Hz; Liu and Tsvankin, 2021; Singh et al., 2020).
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Figure 6.6 P-wave velocity of the (a) baseline Kimberlina model and (b) monitor model in year 20 with a
grid size of 10 x 10 m. COg saturation for the (d) baseline and (e) monitor model in year 20. The actual
time-lapse changes of the (c¢) P-wave velocity and (f) saturation.
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Figure 6.7d and Figure 6.7e show that FWI reconstructs the baseline and monitor velocity distribution
with sufficient accuracy. Particularly, the “bump” in Zone 3 and the low-velocity region in
Zone 1 (Figure 6.7d and Figure 6.7e) are well resolved in both the baseline and monitor models. There are
inversion errors (Figure 6.7f) at depth, especially near the CO2 plumes because the monitor inversion,
which starts from the initial baseline model, could not adequately resolve the reservoirs. In addition, there
are errors at the reservoir boundaries (i.e., in the thin nonpermeable layers) caused primarily by

edge (smoothing) artifacts in the Lo-norm objective function (Schmidt, 2005; Zhang and Zhang, 2012).
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Figure 6.7 Initial P-wave velocity for the inversion of the (¢) baseline and (d) monitor data. P-wave
velocity obtained by the physics-based FWI: (d) baseline velocity, (e) monitor velocity, and (f) time-lapse
velocity variations. The dashed red lines on plot (d) mark the reservoir boundaries.

6.4.3 Data-driven time-lapse inversion

The data-driven strategy assumes that the entire Kimberlina data set (1,537 velocity and saturation
samples) is available. The seismic data are simulated using the same survey configuration as in the
previous physics-based FWI test. The monitor survey in year 20 provides the testing data. The remaining
actual data for over 200 years are randomly divided into the training (1,436 samples) and validation (100
samples) sets. The loss of the training test converges at around 0.05 after 2,212 epochs. Then the testing
monitor data are inverted by the trained network.

Figure 6.8 shows that both the velocity and saturation for the monitor survey are generally predicted

with acceptable accuracy. However, the shallow low-velocity layer, the low-velocity anomaly in Zone 1, and
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the small “bump” in Zone 3 are not well reconstructed either due to the limitations of the training data
set. Specifically, the 3D Kimberlina model is laterally heterogeneous, and the 2D velocity distribution
varies for different vertical profiles. Only a relatively small fraction of the velocity models contains such
geologic features as the “bump.” Thus, it is challenging for InvNet-VelSat to capture those features in the
training data and predict them from the monitor samples.

Those limitations of the training data lead to errors in the background saturation model (Figure 6.8e
and Figure 6.8f), which deviates from the actual saturation changes (Figure 6.6f). In addition, the
saturation near the injection well is underestimated, which can be explained by the insensitivity of seismic
acoustic velocity to high COs saturation (Kim et al., 2010; Xue et al., 2009) and again the incompleteness

of the training data.
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Figure 6.8 Actual baseline (a) velocity and (d) saturation models. The monitor (b) velocity and (e)
saturation models predicted by the data-driven time-lapse inversion. The time-lapse variations of (c)
velocity and (f) saturation.

6.4.4 Hybrid strategy

According to the proposed hybrid strategy, FWI is first employed to reconstruct the baseline
model (Figure 6.7d). To obtain synthetic velocity models, we first identify three aquifer layers and their
top and bottom boundaries from the recovered baseline velocity (Figure 6.7d) and well logs. We then keep
the velocity outside these layers unchanged because the temporal and spatial velocity variations are

assumed to be confined to the reservoirs. Well logs provide the velocity profiles in the wells. We identify
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the maximum and minimum velocity values in the reservoirs for all years from sonic well logs. The velocity
in the reservoirs is perturbed within that range for generating a large number of velocity models. After
obtaining the training velocity models, linear fitting equations are employed to build the relationship
between the velocity and saturation at the injection well using the available well logs. The
velocity-saturation relationship away from the injection well is found from linear fitting equations using the
monitor-well logs. Note that these relationships may not be applicable to other data sets.

Reservoir simulation, required to accurately model the shape of CO5 plumes, involves such parameters
as permeability and viscosity, which are not available to us. Therefore, we approximate COy movement in
the aquifer layers by defining a transportation velocity function. According to this function, COy moves
parallel to the upper reservoir boundary with a speed that exponentially decreases with depth. Hence,

buoyancy-driven CO2 moves faster in the upper reservoir (Sigfusson et al., 2015):
V(Cl _ VSO e~ ¢ (d—d0)7 (65)

where V¢ is the velocity of COy migration at depth d, dg is the depth of the reservoir top boundary, and ¢
is a constant that controls the rate of decrease of VY. Note that the transportation function is based on the
structure of the Kimberlina reservoir and, therefore, may need to be modified for other data sets.

The well logs show that the P-wave velocity in the plumes varies between 1.9 km/s and 2.5 km/s. To
simplify the velocity distribution, we ignore its lateral variation between the wells. A total of 28,000
training data samples are generated for different velocities ranging from 2.0 km/s to 2.3 km/s with an
increment of 0.1 km/s.

Comparison with the actual velocity models (Figure 6.9a-Figure 6.9d) demonstrates that the synthetic
velocity samples (Figure 6.9e-Figure 6.9h) are physically realistic and capture the spatial and temporal
dynamics of CO5 migration inside the reservoirs. However, the contours of the COs plumes may not be
accurately simulated over long periods of time (i.e., after year 20) because the physics knowledge becomes
more limited with time.

Using the generated velocity models, we obtain synthetic COy saturation
samples (Figure 6.9m-Figure 6.9p) via empirical relationships between saturation and velocity obtained
from the well logs (Figure 6.10c). This procedure is illustrated for the injection well in year 20 in
Figure 6.10a and Figure 6.10b. Comparison with the actual values (Figure 6.9i-Figure 6.91) proves that the
synthetic saturation models obtained using the proposed method reflect the movement of the injected CO4
with sufficient accuracy.

Predictably, the results become less accurate with time (especially, after year 20) for the reasons listed

below: 1. The CO5 plumes have similar contours in velocity and saturation. Hence, the synthetic
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saturation samples could not properly capture the plumes after year 20 because the corresponding velocity
contours were inaccurate. 2. The high-saturation anomaly near the injection well is somewhat distorted
because the velocity and CO5 saturation profiles from the well logs are not adequately represented by the
linear fitting equations. 3. The simulated velocity distribution inside the CO2 plumes is homogeneous (i.e.,
it does not account for spatial variations), which reduces the accuracy of the synthetic saturation model.
Then the 28,000 synthetic data samples are randomly divided into the training (27,500) and validation
(500) sets. After 140 epochs, the training loss flattens out at around 0.0013. Then, we test the trained
neural network on the actual Kimberlina data that have the same acquisition geometry as the baseline
survey. Note that the network employed in the hybrid strategy converges faster and produces a smaller loss
than the pure data-driven method because of the higher quality of the training data. Both the velocity and

saturation for the monitor survey in year 20 are well predicted by the trained neural network.
6.4.4.1 Hybrid strategy vs. physics-based method

InvNet-VelSat can reconstruct the velocity (Figure 6.11c) and saturation (Figure 6.11f) from the
monitor seismic data simultaneously and with sufficient resolution, which is not possible for the
physics-based strategy. In general, our method outperforms the physics-based FWI (Figure 6.7f), which is
confirmed by comparing the MAE values for the estimated velocity and by visually inspecting the results.
The MAE for the velocity field reconstructed by our approach in 0.0084, whereas that of the physics-based
method is 0.056. The COs plumes and the high-velocity zone underneath are reconstructed with a higher
resolution using the hybrid method (Figure 6.11c). However, the boundaries are positioned less accurately
due to the limited physics information and simulation errors in the velocity-generation algorithm.

