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Abstract

In many geophysical inverse problems, smoothness assumptions on the underlying
geologic model are utilized to mitigate the effects of poor data coverage and obser-
vational noise and to improve the quality of the inferred model parameters. In the
context of Bayesian inference, these smoothness assumptions take the form of a prior
distribution on the model parameters. Conventionally, the regularization parame-
ters defining these assumptions are fixed independently from the data or tuned in
an ad hoc manner. However, it is often the case that the smoothness properties of
the true earth model are not known a priori, and furthermore, these properties may
vary spatially. In the seismic imaging problem, for example, where the objective is
to estimate the earth’s reflectivity, the reflectivity model is smooth along a particular
reflector but exhibits a sharp contrast in the direction orthogonal to the reflector. In
such cases, defining a prior using predefined smoothness assumptions may result in
posterior estimates of the model that incorrectly smooth out these sharp contrasts.

In this thesis, we explore the application of Bayesian inference to different geophys-
ical inverse problems and seek to address issues related to smoothing by appealing to
the hierarchical Bayesian framework. We capture the smoothness properties of the
prior distribution on the model by defining a Markov random field (MRF') on the set
of model parameters and assigning weights to the edges of the underlying graph; we
refer to these parameters as the edge strengths of the MRF. We investigate two cases
where the smoothing is specified a priori and introduce a method for estimating the
edge strengths of the MRF.

In the first part of this thesis, we apply a Bayesian inference framework (where
the edge strengths of the MRF are predetermined) to the problem of characterizing
the fractured nature of a reservoir from seismic data. Our methodology combines
different features of the seismic data, particularly P-wave reflection amplitudes and
scattering attributes, to allow for estimation of fracture properties under a larger
physical regime than would be attainable using only one of these data types. Through
this application, we demonstrate the capability of our parameterization of the prior
distribution with edge strengths to both enforce smoothness in the estimates of the



fracture properties and capture a priori information about geological features in the
model (such as a discontinuity that may arise in the presence of a fault). We solve the
inference problem via loopy belief propagation to approximate the posterior marginal
distributions of the fracture properties, as well as their mazimum a posteriori (MAP)
and Bayes least squares estimates.

In the second part of the thesis, we investigate how the parameters defining the
prior distribution are connected to the model covariance and address the question of
how to optimize these parameters in the context of the seismic imaging problem. We
formulate the seismic imaging problem within the hierarchical Bayesian setting, where
the edge strengths are treated as random variables to be inferred from the data, and
provide a framework for computing the marginal MAP estimate of the edge strengths
by application of the expectation-maximization (E-M) algorithm. We validate our
methodology on synthetic datasets arising from 2-D models. The images we obtain
after inferring the edge strengths exhibit the desired spatially-varying smoothness
properties and yield sharper, more coherent reflectors.

In the final part of the thesis, we shift our focus and consider the problem of time-
lapse seismic processing, where the objective is to detect changes in the subsurface
over a period of time using repeated seismic surveys. We focus on the realistic case
where the surveys are taken with differing acquisition geometries. In such situations,
conventional methods for processing time-lapse data involve inverting surveys sepa-
rately and subtracting the inversion models to estimate the change in model param-
eters; however, such methods often perform poorly as they do not correctly account
for differing model uncertainty between surveys due to differences in illumination and
observational noise. Applying the machinery explored in the previous chapters, we
formulate the time-lapse processing problem within the hierarchical Bayesian setting
and present a framework for computing the marginal MAP estimate of the time-lapse
change model using the E-M algorithm. The results of our inference framework are
validated on synthetic data from a 2-D time-lapse seismic imaging example, where
the hierarchical Bayesian estimates significantly outperform conventional time-lapse
inversion results.

Thesis Supervisor: Michael C. Fehler
Title: Senior Research Scientist
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Chapter 1

Introduction

A fundamental issue in the field of geophysics is the problem of inferring physical
properties of the earth from data collected at or near the earth’s surface. The laws of
physics generally provide a relationship between the data and the earth properties of
interest (which we refer to as the earth model), and the problem of computing these
data given a particular earth model is referred to as the forward problem. By contrast,
the inverse problem is the task of estimating these properties given a particular set
of measurements [69]. Examples of geophysical inverse problems include, amongst
others, electromagnetic inversion [33, 34, 47, 54, 57|, inversion of gravity data for
density (38, 40, 52, 75|, seismic traveltime tomography [15, 26, 51, 79, 80, 83|, and
reflection seismic imaging [5, 11, 12, 19, 29, 36, 37, 39, 49].

In these and other geophysical inverse problems, the data are often either insuf-
ficient to fully constrain the earth model or are corrupted with observational noise.
This can be problematic because incorrect models may fit the data as well as (or, in
the case of noisy data, perhaps better than) the true earth model. This problem can
be averted by introducing a priori information about the model into the inversion
procedure. For example, one might expect that the model parameters do not vary
rapidly in space, and hence smoother models would be given preference over those
which exhibit sharp contrasts. In the context of Bayesian inference, which can be
viewed as a probabilistic framework for inversion, this is achieved by considering the

model parameters as random variables with a prior probability distribution which
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captures one’s belief about the model prior to observing the data.

The choice of the prior distribution is not a trivial one and can significantly impact
the posterior estimates of the model obtained from the Bayesian inference framework.
A prior distribution that prefers smooth models, for example, may be inappropriate if
the true earth model does indeed contain sharp discontinuities, and using such a prior
may result in a relatively low posterior probability being assigned to the true model.
Furthermore, we often encounter situations where the model may exhibit spatially-
varying smoothness properties that may not be known a priori. For example, in the
seismic imaging problem, where the objective is to obtain an image of the earth’s
reflectivity from seismic data, the model (i.e. the seismic image) will inherently
have spatially-varying smoothness properties: the image is smooth along a particular
reflector but exhibits a sharp contrast in the direction orthogonal to the reflector.
However, neither the location nor the orientation of the reflectors are known a prior:

(if they were, we would not be inferring them).

In this thesis, we are concerned with the question of how to learn the optimal prior
from the data in such a setting, where we focus particularly on the seismic imaging
problem described above and the associated smoothness properties of the seismic
image. While the idea of learning an optimal prior from the data may seem to run
counter to the Bayesian philosophy (since, after all, the prior distribution is intended
to capture one’s state of belief prior to observing the data), the problem can still be
formulated within the Bayesian setting in what is known as the hierarchical Bayesian
framework. As the name suggests, here a hierarchy of random variables is introduced
by treating the parameters defining the original prior distribution (of the earth model)
as random variables themselves, endowed with their own prior distribution; i.e., we
place a prior on the prior. These new random variables can then be inferred from
the data and used to define a prior for the earth model in the original inference
problem. This particular approach of estimating the prior distribution from the data

is sometimes referred to as the empirical Bayes method [45].

Even as we seek to let the data dictate an optimal prior, there remain problem-

specific design choices to be made. In particular, we must choose how to parameterize
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the prior on the model in a meaningful way that captures its spatially-varying smooth-
ness properties. We address this by defining a Markov random field (MRF) on the
model vector and parameterizing the edges of its underlying graphical model (which,
as will be seen in Chapter 2, is a 2-D grid graph); we refer to these edge parameters

as edge strengths, which we define precisely in Chapter 2.

1.1 Thesis Outline and Summary of Contributions

We note that the chapters of this thesis have been written in such a way that they
are arranged in self-contained units, so the interested reader is able to go straight to
the unit of interest. In particular, Chapter 2, Chapter 3, and Chapter 6 are each self-
contained units, and Chapters 4-5 form a self-contained unit. Due to arranging the
thesis in this format, the reader may find a small portion of the background sections
in some chapters to be slightly redundant. Below we give a brief outline of the thesis

along with our main contributions.

Chapter 2 : A Brief Primer on Inverse Problems, Bayesian

Inference, and Graphical Models

In Chapter 2, we give a brief tutorial on inverse problems and Bayesian inference
as well as introduce, by way of example, the form of the smoothness enforcing prior
distribution on the model. We begin the chapter by discussing the deterministic for-
mulation of regularized inversion. We then proceed to the probabilistic formulation of
Bayesian inference and show how regularized inversion can be viewed as a special case
of Bayesian inference. Lastly we review the concept of a probabilistic graphical model
and show how we can obtain a meaningful interpretation of the prior distribution of
the model through this framework. Here we define the concept of an edge strength
and show numerically how different choices for the edge strengths can affect the prior

covariance of the model.
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Chapter 3: Bayesian Fracture Characterization

Chapter 3 serves as our first study into the application of Bayesian inference meth-
ods to a geophysical inverse problem. In this chapter, we develop the application
of a (non-hierarchical) Bayesian framework to the problem of fracture characteri-
zation from seismic data. Here the model consists of the fracture properties (par-
ticularly the fracture orientation and excess compliance) of a 2-D reservoir that is
localized in depth, and the measured data are taken to be features extracted from
the seismic traces, particularly the P-wave amplitude variation with offset and az-
imuth [42, 60, 62, 63] and the fracture transfer function [22], which measures the
change in the scattered seismic energy after the seismic wavefield passes through the
reservoir. When fractures are closely spaced relative to the seismic wavelength, the
fractured medium tends to exhibit anisotropy [66], and hence the P-wave reflection
amplitude data are more sensitive to the fracture properties at small fracture spac-
ings. On the other hand, when the fracture spacing is on the order of the seismic
wavelength, the fractures tend to instead act as scatterers |22, 78], thus the scattered
seismic energy is more sensitive to the presence and orientation of fractures in this
regime of fracture spacings. The Bayesian framework allows us to combine these data
to give estimates of the fracture properties over a larger regime of fracture spacings
than would otherwise be attainable while also providing a measure of uncertainty in
the estimates. We derive the likelihood models for these data via physical models
for anisotropy [60, 66] and fracture scattering [22, 78|. The fracture properties are
modeled as discretely-valued random variables with a prior distribution described by
the same 2-D grid MRF introduced in Chapter 2. We solve the inference problem
via loopy belief propagation [48, 55, 56] to obtain the posterior marginal distribu-
tions of the fracture properties, as well as their maximum a posteriori (MAP) and
Bayes least squares (posterior mean) estimates. While we do not attempt to infer the
edge strengths of the graph in this chapter, we do describe and briefly explore how
one may incorporate a priori geological knowledge into the inference procedure by

manipulation of the edge strengths. This exploratory problem motivated our deeper
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study into how one might invert for these edge strengths in a hierarchical Bayesian

setting, leading us to the work of Chapter 4.