Because the baseline inversion is conducted by the physics-based FWI for both strategies, we compare
the computational efficiency only for the monitor survey (Table Table 6.1). Although the training time of
the hybrid approach (about 25.3 h) is significantly longer than the running time of the physics-based
method (about 8.5 h), the testing (inversion) for one survey using the hybrid strategy takes only 14 s.
Hence, the hybrid strategy is much more efficient than the physics-based method when processing multiple

seismic surveys in real-time monitoring.
6.4.4.2 Hybrid strategy vs. data-driven strategy

Compared to the velocity model predicted by the pure data-driven method (Figure 6.8b and
Figure 6.8¢), the hybrid approach better captures the small “bump” and the low-velocity anomaly
(Figure 6.11b and Figure 6.11c). In addition, the hybrid algorithm (Figure 6.11c) succeeds in

reconstructing the nonpermeable thin layers between the reservoirs without the false anomalies produced
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Figure 6.10 Well logs and empirical relationship between the velocity and COg9 saturation for the injection
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the CO4 saturation level.
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Table 6.1 Computational cost of the monitor inversion using the physics-based and hybrid strategies.

CPU/GPU  Number of (#) nodes # Processors # Training seismic surveys
Physics-based method CPU 3 50 1
Hybrid GPU 2 64 27,500
# Iterations Running time Training time Testing time per survey
Physics-based method 300 8.5 h N/A 8.5h
Hybrid 140 N/A 25.3 h 14s

by the data-driven method (Figure 6.8c). These improvements are due to the more representative synthetic
training data set generated using our method. Specifically, by leveraging a well-constrained background
velocity distribution (the region outside the reservoir), the network can better capture essential geologic
features from the training set and estimate the background velocity using the monitor surveys.

On the other hand, the hybrid strategy produces larger errors at the boundaries of the CO5 plumes
because of the inaccurate boundary delineation in the synthetic models (see above). Primarily due to the
distortions at the boundaries, the overall MAE for the time-lapse velocity variations produced by our
approach (0.0084) is larger than that of the data-driven method (0.0062).

Because the injected COs5 is confined to the reservoir region, saturation outside the reservoir is
supposed to vanish (Figure 6.6f), as correctly predicted by the hybrid method (Figure 6.11f). In contrast,
the data-driven strategy yields nonzero saturation values (ranging between 0.02 and 0.06) in that
area (Figure 6.8f). Although the contours of the plumes and the high-saturation zone near the injection
well are not accurately estimated by the hybrid approach, its MAE for the entire saturation model (0.0075)
is much smaller compared to that of the data-driven method (0.039).

We simulate the inverted/predicted baseline and monitor data and compute the time-lapse
seismograms (Figure 6.12) by subtracting these two data sets. Compared to the actual
record (Figure 6.12a), all three methods (Figure 6.12b-Figure 6.12d) produce artifacts near the first arrival
due to the errors in the inverted time-lapse variations (Figure 6.7f, Figure 6.8c, and Figure 6.11c). In
addition, because of the inaccurate parameter estimation outside the reservoirs, the physics-based
FWI (Figure 6.12b) and data-driven method (Figure 6.12¢) yield more intensive false reflection events after
the first arrival than the hybrid approach. Hence, the proposed hybrid strategy outperforms the other two

methods in the data domain.
6.4.5 Generalization and robustness: Hybrid strategy vs. data-driven strategy

Generalizability and robustness of a neural network indicate whether it is actually learning rather than

simply memorizing the input-output relationship.
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Figure 6.12 (a) Actual time-lapse seismogram (the difference between the monitor data in year 21 and
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Figure 6.13 Actual time-lapse velocity variations for (a) year 1, (b) year 5, and (c) year 130. Plots (d), (e),
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variations.
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6.4.5.1 Additional monitoring tests

To find out if the proposed hybrid approach is generalizable, we apply it to the remaining monitor
surveys (not used in the training or validation). The three testing 2D monitor surveys (for years 1, 5, and
130) are acquired along the same line as the baseline survey. The testing is performed using InvNet-VelSat
without any further fine-tuning. The velocity and saturation both inside and outside the three COs plumes
are reconstructed with sufficient accuracy (Figure 6.13). The differences between the actual and inverted
temporal changes in all predicted monitor models are observed mostly at the boundaries. As expected,

however, the prediction error increases with time.
6.4.5.2 Influence of noise

Next, the testing monitor data for year 20 are contaminated with Gaussian noise that has the
signal-to-noise ratio (SNR) equal to 10. The noise is added only to the testing data, whereas InvNet-VelSat
is still trained on noise-free samples.

Predictably, both the data-driven and hybrid strategies produce more errors in the velocity and
saturation changes estimated from the noise-contaminated data (Figure 6.14). For the velocity model
obtained by the data-driven method, distortions are observed in the low-velocity layer above the CO2
plumes (Zone 1), in the plumes themselves (Zone 2), and near the boundary between the reservoir and the
deep high-velocity horizons (Zone 3). As a result, the corresponding MAE increases to 0.054, which is
much larger than that for the noise-free data (0.0062).

In contrast, the hybrid strategy reconstructs Zones 1 and 3 with sufficient resolution, with the errors
(MAE=0.013) mostly concentrated near the boundaries of the COy plumes in Zone 2. Evidently, our
method is more robust for noisy data than the data-driven approach. Likewise, the hybrid strategy
predicts the saturation from the noisy pressure recordings with higher accuracy (MAE=0.0085) than the

data-driven method (MAE=0.043) by taking advantage of the large volume of high-quality training data.
6.5 Conclusions

We developed a time-lapse inversion workflow that does not require pre-existing training data by
combining physics-based full-waveform inversion (FWI) and data-driven neural networks. First, FWTI is
applied to the baseline survey to estimate the background velocity model. Then data-driven
inversion (InvNet-VelSat) is employed to predict the velocity and COq saturation from the monitor data
set. The training data for InvNet-VelSat are simulated with a data-generation method based on the
reconstructed background velocity model and physics knowledge (i.e., well logs), which is expected to be

available for typical COs-sequestration projects. Because these training models are simulated using the
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Figure 6.14 Temporal variations in the P-wave velocity obtained from noise-contaminated data (SNR = 10)
by (a) the data-driven method and (b) the hybrid strategy. Plots (c¢) and (d) show the corresponding
predicted time-lapse variations in the COy saturation.

95



inverted baseline data, the proposed workflow relies on the accuracy of the employed FWI algorithm.

The hybrid strategy is tested on realistic synthetic data from the Kimberlina reservoir. The training
samples (i.e., the velocity and saturation models) simulated by our data-generation method adequately
capture the spatial and temporal dynamics of COs movement. The accuracy of the time-lapse variations
predicted by the hybrid method is comparable to or even higher compared to the much more
time-consuming physics-based FWI. Testing on noisy data for different time intervals illustrates the
robustness and generalization capability of the hybrid strategy, whose performance is superior to that of
the data-driven method. It should be emphasized that the hybrid strategy does not require a large volume

of training data, which should facilitate its application to monitoring CO, sequestration.
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CHAPTER 7
ENHANCED PREDICTION ACCURACY WITH UNCERTAINTY QUANTIFICATION IN
MONITORING CO2 SEQUESTRATION USING CONVOLUTIONAL NEURAL NETWORKS

Submitted to Geophysics

Yanhua Liu''?:3, Xitong Zhang*, Ilya Tsvankin®, and Youzuo Lin?

Monitoring changes inside a reservoir in real time is crucial for the success of COs injection and
long-term storage. Machine learning (ML) is well-suited for real-time COs monitoring because of its
computational efficiency. Additionally, the subsurface outside the reservoir is assumed to be unchanged,
which reduces the sensitivity of the ML application to the generalization issue. However, most existing ML
implementations yield only one prediction (i.e., the expectation) for a given input, which may not properly
reflect the distribution of the testing data, if it has a shift with respect to that of the training data. The
Simultaneous Quantile Regression (SQR) method can estimate the entire conditional distribution of the
target variable of a neural network via pinball loss. Here, we incorporate this technique into seismic
inversion for purposes of CO5 monitoring. The uncertainty map is then calculated pixel by pixel from a
particular prediction interval around the median. We also propose a novel data-augmentation method by
sampling the uncertainty to further improve prediction accuracy. The developed methodology is tested on
synthetic Kimberlina data, which are created by the Department of Energy and based on a COy capture
and sequestration (CCS) project in California. The results prove that the proposed network can estimate
the subsurface velocity rapidly and with sufficient resolution. Furthermore, the computed uncertainty
quantifies the prediction accuracy. The method remains robust even if the testing data are distorted due to
problems in the field data acquisition. Another test demonstrates the effectiveness of the developed
data-augmentation method in increasing the spatial resolution of the estimated velocity field and in

reducing the prediction error.

7.1 Introduction

Since the rise of industrialization in the 18th century, human activities have increased the volume of
atmospheric COq by 50%, thus increasing the global temperature. Capturing industrial COs at its various
sources and injecting it into geologic formations for long-term storage (sequestration) is one of the most

promising methods to combat global warming.

IPrimary researcher and author.
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Seismic data provide valuable information about the subsurface, and can be used to monitor COq
injection. Both laboratory and field data confirm that P-wave velocity decreases with CO5 saturation,
especially for relatively low saturation levels (Kim et al., 2010). Seismic images can also help delineate COq
plumes inside the reservoir. Therefore, seismic data can be used to monitor CO4 injection and storage in
subsurface structures and, potentially, detect small leakages of COy (Furre et al., 2017; Lumley, 2010;
Pevzner et al., 2017).

Data-driven neural networks are known to be suitable for monitoring the movement of COy using
time-lapse seismic data. As the medium properties outside the reservoir often remain almost unchanged
during COs injection, the potential distribution shift between the testing monitor data and the training
data typically is not significant in time-lapse monitoring. This implies that the issue of generalization,
often encountered when neural networks are applied to a single data set, is expected to have a smaller
impact for time-lapse data (Liu et al., 2022).

Data-driven neural networks have been applied to monitor the CO; movement using time-lapse seismic
data. For example, Li et al. (2021) develop a fully-connected neural network to map the relationship
between time-lapse seismic data and the velocity changes caused by the injected COs. Feng et al. (2021)
propose spatio-temporal neural-network-based models with long short-term memory (LSTM) structure to
monitor and forecast the COy storage at Sleipner field in the North Sea. Liu et al. (2022) use a hybrid
time-lapse strategy that combines physics-based FWI and data-driven neural network to monitor the COq
movement in the reservoir. The main advantage of data-driven inversion is its efficiency during the
application stage (after training), which is essential in real-time monitoring of COy sequestration (Zhang
and Lin, 2020). An extensive overview of data-driven seismic inversion methods can be found in Lin et al.
(2022).

However, deterministic neural networks assume that the mapping learned by the network is accurate,
which is not always the case, and produce only the learned output for a given input. On the other hand,
uncertainty quantification (UQ) not only describes predictive distributions over outputs for given inputs,
but also indicates whether the model is confident about the prediction. The uncertainty can be divided
into two categories based on its sources: epistemic (model) and aleatoric (data) uncertainty (Tagasovska
and Lopez-Paz, 2019). Epistemic uncertainty is produced by the neural network itself: its architecture,
training procedures, the number of samples, etc. It can be mitigated by collecting more representative
training data, which helps improve testing performance (Ren et al., 2021). Data uncertainty describes the
variance of the conditional distribution of a prediction for given input features. In contrast to epistemic
uncertainty, data uncertainty cannot be reduced by modifying model architecture, training algorithms, or

collecting more data under the same experimental conditions because the noise distribution in seismic data
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cannot be considered constant.

Uncertainty evaluation has been used in seismic monitoring of CO5 injection to quantify prediction
accuracy. Chen et al. (2018) propose to monitor CO4 leakage by multivariate adaptive regression splines
and to measure the prior and posterior uncertainty using the percentile estimation from Monte-Carlo
simulations. Tang et al. (2022) develop a 3D recurrent R-U-Net surrogate model to predict CO2 saturation
of a synthetic sequestration region and quantify the uncertainty based on rejection sampling using the
CNN (convolutional neural network)-PCA (principle-component analysis) model. Um et al. (2022)
introduce a U-Net network to estimate COs saturation and model uncertainty with two UQ methods (i.e.,
the Monte Carlo dropout method and a bootstrap aggregating method).

However, the uncertainty quantification methods mentioned above either require an extra sampling step
during testing or use the predictive variance/disagreement to represent the uncertainty. The sampling step
can be time-consuming, if physics simulation is involved. Moreover, using just one variable (e.g., variance)
as the uncertainty indicator assumes the uncertainty to be symmetric around the estimated prediction,
which is not always true. For example, the uncertainty becomes asymmetric, if the noise inherent in the
input data is sampled from a skew-normal distribution.

The Simultaneous Quantile Regression (SQR) is proposed by Tagasovska and Lopez-Paz (2019) to
quantify the uncertainty of a 1D regression problem. SQR is designed to train a model that makes
predictions at different quantile levels utilizing pinball loss. The uncertainty map is computed by
subtracting the predictions at two selected quantile levels around the predicted median values. Hence, SQR
does not need extra sampling for uncertainty estimation and can produce asymmetric confidence intervals.

Here, we incorporate SQR into a CNN designed to estimate the uncertainty of the velocity distribution
estimated from seismic data. To improve the prediction accuracy, we propose a novel data-augmentation
method that operates with the prediction and calculated uncertainty. We begin by discussing the
methodology of SQR and the architecture of the proposed network (InvNet_UQ). Then InvNet_UQ is tested
on the Kimberlina model based on a COs injection project in California. The performance of InvNet_UQ is
evaluated by comparing the predictions with those of a deterministic neural network from both the perfect
and distorted testing data. The robustness of the computed uncertainty is verified by its comparison with
the prediction error. Finally, the effectiveness of the data-augmentation method is evaluated by comparing

the error of the predicted velocity model before and after applying the augmentation.
7.2 Method

Figure 7.1 illustrates the developed workflow using the proposed probabilistic convolutional neural

network (InvNet_UQ). First, InvNet_UQ is trained and applied to predict the velocity distributions at all
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quantile levels from the testing data. Meanwhile, the uncertainty map is calculated from two predictions at
different quantile levels. Next, uncertainty-guided data augmentation is applied to all predicted velocity
models from the testing data. Finally, the augmented data are added to the existing training data for

retraining the network.

Prediction Post-prediction

Velocity

Model

Seismic Un_certainty- Invl\'le‘t_ uQ
Dat InvNet_UQ Guided Data Retraining and
ata Augmentation Testing
Uncertainty
Map
(a) (b)

Figure 7.1 Flowchart of the method. (a) InvNet_UQ is trained and tested to estimate the velocity and the
corresponding uncertainty. (b) The uncertainty-guided data-augmentation method is applied to the
predicted velocity models; then the network is retrained with the augmented data.

7.2.1 Simultaneous Quantile Regression

Uncertainty estimation is essential for seismic inversion for two reasons. First, seismic data contain
different kinds of noise caused by the recording equipment, ambient disturbances, etc. Second, inversion is
often ill-posed, which means that the solution can be nonunique or correspond to a local minimum of the
objective function. Here, we estimate the uncertainty using the probabilistic neural based on the SQR
proposed by Tagasovska and Lopez-Paz (2019).

To solve the regression problem, we implement a neural network as a function § = fT(x) to approximate
the relationship between the input x and output y. To identify the network parameters, we minimize the

mean-square error (MSE) between the prediction (g) and actual (y) values:

n

MSE = 13— 5 = Bly— )" (7.1)

i=1

Therefore, the prediction (g) represents the conditional mean (expectation) of the prediction for a given
input.