Chapter 4: Least-Squares Migration with a Hierarchical Bayesian

Framework

In Chapter 4, we turn to the problem of seismic imaging (also referred to as migra-
tion), where the model is now the seismic image (i.e. the earth’s reflectivity model),
and the data consist of full seismic waveforms measured by a set of seismic receivers
at the surface. While migration is traditionally performed via back-propagation of
the recorded seismic wavefield into the model domain [11], recent efforts [19, 36, 49|
attempt to give the image as the solution to a least-squares inverse problem. This ap-
proach to the seismic imaging problem is referred to as least-squares migration (LSM).
To remain analogous to LSM, we model the image with a Gaussian prior distribution
and give the data as a linear function of the image corrupted by additive Gaussian
noise. The dependence of the data on the image is given by the Kirchhoff modeling
operator, which can be viewed as a ray-theoretic single-scattering approximation to
the integral wave-equation. The Gaussian prior on the image is again described by
the parameterized MRF from Chapter 2, but now we wish to infer the edge strengths
from the data in the hierarchical Bayesian setting. To do so, we endow the edge
strengths with their own prior and obtain the marginal MAP estimate for the edge
strengths via the expectation-maximization (E-M) algorithm [17, 46]. We verify our
procedure on 2-D synthetic datasets. The images we obtain after inferring the edge
strengths exhibit the desired spatially-varying smoothness properties: the images are
generally smooth along the reflectors but are allowed to vary sharply at pixels adja-
cent to a reflector, so as not to smooth out the discontinuity. In contrast, the images

obtained when the edge strengths are fixed are either too smooth or overly noisy.
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Chapter 5: Interpretation and Estimation of Regularization

Parameters

While we inferred the edge strengths in the previous chapter, the remaining parame-
ters defining the prior were decided in a somewhat ad hoc fashion. In Chapter 5, we
present two approaches to picking these remaining parameters more rigorously. In
the first part of this chapter, we elucidate further on the connections between these
parameters and the prior model covariance that results from a particular choice. To
do this analytically, we follow the methodology of Rodi and Myers [59] and Simpson
et al. [68], passing from a random vector representation of the model defined on a
discrete spatial grid to the limit of a continuous random field representation. In the
limiting case, we can obtain the covariance of the model as the Green’s function of a
differential operator, where the properties of this covariance function depend on the
parameters defining the prior distribution.

In the second part of this chapter, we seek to extend the inference framework of
the previous chapter to include these parameters. Here we perform the inference via
the variational Bayesian method [3], which can be viewed as a generalization of the

E-M algorithm [3, 4|, and validate our methodology on a synthetic dataset.

Chapter 6: Hierarchical Bayesian Time-Lapse Seismic Process-
ing

In Chapter 6, we apply the hierarchical Bayesian framework and algorithmic machin-
ery explored in the previous chapters to the problem of time-lapse seismic inversion.
Here the goal is to detect changes in the subsurface over a period of time by taking
repeated seismic surveys (a first “baseline” survey and a second “monitor” survey).
Conventional methods for time-lapse inversion typically involve subtracting repeated
datasets and inverting the differenced data to obtain the time-lapse change [8, 30, 81];
these methods, however, require identical acquisition geometries between subsequent

seismic surveys, which is often difficult to achieve. In the realistic case of differing

acquisition geometries, one common approach is to invert the datasets separately
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and estimate the time-lapse change model as the difference in the inversion models.
However, this method often performs poorly due to differences in illumination and
observational noise between the datasets. To correctly treat the case of differing ac-
quisition geometries between the baseline and monitor surveys, we cast the problem
in the hierarchical Bayesian setting and seek the marginal MAP estimate for the
time-lapse change in the model parameters. We again solve the Bayesian inference
problem using the E-M algorithm, which, in this case, iterates between performing
subsequent updates to the background model and the time-lapse change. We ver-
ify the inference results on a time-lapse seismic imaging example involving synthetic

datasets with different acquisition geometries.

Chapter 7: Conclusions

In Chapter 7, we summarize the major contributions of our work, give concluding

remarks, and suggest some avenues for future research.
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Chapter 2

A Brief Primer on Inverse Problems,

Bayesian Inference, and Graphical

Models

2.1 An Introduction to Inverse Problems

In an inverse problem, the objective is to infer from a set of observed data d some
unknown attributes of interest which we refer to as the model parameters m. For
the inverse problems of interest in this thesis, m € R" is an N-dimensional model
vector of geophysical properties (such as acoustic reflectivity) defined over a 2-D (or
potentially 3-D) spatial grid of the subsurface, and d € R¥ is a K-dimensional data
vector consisting of either a set of seismic traces or features extracted from the seismic

dataset (such as P-wave reflection amplitudes, for example).

Typically, a forward modeling operator F' relates the model parameters to the

observed data, i.e.

d=F(m)+n, (2.1)

where n is a noise term introduced to capture measurement and modeling errors.
Solving the inverse problem then involves finding the model parameters that minimize

some data misfit function Q(m,d), usually taken to be some norm of the residual
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r =d — Am. For example, one might search for the model that gives the best fit to
the data in the least-squares sense, wherein the data misfit function is given by the

squared ¢?-norm of the residual
1 2
(m,d) = Sld = F(m)];. (2.2)

The model myg that minimizes (2.2) is consequently known as the least-squares so-
lution

.1
mpg = argm1n§||d—F(m)||§. (2.3)

Assuming F' is continuously differentiable, we can derive the first-order necessary
condition on myg by setting the gradient (with respect to m) of Q(m,d) in (2.2) to
0:

Vi(m,d) = —A(m)" (d — F(m)) =0, (2.4)

where A(m) is the Jacobian of F. When F(m) is a linear function of the model (so
that F'(m) = Am and the Jacobian A does not vary with m), then (2.4) implies that

mpg must be a solution to the linear system
AT Am; g = ATd. (2.5)

If K > N and the columns of A are linearly independent (i.e. A is full column rank),

then AT A is positive definite and (2.5) has a unique solution:

mpg = (ATA)"tATd. (2.6)

Unfortunately, even when the solution is unique, many inverse problems exhibit
ill-posedness, where even a small amount of noise in the data can lead to large errors
in the estimated model parameters [77]. In order to solve ill-posed problems and
prevent overfitting of noisy data, additional information about the model parameters
can be introduced in a process known as regularization [50, 77]. This is typically

achieved by adding to the data misfit function a regularization function ®(m) that
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depends solely on the model parameters m and penalizes models that are inconsistent
this information. The regularized solution m,e, then minimizes the combined penalty
terms:

m,., = argmin ®(m) + Q(m, d). (2.7)

m

For example, if the model is known to be spatially smooth a prior:, an appropriate
regularization function may penalize local differences in the model parameters such

as

(i,9)e€
= %)\mTD(ﬁ)m, (2.9)

where the differencing weights 3;; € [0, 1] capture the degree of smoothness we expect
between m; and m;, £ is the set of pairs of indices that correspond to spatial neighbors,
D(P) is a differencing matrix capturing this operation defined by the vector 8 = {;; :
(1,7) € £}, and A > 0 is a trade-off parameter that assigns the maximum weight given
to penalizing these differences. Alternatively, if the model is believed to be near some
reference model my, the regularization function might quantify the distance between

the model parameters and my, e.g.

1
B(m) = - \|m — my 3 (2.10)

Both (2.9) and (2.10) are examples of Tikhonov regularization |70, 77|, where the
regularization function is taken to be a quadratic positive semi-definite function of
the model. The Tikhonov regularization function can be expressed in a general form

as

d(m) = %(m —my)"Q(m — my), (2.11)

where the regularization matrix () is symmetric and positive semi-definite.

When the data misfit function Q(m, d) is taken to be the squared ¢?>-norm of the

residual (as in (2.2)), the model mgyg that solves the Tikhonov regularized minimiza-
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tion problem of (2.7) is referred to as the reqularized least-squares solution

1 1
mprs = arg min 5 (m —mo)" Q(m — my) + 5[|d — F(m)];. (2.12)

m

(2.12) can be made even more general by instead considering a matrix-weighted
quadratic function of the residual ¥ Pr (for some symmetric positive definite matrix
P) for the data misfit term, so that solving (2.7) will yield the regularized weighted

least-squares model mgwrs:

Mpgyis — arg min %(m — mo)"Q(m — my) + % (d— Fm))" P(d - F(m)). (2.13)

m

As will be seen shortly, the matrices @ and P (when both are positive definite) can
be interpreted as inverse covariance matrices of the model m (prior to observing the
data) and the noise n, respectively. As before, when F' is a linear function of the
model (described by the matrix A), applying the stationarity condition on mpgwrs

yields an analytical solution to (2.13):
IMRwis — (ATPA + Q)_l (ATPd + Ql’no) s (214)

where the above requires that AT PA + @) be positive definite.

2.2 Bayesian Inference

Having described the fundamental components of an inverse problem, we turn to the
setting of Bayesian inference which provides a useful and mathematically rigorous
framework for inferring the model parameters from the data and handling the relevant
uncertainties in both the model and data. In what follows, we give a brief overview
of the concepts of Bayesian inference and probabilistic graphical models. A more
thorough treatment of these concepts can be found in Gelman et al. [24] and Koller

and Friedman [35].

For the sake of clarity, we pause here to make a few comments about the notation
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and terminology we will use. In what follows and throughout this thesis, we use
sans-serif font for random variables (e.g. m;), boldface font for vectors (e.g. m), and
combine both fonts for random vectors (e.g. m). When we refer to the probability
distribution (or simply distribution) of a random vector m, we are referring to its
probability mass function (in the case of a discretely-valued random vector) or its
probability density function (in the case of a continuously-valued random vector).
We denote the distribution of m by p,(m), or, when the meaning is clear from the
context, we drop the subscript and simply write p(m). We use analogous notation
for conditional distributions: e.g. for the conditional distribution of m given d, we

will write pmja(m|d) or simply p(m|d).