However, the expectation alone does not accurately reflect the data distribution. Therefore, quantile
regression is proposed to analyze the prediction in a specific quantile (7) (Koenker and Hallock, 2001). The
main advantage of QR over linear regression (LR) is that QR explores different values of the response

variable (instead of only the average) and, therefore, delivers a more complete description of the
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relationships between the variables. Moreover, QR is more robust than LR in the presence of outliers and
influential points (Zablotski, 2023). One way to build such a model approximating the conditional quantile

distribution function y = F~1(7|X = z) is to minimize the pinball loss (I, (y,9)):

AN T(yfy) 1f@/*§20,
I-(y,9) = {(1 G-y else. (7.2)
Indeed,
Bl (9] = (=) [ " - )dF() + 7 / - 9)aF), (7.3)

where F(y) = P(Y < y) is the strictly monotonic cumulative distribution function of the target variable Y’
taking real values y. Consequently, F~1(7) = inf{y : F(y) > 7} denotes the quantile distribution function
of the same variable Y for all quantile levels 0 < 7 < 1.

With pinball loss, Tagasovska and Lopez-Paz (2019) propose employing Simultaneous Quantile
Regression (SQR) to estimate all the quantile levels simultaneously by solving the following equation:

f € argming - > Bpegon - (F i), ), (7.4)

=1

where (z;,y;) are identically and independently distributed feature-target pairs drawn from the unknown
probability distribution P(X,Y’). Note that, unlike Bayesian neural networks, P(X,Y") is not necessarily a
Gaussian distribution. Then the estimated data uncertainty can be computed from the (1 — «) prediction

interval around the median:

)s (7.5)

where « is the significance level.
7.2.2 Network architecture of InvNet_UQ

Following Wu and Lin (2019b), we use an encoder-decoder-based CNN to approximate the relationship
between the input seismic data and the output velocity model. There are seven convolutional blocks with a
kernel size of 3 x 3 followed by a 2 x 2 max pooling. Each block consists of a convolutional layer, batch
normalization, and a tanh activation function. The high-dimensional data are reduced to a 1024 x 1 x 1
array in the latent space. These features are upsampled to the output size by eight decoder blocks
containing a deconvolutional layer, batch normalization, and a LeakyRelu activation function. The end of
the decoder is a central-cropping layer, which crops the output of the deconvolutional blocks to the desired
size.

For the benchmark network (InversionNet), the loss function is the Li-norm of the difference between

the prediction and the actual model. The input data size is 6 x 1,000 x 200, where the first number (6) is
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the number of channels (shot gathers). The locations and the number of shots can be changed, as long as
the configuration of the input layer (i.e., the number of channels) is adjusted accordingly. To maintain
consistency with the previous study by Wu and Lin (2019b), we keep the number of shots at six. For each
shot gather, there are 200 receivers recording for 4 s with a time interval of 4 ms. The output is a velocity
model with a size of 351 x 601.

InvNet_UQ shares the same structure with InversionNet, but its loss function is computed using
equation 7.4. To compute the SQR loss, first we randomly select six quantile levels (7) for each training
epoch, and the selected 7 is then fixed for every batch in the epoch. Then the computed six quantile losses
are averaged to obtain the final loss. To incorporate quantile level into the neural network, every 7 is
extended to a tensor with the exact size of the seismic data and then added to the input data, so that the

number of input channels of InvNet_UQ is increased to seven.
7.2.3 Uncertainty-guided data augmentation

Most existing UQ methods produce the variance of the prediction as the uncertainty map and abandon
it after evaluating the prediction accuracy. In contrast, we propose a data-augmentation method to
demonstrate the potential of the estimated uncertainty in improving the network performance. The idea of
the method is to sample the uncertainty map u,(x*) and add it to the predicted velocity f (z*) to obtain

new velocity models Jquq(x*):
Jaug () = f(2*) + w0 X ua(z*), (7.6)

where w is the weight matrix applied to the computed uncertainty. Ideally, one needs to sample the
uncertainty of every pixel with every weight in the range from 0 to 1 to find the actual velocity model.
However, this procedure is impossible because it requires an infinite number of weight matrices to fully
cover the range [0, 1]. To simplify the sampling process and ensure the effectiveness of the
data-augmentation method, the weights should be randomly selected and have a minimum of 0 and
maximum of 1.

An acoustic forward-modeling algorithm simulates seismic data for these new velocity models with the
same settings used to generate the initial data. Then we add these new seismic-velocity pairs to the
existing training data and retrain the network. Finally, the retrained network is applied to the testing data
to estimate the velocity distribution. Because the new velocity models are generated using the prediction
and the estimated uncertainty, they provide extra information that the model does not learn from the
training data set. Moreover, the inclusion of these new models makes the training data more representative

of the testing data distribution.
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7.3 Results
7.3.1 Kimberlina data set

The proposed neural network with UQ is applied to monitoring and predicting CO2 migration using the
synthetic Kimberlina data set. The Kimberlina reservoir model, generated by several
institutions (Alumbaugh et al., 2021) as part of the U.S. Department of Energy “SMART Initiative” (U.S.
Department of Energy, 2029), was built to simulate a potential commercial-scale geologic carbon storage in
the Southern San Joaquin Basin of California (Wagoner, 2009), 30 km northwest of Bakersfield, CA, USA.
The Kimberlina model has been released to the public to evaluate the effectiveness and robustness of
different geophysical techniques for monitoring COs migration.

There is a total of 29 3D time-lapse P-wave velocity models (601 x 601 x 351 grid points) simulated for
over 200 years. We slice the 3D velocity model along the y axis to obtain the corresponding 2D models.
The 2D velocity models from different slices have distinct velocity distributions, while those from the same
slice (Figure 7.2) share the velocity field outside the reservoir, but inside the reservoir the velocity
distribution is changed by the injected CO5. The synthetic acoustic wavefield is excited by six shots (point
explosions) placed with a constant increment (1 km) at the surface of the model. The source signal is the
Ricker wavelet with a central frequency of 10 Hz. We employ 200 receivers evenly distributed along the

horizontal line at a depth of 20 m.
7.3.2 Implementation details

The entire Kimberlina data set (1,537 velocity samples) is randomly divided into training (80%) and
testing (20%) data. InverionNet and InvNet_UQ are trained with the same data until they converge. Then
these networks are applied to the testing data in different scenarios to predict the velocity distribution.

The implementation details are identical for both networks. The Adam optimizer is applied to update
the parameters; the batch size is six for the computational efficiency. The initial learning rate is set to
0.0001 in the beginning and decreased to 10% of the previous value after each 15 training epochs. The
proposed model has approximately 30 million parameters. Both networks are implemented on Pytorch
with two Nvidia GTX 1080 Ti GPUs. The seismic data and the velocity models are normalized before
being processed by the network.

To evaluate the predictions, we focus on three critical geologic structures (Figure 7.2; pointed by red
arrows): the low-velocity layer immediately above the reservoir region (Zone 1), the three

reservoirs (Zone 2), and the high-velocity dipping layer beneath the reservoirs (Zone 3).
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Figure 7.2 Visualization of the actual 2D models sliced from the 3D Kimberlina time-lapse velocity model
along the y-direction. Three important geologic structures are marked by red arrows.

7.3.3 Noise-free data

First, we test the trained networks on the original (perfect) testing data. The predictions (Figure 7.3)
show that most features of the velocity model can be predicted by both InversionNet (Figure 7.3e-h) and
InvNet_-UQ (Figure 7.3i-1) with sufficient accuracy, although there exists an area with larger errors. For
example, compared with the actual model (Figure 7.3), both networks cannot accurately reconstruct the
small plumes at year 1 (Figure 7.3a) because of the lack of training data at the beginning of the injection
when the plumes are small. InversionNet tends to underestimate the size of the plumes (Figure 7.3e), while
InvNet_UQ is more likely to overestimate them (Figure 7.31).

In addition, both methods could not reconstruct the bumps in the high-velocity dipping layer (circled
by a dashed red line) and the anomaly in the low-velocity horizon above the reservoirs (circled by a solid
red line) because of the lack of training data for these structures.

For the uncertainty map, the 95% prediction interval around the median is calculated from equation 7.5
by setting the prediction interval o = 0.05. We verify the uncertainty predicted by
InvNet_UQ (Figure 7.4e-h) by comparing it with the error map (Figure 7.4a-d). High uncertainty is
observed around the low-velocity area above the reservoirs, especially near the anomaly (Zone 1) and the
reservoir (Zone 2), as well as near the small bump in Zone 3, which matches the area with the most
significant errors. The difference between the two confidence intervals, calculated from

(Pupper — Pmedian) — (Pmedian — Plower) 7 0 (Figure 7.4i-1), demonstrates the usefulness of the asymmetric
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Figure 7.3 Actual P-wave velocity in (a) year 1, (b) year 5, (c) year 20, and (d) year 150. The P-wave
velocity obtained from noise-free seismic data by (e-h) InversionNet and (i-1) InvNet_UQ.

uncertainty prediction, which cannot be provided by conventional UQ methods.

We also calculate the Pearson correlation between the absolute prediction error and the uncertainty and
present the corresponding scatter plot in Figure 7.5. The Pearson correlation is 0.727, and the p-value is
1.0 x 107'%, which shows a strong positive correlation between the two variables. This correlation implies
that the uncertainty is an accurate indicator of the prediction confidence, and indicates that InvNet_UQ

can produce an uncertainty map sufficient to facilitate decision-making.
7.3.4 Influence of random noise

Next, the testing data are contaminated with Gaussian noise with the signal-to-noise ratio equal to 10
and 20. The noise is added only to the testing data, whereas the neural networks are still trained on
noise-free samples. Here, we show only the prediction results for (SNR=10), which is more realistic for field
data. Compared with the clean data (Figure 7.6a) where reflection events are apparent, reflections are not
clearly visible in the noisy data (Figure 7.6b). Note that testing on noisy data is performed without
fine-tuning the network.

Predictably, both networks produce more errors in the velocity field estimated from the
noise-contaminated data (Figure 7.7). For the velocity model obtained by InversionNet (Figure 7.7a-d),
significant distortions are observed in the low-velocity layer above the COs plumes (Zone 1), in the plumes

themselves (Zone 2), and near the boundary between the reservoir and the deep high-velocity
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Figure 7.4 Difference between the actual velocity models and those predicted by InvNet_UQ in (a) year 1,
(b) year 5, (c) year 20, and (d) year 150. Plots (e-h) are the corresponding uncertainty maps. Plots (i-1)
show the asymmetric uncertainty estimated from (pupper — Pmedian) — (Pmedian — Plower); Where Pypper and
Plower are the predictions at quantiles 7 = 0.975 and 7 = 0.025, respectively, and ppedian 1S the median
prediction at 7 = 0.5.

horizons (Zone 3). The COy plumes are barely visible, which would complicate monitoring COs injection.

In contrast, InvNet_UQ (Figure 7.7e-h) reconstructs Zones 1 and 3 with sufficient resolution. The errors
are mainly concentrated near the COy plumes in Zone 2, which is consistent with the calculated
uncertainty map (Figure 7.7i-1). In addition, the noise does not significantly distort the predictions, which
confirms that the proposed network remains robust for at least moderate noise levels.

The MSE (Figure 7.8) of the predictions by InversionNet jumps from 7.7 x 10=* for the clean data to
1.5 x 102 for the noisy data (SNR=10). In contrast, there is only a slight increase in the MSE of
InvNet_UQ (i.e., from 8.0 x 10~ to 1.9 x 10~3). Evidently, our method can handle noisy data with a

realistic signal-to-noise ratio, and the noise does not distort the uncertainty quantification.
7.3.5 Influence of missing traces

Missing traces are typical in seismic surveys due to unavailable receivers and low SNR on some records.
The commonly used remedies are reconstruction of the missing traces using interpolation and compressive
sensing. However, accurate reconstruction usually takes a significant amount of time and is
computationally costly. Therefore, next we test the effectiveness of InvNet_UQ in dealing with the

missing-data problem by randomly blocking 30% traces (Figure 7.9b) for every testing sample. The
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Figure 7.5 Correlation map between the absolute prediction error (MAE) and the corresponding
uncertainty. The Pearson correlation is 0.727 (p-value is 1.0 x 1071?), which shows a strong positive
correlation between the absolute prediction error and the uncertainty.

networks are trained with the complete seismic data. Hence, testing data that miss traces can be referred
to as an “out-of-distribution” case.

Compared with the predicted results using the entire data set, both methods produce distortions in the
velocity model due to the missing traces. InversionNet (Figure 7.10a-d) cannot predict the COy plume,
while InvNet_UQ (Figure 7.10e-h) still reconstructs these plumes with acceptable resolution. In addition,
InvNet_UQ is able to estimate the bottom right part of the velocity model, which is substantially distorted
by InversionNet. Table 7.1 shows that our method is more robust and reduces MSE by about 30%
compared with InversionNet.

The uncertainty for the upper part of the model (Figure 7.10i-1; marked by the red arrow) caused by
the missing trace is significantly larger than that for the original data. Similar to the previous tests, the

reservoirs generally have a higher uncertainty than other parts of the model.

Table 7.1 Comparison of the MSE values for the velocity distribution predicted by InversionNet and
InvNet_UQ applied without data augmentation (columns 2 & 3) and with data augmentation (column 4).

Conditions/Methods InversionNet | InvNet_UQ | Augmented InvNet_UQ
Noise-free testing data 7.7x 1072 8.0x10~% [ 6.0x 1077
Testing data with 30% missing traces 8.0 x 1073 56 x 1072 [ 9.0x 10~%
Testing data with absence of low frequencies | 9.3 x 10~% 8.0x 10~ [ 6.0x 1077
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Figure 7.6 Seismic shot gather for the testing velocity model in year 20 (a) without noise, and (b) with
Gaussian noise (the signal-to-noise ratio SNR is 10).

7.3.6 Influence of absent low-frequency data

Ultra-low-frequency seismic data are essential for the success of FWI, but they are seldom acquired in
the field. Therefore, it is important to test the robustness of our algorithm in the absence of low
frequencies (less than 3 Hz). We apply the Fourier transform to the perfect testing data and remove
frequencies below 3 Hz with a Butterworth filter. Note that both neural networks are trained on the
perfect training data that include the full frequency range.

Compared with the benchmark results, the velocity models produced by InversionNet are noticeably
distorted (Figure 7.12a-d), even though the low frequencies do not dramatically influence the input seismic
data (Figure 7.11). Specifically, InversionNet fails to reconstruct small COy plumes, which could be
indicative of COq leakages. InvNet_UQ (Figure 7.12e-h) can still predict the plumes in the early stages of
the injection with the resolution similar to that of the benchmark sections (Figure 7.3i-1), as revealed by
the computed uncertainty map. The MSE also demonstrates that InvNet_UQ (8.0 x 10~%) remains robust

compared to the perfect data and achieves higher resolution than InversionNet (9.3 x 107%).
7.3.7 Test of uncertainty-guided data augmentation

We augment the velocity models predicted from the perfect data (see equation 7.6). The uncertainty
map is sampled with different weights, w=[0.1,0.3,0.5,0.7,0.9]. Compared to the prediction (Figure 7.13b),
the augmented data (Figure 7.13c-f) contain small COs plumes and bumps in Zone 3 (marked by the red
arrows), which improves the prediction of these features. These newly generated data are used together
with the existing training data to retrain InvNet_UQ. Then the trained network is applied to the testing

data. The training process is the same as in the previous tests and is described in the subsection
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Figure 7.7 P-wave velocity obtained from seismic data with SNR=10 by (a-d) InversionNet and (e-h)
InvNet_UQ. Plots (i-1) show the corresponding uncertainty computed by InvNet_UQ.

Implementation details.