In the context of Bayesian inference, both the model and data are treated as
random vectors, denoted by m and d. Our belief about the model parameters m prior
to observing the data is encoded via p(m), the prior distribution on m. Similarly, our
belief about what the data d will be, given a particular model m = m, is captured
by the likelihood model p(d|m), which can be thought of as a stochastic forward
model for the data. These two probability distributions fully specify the probabilistic
model for m and d and are used to compute the posterior distribution on the model

parameters p(m|d) via Bayes’ rule:

p(m)p(d|m)
Jen p(m')p(d[m’) dm’ *

p(m[d) = (2.15)

If m is discretely-valued, the integral in the denominator of (2.15) would be replaced
by a summation. The posterior distribution is the complete solution to the problem
of inferring m from d, and updates our belief about the model upon having observed
the data. When m is high-dimensional, it may not be possible to tractably explore
the entire posterior distribution and often one will instead seek a point estimator of
the model m. A Bayesian point estimator m(-) is a function of the data d that is

obtained by minimizing an expected Bayes cost function B(m(d), m) which encodes
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the cost of estimating m as m(d). Hence we have:

() = arg 10 By ) [5(/ (), m) (2.16)

= argfglinEp(d) [Epmia) [B(f(d),m)[d]], (2.17)
where E, denotes the expectation operator with respect to distribution p and (2.17)
is due to the law of iterated expectations. As seen by (2.17), the total expected Bayes
cost of (2.16) is a non-negative combination of the conditional expected Bayes costs
given the different realizations of the data. Hence the expected Bayes cost (2.16) can
be minimized by designing m(+) to minimize the conditional expected Bayes costs for

each realization of the data d = d, so that
m(d) = arg min Eymjq) [ B(m', m) |d =d]. (2.18)

The particular Bayesian point estimator we obtain from (2.18) is determined by the
choice of the Bayes cost function B(-,-). If B quantifies the squared />-norm of the
estimation error, so that

B(rn,m) = [ — ml|3, (2.19)

solving (2.18) yields the Bayes least-squares (BLS) estimator mprs, which turns out

to be the posterior mean of m:

The well-known mazimum a posteriori (MAP) estimator myjap, which maximizes
the posterior distribution p(m|d), is obtained by uniformly penalizing all non-zero

estimation errors; to be precise, if, for some € > 0, B is taken to be

) 1 |i—m|>e
B(1n, m) = (2:21)

0 [[m—ml| <e
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then taking the limit as € — 0 in (2.21) yields the MAP estimator as the solution to
(2.18), which is given by:

myap(d) = argmax p(m|d). (2.22)

m

The connection between the Bayesian inference setting and the deterministic in-
version framework described in Section 2.1 is perhaps best seen through the MAP
estimator. The MAP estimator can be equivalently expressed as the maximizer of

the log posterior distribution, since log is a monotonic function; hence we can rewrite

(2.22) as

myap(d) = argmax log p(m|d) (2.23)
= argmax log p(m) + log p(d|m), (2.24)

where we have employed Bayes’ rule (2.15) and dropped the denominator which does
not depend on m. Noting that maximizing a function is the same as minimizing the

negative of that function, (2.24) becomes
myap(d) = argmin {—logp(m) — logp(d|jm)}. (2.25)

Comparing the form of the MAP estimate in (2.25) to that of the regularized solution
from the deterministic inversion framework in (2.7), we see that the two are math-
ematically equivalent. In particular, we can interpret the regularization and data

misfit functions of (2.7) as negative log prior and likelihood models, respectively:
®(m) = —log p(m) + const., (2.26)

Q(m,d) = —log p(d|m) + const. (2.27)

The regularized weighted least-squares solution of (2.13) can be interpreted as a

Bayesian MAP estimate when the prior model and noise are both Gaussian. In
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particular, we endow m with a Gaussian prior distribution, having prior mean mj

and covariance matrix C' (i.e. m ~ N (mg, C)) so that

exp {—% (m —mg)" ¢~ (m — mo)}
p(m) = EEIAATGIE : (2.28)

where | - | denotes the determinant, and let the data be described by
d = F(m) +n, (2.29)

where n ~ NV (0, Y) is a zero-mean Gaussian noise vector independent from the model

m, so that
exp { =3 (d— F(m))" £ (d - F(m)) |

(2m)K72 |52

p(djm) = (2.30)

The posterior distribution is then given by

N[

(= my)" € (m = mg) = L (d = F(m))" 1 (d — F(m)}

|-
d) =
p(m‘ ) (27T)(N+K)/2|C|1/2‘E|1/2p(d>

(2.31)
o exp { =4 (m —my)" O (m —my) — L (d — F(m))" 27 (d = F(m)) },
(2.32)

so that the Bayesian MAP estimate of the model is

myap = arg max log p(m|d) (2.33)

= argmin 1 (m —mg)" €7 (m —mp) + 1 (d - F(m))" ¥~ (d - F(m)).

m

1
2

(2.34)

Comparing (2.34) with the regularized weighted least-squares cost function of (2.13),
we see that (for positive definite @) and P in (2.13)) the two are equivalent and
mgwis is the Bayesian MAP estimate when the prior model and noise are Gaussian

as described above. Furthermore, we can interpret the regularization matrix @) as the
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inverse prior covariance matrix (also called the prior precision matrix) C~' and the
weighting matrix P (from the quadratic data misfit function) as the inverse covariance

matrix of the noise [70].

2.3 Probabilistic Graphical Models, Markov Ran-

dom Fields, and Covariance

We return to the examples of Tikhonov regularization given in (2.9) and (2.10). In
particular, we consider the case when the regularization function ®(m) both enforces

smoothness in the model parameters and penalizes the magnitude of the model:

®(m) = %)\ Z Bij(m; —mj)?* + EZm? (2.35)
(4,5)€E 1Y
_ %mT (A(D(B) + e)) m, (2.36)

where A > 0,¢ >0, 8 ={8;; : (i,j) € £} with each ;; € [0, 1], theset V = {1,..., N}
indexes the components of m, and £ and the differencing matrix D(3) take the same
meaning as in (2.9). In the Bayesian inference context, this is equivalent to modeling

m a priori as Gaussian

m ~ N(0,C) (2.37)

where the prior precision matrix Q = C~! is given by

Q=C"1=X(D(B)+el). (2.38)

It is clear from (2.35) that the differencing coefficients 3;; determine how strongly
to penalize differences between m; and m; and hence the resulting smoothness of
the regularized solution. In the Bayesian context, 3 similarly affects the smoothness
of myap through the prior on m. Indeed the prior distribution plays a key role in

determining the smoothness properties of the model parameters.
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Figure 2-1: The Markov random field imposed on m by fixing 3 prior to observing
the data d, for a simple nine pixel image.

2.3.1 Probabilistic Graphical Models

The expressive formalism of probabilistic graphical models provides a useful analyti-
cal framework for both understanding the interdependencies imposed by a particular
distribution as well as implementing efficient algorithms to solve the underlying in-
ference problem (some of which are explored in Chapter 3). We define an undirected
graphical model G = (V, &), with a set of vertices (or nodes) V, which index the
random variables m; comprising the random vector m, and a set of edges £ C V x V,
represented as pairs of vertices in V' that encode dependencies between the random
variables. We say that the random vector m forms a Markov random field (MRF') over
G if it is Markov on G, meaning that, for any disjoint subsets of nodes S,T,U C V
such that S separates T" from U on G (i.e. if we remove the nodes in S from G then
there is no remaining path from any node in 7" to any node in U), then conditioned
on mg, my is conditionally independent of my (which we write as my L my | mg).
Here we have defined mg = {m; : i € S} as the set of random variables corresponding
to the nodes in S (similarly for my and my). An example of an undirected graphical

model is depicted in Figure 2-1.

To make the connection between a particular distribution and a graphical model,

we turn to the Hammersley-Clifford theorem [13, 28, 35]. The Hammersley-Clifford
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theorem states that a distribution is Markov on an undirected graphical model G if
it factorizes over the maximal cliques of that graph, and, for distributions that are
strictly positive, the converse statement also holds. Here a clique C of a graph G is
any subset of its vertices (C C V) which are fully-connected, meaning every vertex
in C shares an edge from £ with every other vertex in C. The mazimal cliques of
a graph G are its largest possible cliques: C is a maximal clique of G if it fails to
remain a clique when even one more vertex from V \ C is added to C. We say that
a distribution py,(m) factorizes over the maximal cliques of G if it can be written

as a product of functions of the random variables in each maximal clique C of G:

Pm(m) = []¢ fe(me).

For a Gaussian random vector m with precision matrix (or inverse covariance
matrix) @), the Hammersley-Clifford theorem implies that m is Markov on the graph
G = (V,€) if and only if @;; = 0 whenever there is no edge between nodes i and j (i.e.
whenever () is at least as sparse as the edge set £) [35]. Hence, a Gaussian random
vector with a given precision matrix ) induces a natural graph based on the sparsity

pattern of Q).

The graph shown in Figure 2-1 is the natural graph induced by the Gaussian
prior described in Equations (2.37)-(2.38), and the sets V and £ used in (2.35) are
precisely the vertex and edge sets of this graph. The edges of the graph in Figure
2-1 are labeled by the differencing weights 3;; because, in a sense, the 3;; determine
the “strength” of each edge. To be precise, 3 captures the conditional dependence
structure of m, such that 3;; = 0 implies that there is no edge between m; and m;
and hence m; L m; |{m; : k # 4,j}, and a larger value for §;; induces a stronger
conditional correlation between m; and m;. For this reason, we sometimes refer to
the elements of 3 as the edge strengths of G and to D(3) as the weighted graph
Laplacian of G (weighted by 3). (We note to the reader that, although we have
defined the notion of edge strengths in this chapter, we will re-introduce and review

this concept in Chapter 4.)
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2.3.2 Edge Strengths and Covariance

This graph theoretic approach to defining a distribution via a Markov random field
contrasts with the more typical method for defining priors in geophysical inverse
problems using stationary covariance functions (typically over an assumed Gaussian
random field) [70]. A covariance function is often characterized by its variance and
correlation length, the latter being a characteristic length defining the rate of decay of
the covariance function. While defining a covariance function explicitly encodes the
covariances between any two points in space, an MRF instead encodes the conditional
independencies and (when parameterized with edge strengths) the local smoothness

structure of the model, thereby implicitly defining a covariance function.