The testing loss of the perfect data shows that training on the augmented data reduces the MSE of the
testing data from 8.0 x 107 to 6.0 x 10~*, which demonstrates the effectiveness of our data augmentation
method. The detailed comparison between the velocity map (Figure 7.14a-d) and the benchmark
result (Figure 7.3i-1) shows that the network trained with the augmented data can improve the
reconstruction of the velocity model. In particular, with the augmented data, the shape and amplitude of
the predicted COs plumes are closer to those for the actual models, even in earlier years when the plumes
are relatively small. In addition, the small bump in the high-velocity zone is captured more accurately.
The calculated uncertainty further illustrates that the InvNet_UQ has a much higher accuracy in predicting
the CO4y plumes (Zone 2), the low-velocity layer (Zone 3), the high-velocity dipping layer (Zone 1), and the
upper part of the velocity model. Likewise, the ability of the proposed data-augmentation method to
improve the prediction accuracy is demonstrated in the above tests for data with missing traces and

missing low frequencies (Table 7.1).
7.4 Conclusions

We developed a convolutional neural network (CNN) with Simultaneous Quantile Regression (SQR) to
predict the time-lapse velocity model and estimate the uncertainty map from the input seismic data. SQR

is designed to build a network that estimates the conditional distributions of all pertinent quantiles
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Figure 7.8 Comparison of InversionNet and InvNet_UQ in terms of the mean-square error (MSE) vs.
signal-to-noise ratio (SNR).
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Figure 7.9 Seismic shot gather for the testing velocity model in year 20 (a) without missing data, and (b)
with 30% of data missing.

utilizing the pinball loss. Then the uncertainty map is obtained from the prediction interval.

In contrast to most conventional UQ methods, the uncertainty calculated here is related to the
predicted velocity and has a physical meaning (i.e., the confidence interval). To fully utilize the computed
uncertainty, we propose to employ data augmentation by sampling the uncertainty, adding the newly
sampled data to the existing data set, and retraining the network. To benchmark the developed method,
the pinball loss is replaced by the L1-norm objective function to form a deterministic neural
network (InversionNet). Compared to InversionNet, quantile-regression-based InvNet_UQ makes no
assumptions about the distribution of the target variable and is more robust in the presence of outlying
observations.

We test InvNet_UQ on realistic synthetic data from the Kimberlina reservoir and compare the results

with those from InversionNet. The results for clean data demonstrate that InvNet_UQ can predict the
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Figure 7.10 P-wave velocity obtained from the testing seismic data with 30% of the traces missing by (a-d)
InversionNet and (e-h) InvNet_UQ. Plots (i-1) show the corresponding uncertainty from InvNet_UQ.

velocity model with sufficient accuracy. The estimated uncertainty map is consistent with the error map,
which implies that the uncertainty can be used to evaluate the prediction accuracy. The tests on data with
noise, missing traces, etc. show that InvNet_UQ remains robust and produces acceptable velocity maps,
whereas the output of InversionNet is substantially distorted. This implies that the proposed method is
applicable to field data and can facilitate confident decision-making. Retraining the network using the
augmented data from the computed uncertainty improves the prediction accuracy, especially in areas with
larger parameter variations including the COs plumes.

The developed neural network and data-segmentation method could be applied to other types of
reservoirs, such as those containing hydrogen, as long as the seismic data are sufficiently sensitive to the
fluid changes. However, in that case retraining would be needed due to the generalization issue common for

data-driven neural networks.
7.5 Data and Codes Availability

Kimberlina data set can be downloaded from the U.S. Department of Energy - Energy Data exchange
Website (https://edx.netl.doe.gov/dataset/
kimberlina-1-2-ccus-geophysical-models-and-synthetic-data-sets). InversionNet codes are

released and can be downloaded from OpenFWI Website (https://openfwi-lanl.github.io/).

111


https://edx.netl.doe.gov/dataset/kimberlina-1-2-ccus-geophysical-models-and-synthetic-data-sets
https://edx.netl.doe.gov/dataset/kimberlina-1-2-ccus-geophysical-models-and-synthetic-data-sets
https://openfwi-lanl.github.io/

100 200 0.7
—— After high-frequncy pass filter

100 200

08 0.6 — Original
0.5
0.4

0 S o0s
0.2
0.1

-0.5

0
0~ -- 5 10 15 20 25

Amplitude

Receiver Receiver Frequency (Hz)
(a) (b) (c)

Figure 7.11 Seismic shot gather for the testing velocity model in year 20: (a) without a high bandpass filter,
and (b) with the Butterworth filter that has a cut-off frequency at 3 Hz. Plot (c) shows the frequency
spectrum of the data. The blue dashed line on plot (c) marks the frequencies removed by the filter.
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Figure 7.12 P-wave velocity obtained from the testing seismic data using a high bandpass filter with a
cut-off frequency of 3 Hz by (a-d) InversionNet and (e-h) InvNet_UQ. Plots (i-1) show the corresponding
uncertainty from InvNet_UQ.
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Figure 7.13 Velocity model in year 1: (a) actual and (b) predicted. Plots (¢) - (f) show the augmented data
from the prediction.
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Figure 7.14 P-wave velocity predicted by InvNet_UQ trained using the augmented data in (a) year 1, (b)
year 5, (¢) year 20, and (d) year 150. Plots (e)-(h) show the corresponding uncertainty maps.
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CHAPTER 8
CONCLUSIONS AND RECOMMENDATIONS FOR FUTURE WORK

This thesis presents novel algorithms for inverting time-lapse seismic data using physics-based and
data-driven techniques, with a particular focus on elastic anisotropic media. The developed methods enable
high-resolution reconstruction of time-lapse parameter changes for realistic subsurface models and are
applicable to both hydrocarbon production and COs sequestration. This chapter provides a summary of

the key findings of the thesis and recommendations for future research.
8.1 Summary

Most existing time-lapse (4D) full-waveform inversion (FWI) methodologies are limited to isotropic
and, often, acoustic media, which reduces their applicability. In Chapter 2, I extended time-lapse FWI to
2D elastic VTI (transversely isotropic with a vertical symmetry axis) models and implemented it with
three strategies: the parallel-, sequential-, and double-difference methods (PD, SD, and DD, respectively).
Testing on realistic synthetic models showed that the developed algorithm can accurately reconstruct the
time-lapse variations even without ultra-low frequencies in the data. For low-noise multicomponent data,
the double-difference (DD) strategy produces the fewest artifacts outside the target zone because it focuses
specifically on the time-lapse data response. Still, a pronounced false anomaly in the P-wave
normal-moveout velocity shows the susceptibility of the DD approach to parameter trade-offs (in this case,
between the S-wave vertical and P-wave normal-moveout velocities).

FWI requires an accurate estimate of the source wavelet because wavelet distortions may hinder the
matching of the observed and simulated data. Therefore, in Chapter 3 I incorporated the
“source-independent” (SI) technique, designed to mitigate the dependence of the inverted parameters on
the accuracy of the source wavelet, into the time-lapse FWI algorithm for VTI media. Synthetic tests
confirm that the SI algorithm helps accurately reconstruct the time-lapse variations even for significantly
distorted source signals (such as the spike wavelet). Robust application of the SI technique requires using
near-offset reference traces and limiting the size of the time window so that it includes only the direct
wave. The testing also confirms that the method remains robust for noisy data and strongly heterogeneous
media, although the results for Marmousi model are somewhat inferior to those for simpler structures.

To handle a wider range of subsurface structures, in Chapter 4 the 4D FWI methodology is extended to
tilted TT media (TTI). The algorithm is tested on the anticlinal section of the BP TTI model using the

three time-lapse strategies mentioned above. The algorithm reconstructs the time-lapse variations of the
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TTI parameters with high spatial resolution when the baseline and monitor data are sufficiently repeatable,
even in the presence of moderate noise. The SI technique successfully mitigates the impact of distortions in
the estimated wavelet on the inversion results. I also discussed the influence of different nonrepeatability
(NR) issues on the output of time-lapse FWI. NR-related problems are best handled with the SD and DD
strategies because the PD strategy operates with a smoothed, low-resolution initial model, for which
NR-induced time shifts between the simulated and observed data may lead to reflector mispositioning, etc.
The nonrepeatability tests provide valuable information for field-data applications of time-lapse FWI.