To show the effect of 3 on the covariance of m in the Gaussian example described
by (2.37)-(2.38), we compute one row of the covariance matrix C'(8) and draw samples
of m for different choices of 3. We note that since C;; = cov(m;, m;), the ith row of the
covariance matrix gives the covariance of the entire model with m;. The covariances
and samples are computed with m defined over a 101-by-101 node grid (with grid
spacing set to 1 m) and with setting A = 1 and ¢ = 1073 and where the covariances
with the central point in the grid are computed. We consider two cases: the first
where each f3;; is set to a common value 3, to illustrate how varying the 3;; uniformly
affects the model covariance, and the second where some of the 3;; are set to 0 and
the remainder are set to 1, to illustrate how the f3;; can capture spatially-varying

smoothness in the model.

Figure 2-2 displays the first case where all the 3;; are set to a common value, where
this value is varied from 1 to 0. As shown in the covariance plots, as [ decreases, the
resulting covariance function becomes taller and skinnier: decreasing 3 results in an
increased model variance and decreased correlation length. 5 = 0 corresponds to the
case of a completely disconnected graph, so that all the m; are independent, and hence
the covariance function is 0 everywhere except at the central point, which corresponds
to the variance of m;. The draws from the Gaussian distributions similarly show this.

When # = 1, the sample is highly correlated in space and has a relatively smaller
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magnitude (due to the lower variance), however as 3 is made smaller, we observe that
the sample becomes spatially less correlated and the magnitude of its range increases.

At g =0, the sample is of white noise and hence completely uncorrelated in space.

The second case, where we set some of the f;; to 0 and the rest to 1 is shown
in Figure 2-3. In particular we consider the choice of 3 we may want to use if
we suspect a horizontal discontinuity in the model at z = 40.5 m and centered at
x = 51 m; in this case, we would set 3;; = 0 for the edge strengths corresponding
to vertical edges connecting nodes at z = 40 m and z = 41 m along the length of
the discontinuity. We show the covariances and sample draws for discontinuities of
different lengths: 21 m, 51 m, and an infinite length discontinuity. As evidenced by
the plots, the covariance is significantly reduced across the discontinuity where the
Bi; are set to 0; however, for the finite-length discontinuities, the covariance remains
non-zero across the discontinuity, as there is still a path on the graph G connecting
the nodes to the central node, through which they remain correlated to the central
node. For the infinite-length discontinuity, no such path exists as the nodes above
the discontinuity are completely disconnected from those below the discontinuity;
hence the two sets of nodes are independent, and the covariances of the nodes above
the discontinuity with the central node are identically 0. This is similarly observed
in the sample draws: the draw corresponding to the infinite-length discontinuity
shows that the nodes above and below the discontinuity are uncorrelated. For the
draws corresponding to the finite-length discontinuities, one observes that the sample
values are allowed to contrast significantly across the discontinuity, however a reduced

correlation still exists through paths of nodes that avoid the discontinuity.

The preceding examples have served to illustrate the significance of the edge
strengths 3 in defining the prior distribution for m and to point out the flexibility of
this construction for treating inverse problems with models that have spatially-varying
smoothness properties. In Chapter 5, we undertake a more rigorous investigation of
the parameters 3, A\, and € and their relationship with the model covariance. We note
here that the graphical model depicted in Figure 2-1 with edge set £ connecting only

a node’s four nearest neighbors is one of many possible graphs that can be used in our
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Figure 2-2: Computed covariance functions (first column) and sample draws (second
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Figure 2-3: Computed covariance functions (first column) and sample draws (second
column) from N (0, (A\(D(B)+e€l))~!) with 8;; = 0 along a horizontal discontinuity at
z =40.5 m (centered at x = 51 m) of length (A-B) 21 m, (C-D) 51 m, (E-F) infinite
length. ;; = 1 elsewhere.
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construction. In particular, we can generalize the graph in Figure 2-1 by appending
& so that a node is connected to all other nodes within some specified radius. Picking
a radius of 1 grid node will give the graph of Figure 2-1; a radius greater than /2
but less than 2 will additionally induce diagonal connections, and so on.

In the remainder of this thesis, we explore different inference problems that use this
construction with 3. Chapter 3 is an exploratory study in Bayesian inference on the
geophysical inverse problem of fracture characterization; there the model parameters
are treated as discrete random variables, and the prior distribution is defined using the
same graphical model as in Figure 2-1, with 3 fixed. Our investigation of this inference
problem made apparent the significance of the choice of the edge strengths 3 to the
solution of the problem. Hence, in Chapter 4, we turn to the problem of estimating the
edge strengths B from the data in the context of the seismic imaging problem known
as least-squares migration. Therein the model is treated as a Gaussian random vector
(following the description given in Equations (2.37)-(2.38)). In Chapter 5, we extend
the work of Chapter 4 by investigating the connections between the parameters 3,
A, and € and the model covariance and further generalize the methodology developed
in Chapter 4 to additionally estimate A\ and the noise variance. Chapter 6 focuses
on the problem of time-lapse seismic processing and utilizes some of the machinery
discussed in Chapter 4 to correctly frame and solve the inference problem; however,
in that chapter, while the construction with 3 is utilized, the focus is on correctly
dealing with uncertainty about how the model evolves with time rather than on the

edge strengths 3.
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Chapter 3

Bayesian Fracture Characterization

3.1 Summary

In this chapter, we describe a methodology for quantitatively characterizing the frac-
tured nature of a hydrocarbon or geothermal reservoir from surface seismic data under
a Bayesian inference framework. The method combines different kinds of measure-
ments of fracture properties to find a best fit model while providing estimates of
the uncertainty of model parameters. Fractures provide pathways for fluid flow in
a reservoir, and hence, knowledge about a reservoir’s fractured nature can be used
to enhance production from the reservoir. The fracture properties of interest in this
study (to be inferred) are fracture orientation and excess compliance, where each
of these properties are assumed to vary spatially over a 2-D horizontal grid which
is assumed to represent the top of a reservoir. The Bayesian framework in which
the inference problem is cast has the key benefits of (1) utilization of a prior model
that allows geological information to be incorporated, (2) providing a straightfor-
ward means of incorporating all measurements (across the 2-D spatial grid) into the
estimates at each grid point, (3) allowing different types of measurements to be com-
bined under a single inference procedure, and (4) providing a measure of uncertainty
in the estimates. The observed data are taken from a 2-D array of surface seismic
receivers responding to an array of surface sources. Well understood features from

the seismic traces are extracted and treated as the observed data, namely the P-wave
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reflection amplitude variation with acquisition azimuth and offset (amplitude versus
azimuth data) and fracture transfer function data. Amplitude versus azimuth data
are known to be more sensitive to fracture properties when the fracture spacing is
significantly smaller than the seismic wavelength, whereas fracture transfer function
data are more sensitive to fracture properties when the fracture spacing is on the order
of the seismic wavelength. Combining these two measurements has the benefit of al-
lowing inferences to be made about fracture properties over a larger range of fracture
spacing than otherwise attainable. Geophysical forward models for the measurements
are used to arrive at likelihood models for the data, and the prior distribution for the
fracture variables is obtained by defining a Markov random field over the horizontal
2-D grid on which we wish to obtain fracture properties. The fracture variables are
then inferred by application of loopy belief propagation to yield approximations for
the posterior marginal distributions of the fracture properties, as well as the mazimum
a posteriori and Bayes least squares (posterior mean) estimates of these properties.
Verification of the inference procedure is performed using a synthetic dataset, where
the estimates are shown to be at or near ground truth for both fracture orientation (at
the full range of fracture spacings) and fracture excess compliance (at small fracture

spacings).

3.2 Introduction

Fractures are cracks in the earth’s crust through which fluid, such as oil, natural gas,
or brine, can flow. Knowledge about the presence and properties of fractures in a
reservoir can be extremely valuable, as such information can be used to determine
pathways for fluid flow and to optimize production from the reservoir |1, 62|. Since
the presence of fractures in an elastic medium can alter the compliance of the medium
and fractures often have a preferred alignment relative to in situ stress, fractures can
cause the medium to exhibit anisotropy [66]. This anisotropy has been exploited to
give different techniques for determining fracture properties from seismic data, such as

reflection amplitude versus offset and azimuth analysis [42, 60, 62, 63| and shear wave
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birefringence [23]. These methods, however, are only valid when the fracture spacing
is small in comparison to the seismic wavelength, so that seismic waves average over
the fractures |22, 78]. The equivalent anisotropic medium assumption breaks down
when the spacing between the fractures increases to being on the order of the seismic
wavelength. For the case of larger fracture spacings, Willis et al. 78] proposed a
technique, referred to as the scattering index method, to estimate the azimuthal
orientation (or strike) of a fracture system based on the scattered seismic energy.
Fang et al. [22| described a series of modifications to this technique to give a more
robust methodology for determining fracture orientation, which is referred to as the

fracture transfer function (FTF) method.

In the way of statistical inference methods applied to geophysical problems, Ei-
dsvik et al. [20] gave a Bayesian framework for determining rock facies and saturating
fluid by integrating a forward rock physics model with spatial statistics of rock prop-
erties. Specifically in the area of fracture characterization, Ali and Jakobsen [1] used
a Bayesian inference framework to infer fracture orientation and density from seismic
velocity and attenuation anisotropy data. Sil and Srinivasan [67| applied a simi-
lar Bayesian inference methodology to determine fracture strikes from seismic and
well data. All of the aforementioned statistical studies solved the inference problem
via Markov chain Monte Carlo (MCMC), a sampling technique which stochastically
searches the model space. Furthermore, the data models used in all of these stud-
ies follow from the assumption that a medium with closely spaced fractures is an

equivalent anisotropic medium.

The aim of our study is to utilize a Bayesian framework to combine different data
which, on their own, are informative about certain regimes of fracture spacing, to
be able to estimate different fracture properties (particularly, excess fracture compli-
ance and fracture orientation) at a wider range of fracture spacings than otherwise
attainable if one data type is used. The Bayesian framework in which the problem
is cast furthermore makes it straightforward to encode prior knowledge about either
geological features of the reservoir, such as the existence of a discontinuity arising

from a geological fault, or known information about the fracture properties or their
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spatial correlation, where we assume that the fracture properties can vary spatially
over a 2-D horizontal grid.

We first describe the physical parameters that we use to characterize a fracture
system in a reservoir whose properties vary with space. We then present our approach
for casting the fracture characterization problem within a Bayesian framework in
which we assume that fracture properties within the reservoir are spatially correlated.
We capture this spatial correlation by defining a Markov random field (MRF') over
the grid of fracture properties, which we use to arrive at the prior distribution for
the fracture properties. We then introduce the types of seismic data that we assume
are available to characterize fractures, particularly amplitude versus azimuth |60, 63]
and fracture transfer function [22|, and describe the methods by which these data are
used to place constraints on the properties. The inversion for model parameters is
accomplished via loopy belief propagation (LBP) [48, 55, 56|, a numerically scalable
approximate inference procedure that yields both the posterior marginal distributions
of the properties at each point in space in addition to the Bayes least squares (BLS)
and mazimum a posteriori (MAP) estimates of the fracture properties. Finally, we
demonstrate the applicability of the method for inferring fracture properties using

synthetic seismic data.

3.3 Description of the Problem

Consider a set of seismic measurements taken from a 2-D array of surface receivers
over a layered medium responding to a set of surface seismic sources. We are interested
in inferring from the seismic data whether or not fractures are present in a particular
layer of the medium (e.g. the reservoir) and, if so, the properties of the fractures. A
simple example of this setup, where the medium consists of flat homogeneous layers,
is displayed in Figure 3-1. In particular, we would like to infer fracture orientation
¢ = [pij] and the (base 10) log excess fracture compliance z = [z;;] spatially over a
2-D m-by-n horizontal grid L = {1,...,m} x{1,...,n} (where ¢ and j index the axes

of the grid L). Each grid point corresponds to a square of area ¢2, so that the entire
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Depth

Figure 3-1: A simple model of the problem setting. The formation consists of five flat
homogeneous layers with fractures that may be present in the third layer and mea-
surements obtained from the 2-D array of surface seismic receivers. Figure modified

from Willis et al. [78].

grid corresponds to a region of area mnf?. Excess fracture compliance is defined as
the overall additional medium compliance (having units of Pa™") due to the presence
of fractures and is the ratio of the compliance of the individual fractures (in m/Pa)
to the fracture spacing (in m) [18, 66]. We make the simplifying assumptions (1) that
the fractures are vertical, so that the fracture orientation ¢;; is simply the azimuth
(or strike) of the fractures (with respect to North), and (2) that the normal and
tangential excess compliances are equal, which may represent gas-filled fractures [64],
hence we need only infer a single log excess compliance value z;; for each grid node.
It is possible that the ratio of normal to tangential fracture compliances may deviate
from unity due to mineralization [64]; while this ratio has been measured using shear
wave splitting data [74], we are not able to uniquely resolve this ratio from AvAz
data. If this ratio is known to differ from unity for a particular fracture system, we
may proceed with our analysis inferring for only the normal compliance and setting
the tangential compliance according to this ratio. An excess compliance value of 0
at a particular grid point is taken to mean there are no fractures at that grid point
(rendering the value for azimuth arbitrary and meaningless). In order to compare
zero and non-zero compliance on a logarithmic scale, we treat an excess compliance

1

of zero as 10713 Pa™", which is geophysically reasonable as this is an insignificantly
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small value for excess compliance and results in a negligible effect on seismic wave
propagation. We assume that the dataset is rich enough so that for each grid point
in L, there are corresponding source-receiver pairs that sample the point at multiple
offsets and acquisition azimuths. We further assume that the background velocity
structure of the medium is well understood.

In order to relate the fracture properties m = (z,¢) = [m;;] to the seismic
trace dataset, it is necessary to model seismic data as a function of the fracture
properties. Unfortunately, modeling the entire seismic trace dataset requires a full
elastic 3-D forward simulation of the seismic wavefield, and the computational cost
associated with the repeated simulations required to invert for the fracture properties
is prohibitively high, so we instead resort to simulating well understood features of the
seismic trace dataset and treat these features as our observed data d. In particular,
we choose to model P-wave reflection amplitude as a function of acquisition azimuth
(at a fixed angle of incidence), also known as amplitude versus azimuth (AvAz) data

[60, 63|, and fracture transfer function (FTF) data, as defined by Fang et al. [22].

dAVAZ dFTF

We refer to these observed data with variables and , respectively, and let
d = (d*22 d¥TF). Detailed descriptions of the data and their forward models are
detailed in Section 3.4.2. Both dAvA* = [d%"AZ] and d¥TF = [dg—TF } are defined over
the grid L, in a manner such that to each grid node of fracture properties m;; there

is an associated data vector d;;.

3.4 Bayesian Inference Framework

In order to arrive at an estimate of the fracture properties from the seismic data,
we employ a Bayesian inference framework. As mentioned earlier, the Bayesian
framework is chosen as it allows us to naturally encode prior information about
the fracture properties (and their spatial variation), combine different types of data,
and quantify the uncertainty associated with the inferred quantities. The frac-
ture properties and seismic data are treated as random variables, and a stochas-

tic model is used to give the joint distribution of the fracture properties and seis-
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mic data (m,d) = ((z,¢),d). In particular, we model the fracture properties as
discrete random variables where the domain for each of the variables is given by:
1077 € Z = {107%9,107%1,... 1072010713} (in units of Pa™') and ¢;; € F =
{0°,20°,...,160°}, ¥(i,j7) € L. The use of discrete random variables makes the
inference problem amenable to the general framework of message-passing inference
algorithms described in Section 3.4.3, where the intervals of discretization were picked
based on the level of resolution we might reasonably expect to achieve using seismic
measurements. The posterior distribution of the fracture properties given the data

p(mld) is given by Bayes’ rule:

p(m)p(d|m)
Y o P(M)p(d|m’)
o< p(m)p(d|m) (3.1)

p(m|d) =

where p(m) and p(d|m) are the prior distribution of the fracture properties and the

distribution of the seismic data given the fracture properties, respectively.

While the posterior distribution of Equation 3.1 is the complete solution to the
Bayesian inference problem, exploring this distribution can be intractable due to the
high-dimensionality of the fracture properties m. To glean meaningful inferences
from the posterior distribution, one may either choose to obtain point estimators of
m from the posterior or to obtain marginal posterior distributions over some tractably
explorable subsets of the random variables in m. While point estimators are useful
when a single answer to the inference problem is desired, they do not capture the
associated estimation uncertainties (which are described by the marginal posterior
distributions). Among the most common point estimators are the MAP estimate
myap and the BLS (or posterior mean) estimate mprs. The MAP estimate of the
fracture properties minimizes the probability of estimation error and is the overall
configuration of the fracture properties that maximizes the posterior distribution,
that is

myap = arg max p(m|d) (3.2)
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In contrast, the BLS estimate of the fracture properties minimizes the expected value
of the squared estimation error and is given by the expected value of the fracture
properties given the data. The posterior marginal distribution for the fracture prop-
erties at a particular node m;; is given by summation of the posterior distribution over
all other variables m_;; & {my,; : (k,1) € L\ {(,5)}}. So, for example, the posterior

marginal for the log excess compliance p(z;;|d) is given by

p(zijd) = Z Z (25, i, mij|d). (3.3)

Pij M_jj
Computing the posterior marginals has the additional benefit of yielding (with min-
imal additional computation) the BLS estimates. For example, for the log excess

compliance at node (i, j), we have

ZijpLs = E[z;;|d =d] = Z zij p(zi5|d). (3.4)

244
For any reasonably large number of grid nodes mn, the maximization and summa-
tion in Equations 3.2 and 3.3, respectively, are intractable, hence we must turn to
approximate inference algorithms to perform the estimation. We discuss the infer-

ence algorithms used to approximate the MAP estimates and posterior marginals in

Section 3.4.3.

3.4.1 Prior Model

Assuming that the fracture properties will not change rapidly with position, it is
reasonable to make the properties at one point depend on its nearest neighbors in
space. We capture this spatial dependence mathematically by carefully constructing
an appropriate prior model for the fracture properties. We arrive at a prior model by
defining the set of fracture properties m as a Markov random field over an undirected
graphical model G = (V, ) on the 2-D grid L [35]. Here V is the set of vertices or
nodes of the graphical model, which correspond to partitions of the random variables

in m. We associate with each grid node (7, j) € L a vertex in V corresponding to the
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Figure 3-2: Undirected graphical model G over which m is Markov, prior to observing
the seismic data. The model is based on the assumption that the values of the fracture
properties at one location are dependent on those of its nearest neighbors.

pair of random variables m;; = (z;;, ¢;;), so that V = L. The set of edges of the graph
is £ C V x V, represented as pairs of nodes, which encode dependencies between the

random variables.

We define the edge set £ over the 2-D grid L so that a particular node shares edges
with its four neighbors on the grid L. The graphical model for m prior to observing
the data is shown in Figure 3-2. Intuitively, such a graph structure means that given
the fracture properties of the four nearest neighbors of a particular node, knowledge
of the fracture properties of the medium elsewhere on the grid will have no impact
on our belief about the properties at that node. Since we expect the properties of
the medium at a particular point in space to be similar to its surrounding properties,
this suggests a prior distribution that penalizes differences between a node and its
neighbors. In particular we define the prior distribution for the fracture parameters
to be

p(z) x exp — Z Beyiw(2ij — 21)’ (3.5)

(ij,kl)EE
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and

plp) cxcexp — > B (i —or)’ ¢ (3.6)
(ij,kl)EE

where 3., ,, and 3, ,, are smoothness parameters. Note that the fracture orientations
must be manipulated with a modulo operation to bring the difference within the

interval [—90°,90°), as the azimuth is identical modulo 180°.