The developed time-lapse FWT algorithm for elastic TI media (Chapter 3) was also applied to a 4D
streamer data set from Pyrenees field in Australia. Because the dip of the reflectors is mild, the model was
assumed to be VTI. Comparison of the results of the isotropic and VTI FWI reveals the improvement
achieved by accounting for anisotropy in reconstructing the subsurface model. The increase in spatial
resolution is especially significant in the reservoir area and the overlying layers. The inverted time-lapse
parameter variations provide useful information about the reservoir production. This case study confirms
the effectiveness of the developed 4D FWI methodology, which performed well despite serious
nonrepeatability issues with the Pyrenees data.

To reduce the computational time and alleviate the ill-posedness of FWI, in Chapter 6 I proposed a
time-lapse workflow (hybrid strategy) that combines FWT of the baseline data with a convolutional neural
network (CNN; InvNet-VelSat) in monitoring of COs injection. FWTI is used to estimate the baseline model
and then InvNet-VelSat is applied to the monitor data. To avoid employing a large volume of training data
required by most machine-learning (ML) techniques, I developed a data-generation algorithm by perturbing
the inverted baseline model under constraints provided by well logs and physics laws. Testing on the
synthetic Kimberlina data set confirms that the data-generation algorithm adequately captures the spatial
and temporal dynamics of COs movement in the reservoir. In addition to predicting the saturation model,
the hybrid strategy predicts the velocity field with the accuracy comparable to that of time-lapse FWI.

Finally, in Chapter 7, Simultaneous Quantile Regression (SQR) is incorporated into the CNN developed
in Chapter 6 with the goal of predicting the time-lapse velocity model and estimating the uncertainty map
from seismic data. The SQR-based CNN improves the prediction accuracy for the Kimberlina data set,
especially when the testing data are noisy, have missing traces, and/or do not include low frequencies. To
fully utilize the obtained uncertainty estimates, I proposed to employ data augmentation by sampling the
uncertainty, adding the newly sampled data to the existing data set, and retraining the network. Synthetic
testing confirms the effectiveness of this approach in increasing the spatial resolution of the estimated

velocity field and in reducing the prediction error.
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8.2 Recommendations for future work

Synthetic tests show that the developed time-lapse FWI algorithm can be potentially used to update all
medium parameters of arbitrarily anisotropic media including density. However, anisotropic multiparameter
inversion (especially if density is included) is problematic in practice because of parameter trade-offs and
sensitivity to noise. Regularization and various constraints have proved to be an effective tool in reducing
the nonlinearity of the FWI objective function. Therefore, I recommend to supplement the FWI
methodology by adding constraints, such as geologic information and regularization of the data and/or the
model, to guide the model-updating algorithm toward the global minimum of the objective function.

The presented FWI algorithm uses a staggered finite-difference method for wavefield modeling.
However, the sources and receivers have to be placed on the fixed-size grid, which may be problematic for
field data. The mispositioning of the sources and receivers may hinder the matching of the observed and
simulated data and distort the inversion results. More sophisticated approaches (e.g., multigrid methods)
can be applied in wavefield simulation to handle realistic acquisition geometries.

Whereas the algorithms discussed here are 2D, field data are usually acquired in 3D geometry. Wave
propagation outside the vertical incidence plane might lead to errors in 2D modeling and inversion.
Although out-of-plane corrections reduce the amplitude and phase differences between 2D and 3D data,
lateral heterogeneity could still hinder field applications of 2D algorithms. Therefore, it is desirable to
extend the presented methodology to 3D models and also account for azimuthal anisotropy.

The source-independent (SI) technique can handle errors and nonrepeatability of the source wavelet
when the baseline and monitor data are inverted separately, as is done in the parallel- and
sequential-difference strategies. For the double-difference (DD) strategy, the “composite” data used in the
monitor inversion include the difference between the baseline and monitor data sets. The nonrepeatability
of the source wavelet distorts the “composite” data and, therefore, the monitor inversion. Hence, more
sophisticated approaches to generate the “composite” data are needed to reduce the influence of the source
wavelet on the output of the DD method.

Because the objective function of the SI-based FWI is based on the Ly-norm, model updating is
sensitive to the amplitude matching of the observed and simulated data, which is often problematic in the
field due to complicated wave-propagation phenomena that are not accounted for by the employed models.
Therefore, more advanced objective functions, such as the ones that normalize the data trace by trace need
to be explored in field-data application of the ST FWI.

I have tested the developed time-lapse FWI algorithm for VT media on the 4D Pyrenees field data.

However, the accuracy of the reconstructed parameter variations is difficult to verify in the absence of
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independent information about the subsurface. In addition, only the sequential-difference time-lapse
strategy was applied because of the poor data repeatability. Application to higher-quality, more repeatable
data sets should help better evaluate the robustness of the proposed 4D FWI methodology, as well as of
the hybrid inversion that involves CNNs.

The data-driven time-lapse inversion methods developed in Chapters 6 and 7 have been validated on
the synthetic acoustic Kimberlina data. However, the presented networks can handle only acoustic
isotropic media and, therefore, may not be applicable to most field data sets. Extension to elastic and

anisotropic media should make the hybrid time-lapse method more practical.
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APPENDIX A
INVERSION GRADIENTS FOR THE SOURCE-INDEPENDENT FWI

Starting with Choi and Alkhalifah (2011), several publications discuss the “source-independent” FWT in
the time domain, but none of these papers (e.g., Bai and Tsvankin, 2019; Zhang et al., 2016) presents
explicit expressions for the inversion gradients. Following Kamath and Tsvankin (2016), we present an
explicit derivation of the gradient of the source-independent FWI with respect to the VTI parameters. Note
that the objective function and the generation of the back-propagated wavefield here are more complex.

To minimize the objective function (equation 3.2), the simulated wavefield d*™(x,.,t) is generated using
the wave equation for arbitrarily anisotropic, heterogeneous media:

aniSim i
P~ Oa;

(Cijkl Z)gi‘;m) = fi, (A1)

where d is displacement field, p is the density, f is the density of the body forces, and c¢;;;
(i,4,k,1 = 1,2,3) are the stiffness coeflicients.
The initial conditions for the displacement are:

ad *™ (x, 0)

d*™(x,0) =0,
(x,0) 5

=0, (A.2)
and the radiation boundary condition,
d ™ (%, )| x 500 — 0. (A.3)

Adopting the Lagrange multiplier method, we can define the Lagrangian A as:

ref

_ /OT /Q A {pa?(;zgm B 81 (i %’;) - fi]avat,

where ) is the integration domain (volume V), and A(x,t) is the yet unknown Lagrangian multiplier. After

1 T . .
A= 72/ 1A (x, £) « W22 (xp, 1) — d P (x, £) « WS (xp, )] 2dt
S (A4)

intergration by parts and application of the Gaussian divergence theorem, the change in the Lagrangian
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can be found in the following form:

/ Z [0 0, 1) 5 25 (e, 1) — A2, 1) 5 A (e, )] A2 06, )6 — )33 (e 1)

T
/ / Z [dfim<x,t>*drz‘25<xf,t>—dfb%x,twdf;mxf,t)} <2 (e 10 (x — )0 (3, 1) dV

8d Sim 9N, Ok sim (A.5)
8(5d Slm 8)\
- ii pod; sim 2701 g
/Q [p’\ ot ot } v
4 adkflm a((sdkSim) r sim 6)\k
+/ /BQ Ai [5cijszxl + Cijlexl} n;dSdt — / - od,; cijkla—xlnj dSdt,

where 0f) is the surface of (2, n is the vector normal to 02, and r = 1,2,3 ... N denotes the receivers
(Kamath and Tsvankin, 2016). Following Choi and Alkhalifah (2011), the second term of equation A.5 can
be ignored because it operates with only the reference trace. The initial and boundary conditions for the
perturbation in d*™(x,t) are given by:

98d™™ (x, 0)

5dsim _
(x,0) =0, 5

=0, 06d"™(x,t)|xs00 — 0. (A.6)

Assuming that there are no parameter perturbations, the wavefield A at time T is subject to the
following conditions:

OA(x,T)

A(x,T) =0, 5

=0, (A7)
and the radiation boundary condition,
A(X, 1) |x—s00 — 0. (A.8)

Using equations A.7 and A.8, equation A.5 can be reduced to:

T N
SA = / / Z (477, 1) A (e, £) — A2 (x, 1) 5 A3 (e, )] 4 (xe, )0 (x — x,)6d " AVt

ddi™ A, aa ONENT < i
/ /5%“ Dz, Oz / / P or *7<”“ Oy H‘Sd dvt.