We define the smoothness parameters in terms of an overall (spatially-varying)
smoothness parameter [3;;x after normalizing by the bin sizes for each variable (so
that the degree of smoothness is not dependent on the units of the variables) via
Beiw = Bijr/(0.1)* and Boi = Bijx/(20)%  Allowing spatial variation in the
smoothness parameter allows us to encode a priori information about discontinuities
in the medium, such as those which may arise from a geological fault. In general,
we pick a single value 8. > 0 for the smoothness parameter along edges where there
are no known discontinuities and set the smoothness parameter to zero along edges
where a fault is known to exist (thereby removing those edges from the graph). We
experiment with different choices for 3. in Section 3.5.2. Defining £¢ to be the set of

edges where a fault is known to exist, then

ﬁij,kl _ 5c 1f ((Z>])> (k>l)) €& \ gf (37)
0 if ((,7), (k1) € &

Treating the two different fracture properties as independent a prior: gives the

overall prior distribution for the fracture properties as

p(m) = p(z, ) = p(z)p(p). (3.8)

Indeed, we see that p(m) factorizes over the maximal cliques of G (which are precisely
the edges £) and thus, by the Hammersley-Clifford theorem (see Ch. 2), m is Markov
on G.
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3.4.2 Likelihood Model

As discussed in Section 3.3, the seismic data used in this study are AvAz and FTF
data, which are extracted from the seismic trace dataset and denoted by dA"4% and
d"TF| respectively. We make the assumption that given the fracture parameters m,
the two types of seismic data d** and d"T" are conditionally independent, and

hence

p(djm) = p(d*™**|m)p(d"""m). (3.9)

In the remainder of this section, we discuss how we model the data to arrive at

the likelihood models p(d*#/m) and p(d¥TF|m).

Amplitude versus Azimuth Data

We suppose we have data for the amplitudes of P-P arrivals reflected from the top of
the fractured layer at a full range of acquisition azimuths and source-receiver offsets
for each grid point (i,j7) € L. We can use ray-tracing to determine spatially the
grid point corresponding to each source-receiver pair as well as to map the offsets to
incidence angles for the wave incident on the top of the fractured layer (where the
incidence angle is the angle the incident wave makes with the vertical axis). This
gives, for each grid point (i,7) a set of P-P reflection amplitudes that vary with
incidence angle # € © and acquisition azimuth (relative to North) ¢A% € A4, where
© and ®*°9 are the sets of incidence angles and acquisition azimuths over which
the data has been obtained; we denote the reflection amplitudes by Ji’gp (0, p™<9).
For concreteness, suppose the acquisition azimuths we have are precisely the set
PAd = 0°,10°,...,170°}. In order to be able to compare these amplitudes to the
P-wave reflection coefficient, for each incidence angle 6, we normalize the amplitudes
by the mean amplitude (taken over acquisition azimuths). This allows us to compare
the variation of the reflection coefficient with azimuth (rather than its absolute value):
Rf;P(e’ ¢Acq)

divhe = ghvhz, (3.10)
77¢ Cq >
! N \cpicq| Z¢>e<1>Acq Rf}P(ea ¢)
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In order to arrive at a forward model for the P-wave reflection coefficient of the
interface above the fractured layer as a function of acquisition azimuth, we make
various simplifying assumptions about the formation and the fractured medium. The
layers above the fractured layer are assumed to be isotropic and homogeneous and
the background medium of the layer in which the fractures exist is assumed to be
homogeneous and isotropic with known medium parameters. We assume that the
presence of fractures in the fractured layer causes the layer to behave as an equivalent
anisotropic medium, which is a geophysically valid assumption when the fracture
spacing is small compared to the seismic wavelength [65, 78|. In this case, it is
reasonable to assume that the presence of a parallel set of vertical fractures causes
the medium to exhibit horizontal transverse isotropy (HTI) with a symmetry axis
normal to the strike of the fractures [60, 72]. A transverse isotropic medium with a
given symmetry axis means seismic wave propagation in all directions that form the
same angle with the symmetry axis is equivalent. As such, in an HTT medium resulting
from a set of parallel vertical fractures, the plane normal to the symmetry axis (and
parallel to the fractures) is referred to as the isotropy plane, as wave propagation is

equivalent in all directions in this plane [72].

The P-wave reflection coefficient of an interface is defined as the ratio of the
reflected P-wave amplitude to the incident P-wave amplitude on the interface. Riiger
[60] derives the P-wave polarization vector and P-wave phase velocities in an HTI
medium and uses these to solve a system of perturbation equations for the reflection
and transmission coefficients at the interface of two HTI media having the same
symmetry axes. The resultant P-wave reflection coefficient is given as a function of
the incidence phase angle (6, the angle the incident P-wave makes with the vertical
axis) and the azimuthal phase angle (¢, the azimuth of the incident P-wave relative
to the symmetry axis), and in terms of the isotropic background and anisotropy

parameters, as
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.y -
RPP(0,¢) = %¥ + % (ﬁ — <%) % + <A5(V) -2 (%) Av(v)> cos? gb) sin? 4
Aa V) cogt (V) qin2 2 2 2
— + A€/ cos™ ¢ + AdY sin® ¢ cos” ¢ | sin” f tan” 6,

(3.11)

where « is the vertical P-wave velocity, (8 is the vertical velocity of the S-wave polar-
ized parallel to the isotropy plane, p is the medium density, Z = pa is the vertical
P-wave impedance, and G = pf3? is the vertical shear modulus; these parameters are
all from the background isotropic model and are assumed to be known in our analysis.
Riiger [61] and Liu and Martinez [41] note that this linearized equation for the P-wave
reflection coefficient is accurate for small medium contrasts and weak anisotropy at
angles of incidence less than 35°. In cases where a more accurate model is required,
one may wish to use the approximations of the P-wave reflection coefficient given by
Ursin and Haugen [73] or Pgen¢ik and Martins [58]. The parameters 6", (V) (V)
are the Thomsen anisotropy parameters defined with respect to the vertical axis |71];
these parameters are identically zero for an isotropic medium, but will depend on the
fracture properties for an HTI medium. The parameters in Equation 3.11 are defined
in terms of their relative differences between the upper and lower media A(-) and their
average values (-). So, for example, Aa = ay — a; and @ = (a; + a3)/2, where oy
and ay are the vertical P-wave velocities of the upper and lower media, respectively.
Since the axis of symmetry is normal to the strike of the fractures (thus having an
azimuth relative to North of ¢;; + 90°), then with ¢*°? as the known azimuth of the

incident P-wave relative to North, we have
¢ = ¢ — p;; — 90°. (3.12)

Furthermore, we set the incidence angle 6 to the values computed for the AvAz data.

We use the linear slip model of Schoenberg and Sayers [66] to express the Thom-

sen anisotropy parameters of the fractured medium in terms of the excess fracture
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compliance. The details of this derivation are given in Appendix A. Combining this
with (3.11) gives the forward model for the P-P reflection coefficient as a function of
the fracture parameters at node (4, j), which we denote by R{F (6, "9, ¢;;, ;). To
make this comparable to the data d%VAZ defined in (3.10), we process it in the same
manner by normalizing by the mean reflection coefficient, for each incidence angle 6,

over all acquisition azimuths, giving

Rgp(ea ¢Acq’ Pig» Zij)
@ Z¢E¢Acq Rfjp(@, b, ijs Zi)

R (0,6, @ij, 2i5) = (3.13)

as the deterministic forward model for dg"ﬁ;mq.

We note that if the excess fracture
compliance is zero, then the P-P reflection coefficient is constant with respect to
acquisition azimuth, and hence does not vary with the fracture orientation ¢;;. This is
consistent with our interpretation of zero compliance to mean the absence of fractures,

which indeed renders the value of ¢;; arbitrary.

We arrive at a stochastic model for the data by assuming the output of the forward
model is perturbed by zero-mean additive independent, identically distributed (i.i.d.)

Gaussian noise, so that
AVA PP A
dij\:@,;ACq == RZ] (9, (b Cq, Soljv ZZ]) + Wz'j797¢Acq (314)

where the w;; g 4aca are mutually independent Gaussian random variables distributed
as N'(0, 07 aa,)- We estimate the variance o7, 5,5, using synthetic data obtained from
a finite-difference simulation of the seismic wavefield; the details of the synthetic data

are described in Section 3.5.1. Processing of the synthetic data gives a set of single

AVAZ

ii.0.0Aca At a single grid node and at a range of incidence

observations of the data d
angles and acquisition azimuths, where the fracture properties (z;;, ¢;;) are known,

thus giving independent samples for the noise

AvA PP A
Wij = Wijgpnca = g Gaca — Rij (0,07, i, 2i5). (3.15)
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We estimate 07, 5, via its maximum likelihood (ML) estimator, which is given by

52'2]',AVAZ,ML = 52'2]',AVAZ,ML (wij) = B |(I>Acq| Z Z 2]9(1) (3.16)

0€0 pedAca
Note that, in contrast to the ML estimator of the combined variance and mean of
a normal random variable, the ML estimator in Equation 3.16 is unbiased, that is
E [&izj’ avazar (Wij)| = 07 avap- Having fully described the stochastic model for the
dAvAz

data, we are now in a position to give an expression for the likelihood model for

which is:

p@m)= T[ (] I N (@505 REC(0. 6 0. 2i1), 67 avnnair) | -

(Z'J)GL 0cO ququcpAcq
(3.17)

where N'( -; i, 0?) is the Gaussian probability density function (PDF) with mean pu

and variance 2.

Fracture Transfer Function Data

We further suppose that we have what Fang et al. [22] describe as fracture transfer
function data. We briefly describe the definition of the FTF data and how it is
computed, which will result in a natural choice for our data d¥'F and its likelihood
model p(d¥T¥|m).

Intuitively, the fracture transfer function is the transfer function from the seismic
wavefield reflected off the top of the fractured layer to the wavefield propagating out
of the fractured layer after reflecting off the bottom of this layer. In other words, it
quantifies the redistribution of energy of the reflected and scattered seismic wavefield
after passing through the fractured layer. A cartoon depicting this is shown in Figure
3-3.

FTF is inherently a function of the propagation azimuth of the incident and re-

flected waves. At fracture spacings on the order of the seismic wavelength, the orien-
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Figure 3-3: A cartoon depicting the meaning of fracture transfer function for layer .
I(w) is the incident wavefield, T'(w) is the transmitted wavefield into the fractured
layer, and O;(w) and Oz(w) are the waves reflected by layers above and below the
fracture zone, respectively. Theoretically, the the fracture transfer function at angular

frequency w is defined as FTF (w) = 8?8 Figure adapted from Fang et al. [22].
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tation of the fractures relative to the propagation azimuth has a significant effect on
the amplitude of the scattered wavefield reflected off the bottom of the fractured layer.
In particular, when fractures are parallel to the propagation azimuth, the fractures
tend to act as waveguides, directing more of the scattered energy back to the surface
in the direction away from the source. However, when the fractures are normal to
the propagation azimuth, the scattered energy is less coherent as the fractures tend
to scatter energy in both forward and backward directions. With this in mind, we

expect FTF to be maximized at propagation azimuths parallel to the fractures.

According to the methodology given by Fang et al. [22] and Fang et al. [21], the
FTF at a particular spatial grid point (i, 7) is estimated from surface seismic data
by first determining (via ray-tracing) all source-receiver pairs corresponding to grid
point (i,7). Then, for all source-receiver pairs within the same acquisition azimuth
bin ¢*°4, normal moveout to zero offset is applied to the seismic traces which are
then stacked. The result of this procedure gives a single, stacked seismic trace for
each acquisition azimuth. The arrivals on the traces corresponding to reflections
off the top and bottom of the fractured layer are then located in the stacked trace
and windowed, giving windowed arrivals for each acquisition azimuth oij (t, *°9) and
0 (t, %), respectively. The Fourier transforms O (w, $*<9) and OY (w, $*<9) of the
windowed arrivals are taken, and we compute the fracture transfer function at angular
frequency w and acquisition azimuth ¢*d as
05 (w, ™)

FTFY (w, ™) = =2 .
) = i, o)

(3.18)
This is reduced to a function of only acquisition azimuth by integrating out the
angular frequency via a weighted integral. The idea is that frequencies at which there
is greater variability in FTF with acquisition azimuth should be given more weight,
hence a frequency weighting function W% (w) is defined as the standard deviation of

FTF'"(w,-) with respect to acquisition azimuth, so that
FTF9 () = / FTFY (w, "YW (w) dw. (3.19)
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Due to the reasons mentioned above, we expect FTF%(¢A“) to be maximized at
@i; if fractures are present in the medium. On the other hand, in the absence of

fractures, we expect there will not be a unique maximizer for FTF (¢A°d). Hence, it

JFTF JFTF

is natural to define the FTF data used in our analysis as df;'" = (d};[, &/

) , where

FTF
ij,1
(within a numerical threshold) for FTF9(¢*<), and set to 1 otherwise and where

FTF
dij,2

€ {0,1} is an indicator variable set to 0 when there is no unique maximizer

is set to the acquisition azimuth that maximizes FTF(¢Acd):

dETF & arg max FTEY(¢A9). (3.20)

17,2
d)Achqucq

If there is no unique maximizing ¢*°, we arbitrarily set df]TzF to any one maximizing

value.

FTF

We define a stochastic forward model for d;;7" by first assuming that, given the

FTF

fracture properties m;; at node (4, j), is conditionally independent of the fracture

properties and FTF data at the remaining nodes.

We define (;; as the probability that djj" correctly predicts whether or not there

are fractures present at node (i,j). Then, given the fracture properties, we model

dfﬁF as a Bernoulli random variable. Thus, given z;; = —13 (i.e. zero excess fracture

compliance) then djj" = 0 with probability ¢;; and djj}" = 1 with probability 1 — ¢,

and given z;; > —13 (i.e. non-zero excess fracture compliance) then dijlF = 1 with

probability ¢;; and d¥ TlF = 0 with probability 1 — ¢;;. That is,

)

G AT =1
p(szJTF my;; Gj) = ! g tr=19) , (3.21)
Y T

where 1y is the indicator function defined as

L1 itA
Ly =
0 otherwise
Now, given dZFjTlF and the fracture properties, if either z;; = —13, so that there are
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no fractures present, or if dZFJTlF = 0, so that a unique preferential scattering direction

was not identified, then any value for szszF € [0°,180°) is arbitrary, so we model leszF

as uniform on the set [0°,180°). Otherwise, if both z;; > —13 and d}}" = 1, then

dF should be near the true fracture orientation ¢;;. As with the AvAz data, we

model this by introducing additive zero-mean independent Gaussian noise, so that

conditioned on the event {z;; # 0,d};" = 1}, we have:
dija = ij + Vi (3.22)

where vi; ~ N (0,07, prp) and {vy; : (i,5) € L} is a collection of mutually independent

random variables. This gives the conditional distribution for d;}" as

f oo — FTF _
JFTF | JFTF 2 B lgo]l{dFTFE[O 150)} if 25 = =13 or dj;; =
( i | dijn Mg Uij,FTF) =
FTF . . Frr _
N (dzy2 3 Pijs 055 FTF) if z;; > —13 and d = 1

(3.23)
As with the AvAz data, we use synthetic data from finite-difference simulations of
the seismic wavefield (described in Section 3.5.1), to obtain a set of K independent
samples D;; = (m w ,dFTF ))kzl,...,K of the fracture properties and FTF data at a

single grid point, arising from the simulation of K different fracture models. The

FTF (k)

i1 correctly takes the value 0

ML estimate for (;; is simply the fraction of times d,
(when zl(f) = —13) or 1 (when z( ) > > —13). For the synthetic data we have obtained,
this fraction turns out to be 1. However, in order to preserve stochasticity in detecting
the presence of fractures from FTF data, we instead estimate (;; under a Bayesian
approach by treating it as random variable with a prior distribution that is uniform

over [0, 1]. Having observed K correct observations (and 0 incorrect observations) of

di;')", the posterior distribution for ¢j; is a Beta distribution {; ~ Beta(K + 1,1).
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FTF

Integrating out (;; in the likelihood model for d;j;", given the data, we have

p (d; [my;, D /0 p(Cijlmy;, Dyj) p(di [ my;, Dyj, Gj) dG (3.24)
1
= / p(Gii1Diy) p(diy | mij, G) dC; (3.25)
0
)
1
B W Ik Cff“(l — (i) dGy i dE =1 g
o Jo G (1= G) Gy A =1 = T sy
(3.26)
(
B(K+2,1) FTF
_ ) BE+LD if du [ AP Y (3.27)
B(K+12)
| B(K+1,1) if dijlF =1—1g;5 3
)
K+l FTF _
— lf dl ]]. 2ii>—13
_ ] L T i) (3.28)
\KLH if dZFJTIF =113

where B(+, ) is the beta function. We are left with K’ i.i.d. samples where z( > 13

(and lejTlF = 1), giving samples of the additive Gaussian noise

ij 5,2 ij 15,1

{Ui(]l?’)} _ {Sp(k dFTFE) L) o yg gETE(R) 1}
k=1, K’

used to give the ML estimation of the variance

A N k/ 1 kl 2
G FTEML = Oi P TE ML ({Ui(j )}kle KI) = Z (vi(j )) : (3.29)

.....

As before, the ML estimator in Equation 3.29 is unbiased. This gives the likelihood

model p(d¥T"|m) as:

p (@ m) =TT p (@5 |myy. Do) p (@55 [ a5 s ) (330)
(4,7)€L
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Figure 3-4: (a) Graphical model showing the Markovianity between the observations
d and the fracture parameters m. (b) Graphical model for the posterior distribution
after removing the observed nodes.
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3.4.3 Inference Algorithms

We return to the graphical model representation of the distribution, as this will play a
key role in the inference algorithms used to obtain the posterior marginals and MAP
estimate. Having defined the prior and likelihood models, the posterior distribution
is given by Equation 3.1. We immediately notice that given the fracture properties of
a particular grid node (4, j), the observations d;; at that grid node are conditionally
independent of the remaining fracture properties and observations, that is, with m_;;
and d_;; defined as in Equation 3.3, d;; 1L {m_;;,d_;;} | m;;; this is depicted in Figure
3-4(a).

Having observed the data d = d, the data are no longer random and hence
separate nodes for the data are not included in the graphical model for the posterior
distribution. Hence, we can write the posterior distribution in terms of the node and
edge potentials of the graph, 1;; and ;; x;, respectively, where the node potentials
capture the effect of the data and the edge potentials capture the prior distribution.

These potentials are given by:
Wi (myy) = p(diF™ | my)p(di;™" | myy) (3.31)
and

Vg (Mg, myy) = exp{—B.,,,, (2ij — 210)° = B, (017 — or0)°} (3.32)

and the posterior distribution is then given as:

p(m|d) H 1y (my;) H Vi (M5, My ). (3.33)

(4,7)eV (ij,kl)€E

Having fully described the posterior distribution in terms of its graphical model
and node and edge potentials, we are able to apply belief propagation algorithms to

perform approximate inference of the fracture properties m.
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Loopy Belief Propagation

Belief propagation (BP) is a technique for performing inference on graphical models
which has recently enjoyed much popularity for use amongst a wide-range of applica-
tions [48, 55, 56|. Originally formulated for tree graphs (i.e. graphs having no cycles),
BP refers to message-passing algorithms for computing either marginal distributions
(called the sum-product algorithm) or MAP configurations (called the max-product
algorithm). In particular, for an undirected graph G = (V,€), the BP algorithm
computes messages (denoted by p;;ki(my)) from each node (4, j) € V to every node
(k,1) which shares an edge with (¢, 7) (called a ‘neighbor’ of (i,7)); these messages
capture the beliefs node (i, j) carries about its neighbors. The messages are iteratively

propagated from each node to its neighbors, hence the name ‘belief propagation.’

The sum-product variant of the BP algorithm [35] with node and edge potentials
1;; and 1451 1s given by the update equations

1 () o 1 (3.34)
p i) oY i (mig )i a(mmi) [ sy (mig) (3.35)
mij u’UENb(Z])\{k:l}
pg]) (mlj) X ¢U ml] H lu’uv—n] mlﬁ) (336)
uveND(ij)

V(i,j) € V, ((i,7), (k1)) € €, where Nb(ij) denotes the set of neighbors of node (4, 7)
in G and ﬁg) (m;) is the estimate of the marginal for node (7, j) at iteration ¢. One
can verify that if the underlying graphical model G is a tree, then the sum-product
algorithm converges to the true marginal distributions in a number of iterations equal

to the diameter of the tree [35]. The max-product algorithm is similarly defined by
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replacing summations with maximizations

i g (mia) o 1 (3.37)
Nz(;:l/zl(mkl) o¢ max Vi (i) i (Mg M) H ,uffg%j(mij) (3.38)
N wweNb(if)\ [k}
~(t t
pz(j) (mij) o< i (mij) H :u(m))—n'j(mij) (3.39)

uveND(ij)

V(i,j) € V, ((i,7), (k1)) € &, where f)g)(mw) is the estimate of the node max-
marginal p;;(m;;) for node (7,j) at iteration . The node max-marginal (at node
(,7)) is defined to be the function of m;; one would obtain by fixing the random
variable at node (i, ) to the value m;; and then maximizing the joint distribution
p(m) over all other random variables. That is:
Pij(mag) = max p(mi;, M_;). (3.40)
T
It is important to note that the node max-marginals are not the marginal distribu-
tions, and in fact they are not even probability distributions. However, they can
be used to readily obtain the MAP estimate of m. In particular, if the node max-
marginals p;;(m;;) have unique maximizers m;;, then the MAP estimate is simply the
vector of these unique maximizing values for each node:
myap = [mijjev = [arg maxﬁij(mij)] . (3.41)
i ijev
Thus, the estimated node max-marginals ﬁg) (m;;) obtained from the max-product
algorithm can be used to approximate the MAP estimate. Again, if G is a tree,
then it can be shown that the max-product algorithm converges to the true node

max-marginals and will hence produce the exact MAP estimate.