A
According to Plessix (2006), the condition 88—)\ = 0 leads to the so-called “state equations.” The adjoint

(A.9)

state equations are obtained by setting

0
Sdem 0. Taking the derivative of equation A.9 leads to the
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adjoint state equation,

82 >‘l 0 aAk al 51m obs obs sim obs
PaE o gy ) = 2[4 mw@%ﬂ@%W%mﬂdmw(Mm

N
= > {dakr e ) @ [d7 0y ) ¢ dit (e, 1) — 2 ) ¢ 43 (e, )| .

r=1
where ® denotes cross-correlation. Because d5'™ satisfies the wave equation, A is equal to the objective
function Sy from equation 3.2 (see equation A.4) (Plessix, 2006). Hence, the change 0.5, due to the

perturbations of the stiffness coefficients is given by:

T
ad ™ 9Ny,
- » 7k A1l
oSy A /Q(SC ikl 8$j ol dVdt . ( )

To simulate the Lagrangian multiplier, we follow Liu and Tromp (2006) in defining the “adjoint
wavefield” :

P(x,t) = Ax,T —1t). (A.12)

The adjoint wavefield 1) satisfies the following wave equation with a reversed-time source function:

T 0 (g 200 (A13)

Po By M Gy

ref
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r=1

The initial conditions for ¥ are

0 0
px,0) =0, X0 _ (A.15)
ot
and the boundary condition is
(%, t)|x—00 — 0. (A.16)

From equations A.10 and A.11, we can derive the inversion gradient with respect to the stiffness

coefficients (Kamath and Tsvankin, 2016):

oS 6dS’m 8¢k
= — A. 1
8%“ 0 al'j 8xl dt. ( 7)

The gradient of S with respect to the chosen parameters m,, can be obtained using the chain rule:

oS 05 Ociju
omy, = ciju Omy, (A.18)
ijkl J
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For VTI media, we define m; = Vpg, ma = Vg, m3 = Viumo,p;, M4 = Vhor,p,
ms = Vhor,su = Vsov/1+ 27, and mg = p (Singh et al., 2020). The stiffness elements can be expressed
using the velocities as follows (e.g., Kamath and Tsvankin, 2016; Tsvankin, 2012):

Cll = pv}zlorP )

Ciz=p {\/(V — V&) (Vimor — Vi) — Vgo] )
Css = p Vi, (A.19)
Css = p Vi

CGG = pV}%or,SH :
Note that Cgg is not estimated in our synthetic examples because the modeling algorithm simulates
only P- and SV-waves, which are polarized in the vertical propagation plane. Equations A.17 and A.18
allow us to obtain the gradient for the model parameters:

oS T ronp, odsm
Vo _QPVPO/O [E 0z

g (00, QAT Db, O™ Dy, OdIm | Dy, O
= dt
Jr2( 0z 0z + 0z Ox + dy 0z * 0z Oy )} ’

(A.20)

T sim sim sim sim
2 oo [ e (0 202 08
7(8% N 8%) <8d;im N 8d§im) B (3% N %) (5‘d§im N 8d§im)]dt’

0z or 0z or 0z Jy 0z dy

(A.21)

08  _ pVamop /T (aww odsm O, 9dS™ 9y adzim)dt
0 )

avnmo,P T q aiﬂ 82 82 al’ ay 82’

T » adsim ;n’n
avii,p = ~2PVhorp /0 (%y + 831/; ) 9y T acalx )i (A.23)
T » sim 6dsim
avfj,SH = ~2PVhors / [(852 * %ﬁy)( C(‘;y * o )
sim - a sim
(G 2B O B,

(A.22)

(A.24)

08 _ [Tyoe (O 0dSTN DA™ 0y, Ody™ 0, Ody™ Oy, Odim
aip**/o {VPO(OZ 0z )+Vh°rp(8x ox +07y oy + Jdx Oy + dy O )

» } Zim 2im ) } odsim iim
W[ ) o+ %)+ (52 5 o+ 5]

JrVhor SH [(31/Jz + %) <8d£ + adSyim) -2 9y adﬂ 2 s ad;im] (A.25)

oy or dy ox Jdy Oz 7 o oy

[y Vo — Vi) (Vg — VEy) — V3| [2e 057 | s OB | Dus 8™ 00, O]

0z Ox oxr 0z 0z 0Oy oy 0z
+u, + vy, + vziﬂz}dt

131



where

Vimop — Vio
g= ] . (A.26)
Vio — Vo

Here, v denotes the forward-propagated velocity field and 1 denotes the back-propagated velocity field
(Singh et al., 2020).
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APPENDIX B
WAVE PROPAGATION IN 2D TILTED TI MEDIA

We consider a TTT medium with the symmetry axis confined to the [z, z]-plane of a Cartesian
coordinate system. The [z, z]-plane is also assumed to coincide with the dip plane of the subsurface
structures to make wave propagation two-dimensional. The wave equation for P- and SV-waves in such 2D
TTI media can be written as:

Ov,  00yp | 004

P ot = oz 92 + fa, (B.1)
8UZ - 8sz a0—zz

where v is the particle velocity, and o is the stress tensor. The Hooke’ law for this model takes the form:

822“ - du% + dlgaa + d15(a;‘”“’ + %), (B.3)
8gzz = dlgaa + d3388 + dss(gv“ + E;;j) (B.4)
8;? dlsaa + dso% + d55(8avz + 8;;) (B.5)
where dy1, di3, di5, dss, d3s, and ds5 denote the stiffness coefficients given by:
d11 = (c11 cos? 0 + ¢q7 sin® 0) cos? 0 + (c13 cos? 0 + ¢33 sin? 0) sin? 0 + 4cqy cos? Osin’ 6, (B.6)
dis = c11 cos? 0sin? 0 + c15sin? 0 + ¢15 cos? 0 + ¢33 cos? Osin? @ — 4cyy cos® Osin® 0, (B.7)
dis = (c13 — c11) cos® Osin @ + (c33 — ¢13) cos Osin® O + 24y cos O sin O(cos? 6 — sin? 0), (B.8)
ds3 = (c11 8102 0 + 13 cos® 0) sin? 0 + (c33 cos® 6 + c13sin? @) cos? O + 4cgy cos? O sin? 6, (B.9)
dss = (c13 — ¢11) cos Osin® 0 + (c33 — ¢13) cos® Osin @ — 2c44 cos O sin O(cos® O — sin? 0), (B.10)
dss = caa(1 — 25in? 0)% + (c33 — c13) cos? sin® 6 — (c13 — ¢11) cos® Osin? 6, (B.11)

where 6 is the angle between the symmetry axis and the vertical, and c¢;; is the stiffness tensor of the
corresponding VTT medium. Equations B.6 to B.11 are obtained using the Bond (1943) transformation.

When 6 = 90°, the medium becomes HTT (TT with a horizontal symmetry axis). Zero tilt (§ = 0°)
corresponds to the VTT model, for which equations B.1 to B.5 reduce to:

Ovy  00py | 004,

Por T Tox " o

+ fa (B.12)
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