While BP was originally intended for tree graphs (and indeed converges to the
correct result on trees), it can still be applied to graphs which are not trees, such

as the grid graph for our posterior distribution. Applying BP to perform inference
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on a graph with loops is referred to as loopy belief propagation. While LBP is an
approximate algorithm, as it does not, in general, converge to the correct answer, it
has nonetheless been used extensively in various settings and found to often give very
good approximations, particularly on graphs with a relatively sparse edge set (such
as our 2-D grid graph) and when the node potentials are strong relative to the edge
potentials [48]. With this in mind, we apply loopy belief propagation on the posterior
distribution for the fracture parameters to approximate the MAP configuration and

marginal distributions.

3.5 Results

3.5.1 Synthetic Data

We validate our methodology by performing inference on a synthetic data set. The
synthetic data are obtained from a 3-D elastic finite-difference simulation of the
seismic wavefield on reservoir models having topology as shown in Figure 3-1, and
is the same data referenced in the fracture transfer function study by Fang et al.
[22]. Each of the models consists of five flat homogeneous layers, with fractures in
the third layer; the remaining layers are isotropic. Following the methodology of
Coates and Schoenberg [14] to simulate discrete fractures, the finite-difference grid
cells intersecting individual fractures are modeled as anisotropic, and the individ-
ual fractures are spaced uniformly within an isotropic background medium (note the
finite-difference grid cells are distinct from and on a much smaller scale than the
grid nodes on which the random variables are defined). The isotropic background
parameters are given in Table 3.1. It is important to note that we are not modeling
the entire fractured layer as anisotropic, but only the individual fractures; hence the

validity of this model does not depend on the fracture spacing.

The fractured layer in the models contains a single set of discrete parallel fractures
with strike 0° and individual normal and tangential fracture compliances of 1072 m/Pa

(note that the fracture compliance is distinct from the excess fracture compliance,
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Layer | Thickness (m) | @ (m/s) | 8 (m/s) | p (g/cm?)
1 200 3000 1765 2.20
2 200 3500 2060 2.25
3 200 4000 2353 2.30
4 200 3500 2060 2.25
5 200 4000 2353 2.30

Table 3.1: Isotropic background parameters for the finite-difference synthetic data.
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which is the ratio of fracture compliance to fracture spacing). The models differ from
one another by fracture spacing, where synthetic data have been obtained from models
having fracture spacings of 12 m, 20 m, 40 m, 60 m, 80 m, and 100 m, and where
the fracture parameters in a particular model are constant over the entire layer. The
synthetic seismic trace dataset for each model is obtained from a 2-D array of surface
seismic receivers spaced 4 m apart responding to a single Ricker source wavelet having
central frequency of 40 Hz. AvAz data are computed from the seismic trace dataset
by using ray-tracing to compute the arrival time of the P-P arrival reflected from the
top of Layer 3 for each receiver and taking the amplitude of this arrival in the seismic
trace, where the source-receiver offsets and acquisition azimuths are known. Since
the layers are flat and homogeneous, the reflection from all points on the horizontal
grid are equivalent on average. Hence, the data are treated as the generic AvAz data
for a single grid node or common depth point (CDP). Similarly, the FTF data are
computed according to the procedure in Section 3.4.2 and treated as the generic FTF
data corresponding to a single node or CDP. Prior to processing the synthetic data,
we perturb the raw seismic traces with zero-mean Gaussian noise, with a standard
deviation of 5% of the peak amplitude of the data, where a different realization of

the noise is used for each CDP gather.

To obtain measurements for the entire grid L, we predetermine the fracture pa-
rameters m over L. For each node (i, j) € L, we are free to choose any fracture strike
in the full range of azimuths [0°,180°), as we can simply rotate the synthetic data
from 0° to any desired azimuth ¢;;. For the log excess compliance z;;, we are able to
use any value obtained from the models corresponding to excess compliances that can
be achieved using fracture compliance of 1072 m/Pa divided by any of the spacings for
which synthetic data have been obtained. Having set the desired fracture properties
across the grid, we map the noisy synthetic data to specific values across the grid
L. Processing the noisy data according to the procedure described in Section 3.4.2
results in our vector of noisy measurements d corresponding to the known fracture

properties m over the entire grid. A grid spacing of £ = 200 m is used for L.
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3.5.2 Results of Inference Procedure

We perform the inference on synthetic data arising from two scenarios. The first
scenario is given by a 20-by-20 node grid of a single fracture set (so that the fracture
properties are constant along the grid), for each of the available fracture spacing
models. The second scenario is given by a 20-by-40 node grid of two fracture sets
with distinct excess compliances and orientations, separated spatially by a linear
discontinuity (such as that which may arise from a vertical, planar fault). The effect
of the smoothness parameter (5. on the inference result is investigated by performing

the inference for different choices of ..

LBP is applied in each case to obtain the approximate MAP configuration and
posterior marginal distributions of the fracture properties, the latter of which are used
to compute the approximate BLS estimate of the fracture properties. LBP converged
for all models in less than 200 iterations, when the smoothness parameter (5. was
taken to be less than or equal to 0.1. Choices of the smoothness parameter greater

than 0.1 resulted in LBP not converging for some realizations of the noisy data.

We must take care to interpret the results correctly, as we have taken z;; = —13 to
mean that no fractures are present at node (7, j), which would render ¢;; meaningless
and arbitrary. Thus, we compute the posterior marginals for ¢;; conditioned on the
event {z;; > —13}, and likewise compute the BLS estimates for these random variables
conditioned on the same event. The results of the inference procedure on the single
fracture system are plotted in Figures 3-5-3-7. The resulting residuals between the

estimates and true values are given in Table 3.2 in terms of the root mean squared

(RMS) residuals over all nodes.

We observe that the inference procedure performs very well at fracture spacings
smaller than 40 m. This is to be expected as the forward model for the AvAz data
relies on the assumption that fractures cause the medium to behave as an equivalent
anisotropic medium, but this assumption breaks down as the fracture spacing becomes
comparable to the dominant seismic wavelength (which is 100 m in the fractured

layer and 87.5 m in the layer above the fractures). Furthermore, while the scattering
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Fracture Spacing €rms, ZpLs Erms, Prrs €rms, Zagap Erms, Pyfap
12m 0.132 logoPa™t | 1.27° | 0.123 log;oPa™" | 1.00°
20 m 0.102 log;gPa™t | 2.27° | 0.083 log;gPa™t | 2.00°
40 m 0.488 log,,Pa~! | 10.53 ° | 0.235 log,,Pa™! | 18.63°
60 m 0.670 log,,Pa~' | 0.05° | 0.530 log,Pa' |  0°
80 m 0.555 log;oPa™ | 7.98 ° | 0.756 log;,Pa™! 0°
100 m 0.358 log;pPa™ | 0.12° | 0.187 log; Pa™! 0°

Table 3.2: Root mean square of residuals between estimates and ground truth (mean
taken over all nodes) when estimating a single fracture set with fracture compliance
107? m/Pa, fracture strike ¢;; = 60°, and varying fracture spacing, and with smooth-
ness parameter set to S. = 0.1. For comparison, note that azimuth ¢ is discretized
into 20° bins and log compliance z has been discretized into bins of size 0.1 log;,Pa~?.
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assumptions underlying the forward model for the FTF data are valid for fracture
spacings on the order of the seismic wavelength, the FTF data in this study only
contributes to fracture detection and strike estimation; the actual excess compliance
value (given fractures are present) has no bearing on our model for the FTF data. In
particular, we notice from Table 3.2 that the RMS residuals for estimating log excess
compliance grows to multiple bin sizes at fracture spacings of 40 m and larger. The
marginal distributions in Figure 3-7 convey well what happens at spacings of 40 m and
larger. We see that the least best fit to fracture orientation is obtained at 40 m spacing;
this is likely because at this mid-range fracture spacing, we see a weaker response
from both the AvAz data and the FTF data. However, at larger fracture spacings,
the marginal distributions for fracture orientation remain concentrated around the
true orientation of 60°, as expected due to both the very simple model for FTF in
terms of fracture orientation as well as the assumptions underlying the FTF model
remaining strong at larger spacings. We observe that excess compliance tends to be
underestimated at fracture spacing values of 40 m and above. This observation is
consistent with our intuition for AvAz data; at larger spacings, the AvAz response
becomes weaker, and a better fit to the data is found with smaller excess compliances

than those resulting from the true fracture compliance and spacing.

In order to investigate the effect of the smoothness parameter 5. on the inference
we apply our procedure over a range of choices for 5. on the 80 m spacing model. The
effect of the smoothness parameter is most easily seen in the MAP estimates, which
are plotted in Figure 3-8. Observing the changes in the estimate with increasing
smoothness parameter (., we see that the a higher value of S. has the effect of
denoising the estimates. When £, is 0, this is identical to performing the inference
on a fully disconnected graph, as the edge potentials will all be identically equal to 1.
As such, the estimate at each node will fit only the noisy data corresponding to itself.
Increasing (. strengthens the links between adjacent nodes, and can cause an incorrect
fit to noisy data to be less probable; this is particularly true for fracture azimuth,
which is estimated correctly at 80 m fracture spacing. Increasing . still smooths the

estimates for excess compliance, however towards the underestimated value found at
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80 m (again due to the weaker AvAz response at high fracture spacings). At 5. = 0.1,
we see a considerable improvement in the estimates for fracture azimuth.

We now turn to the second scenario arising from two sets of fractures with different
azimuths and fracture spacings separated by a discontinuity on the grid such as that
which may arise from a geological fault. We investigate the effect of a prior: knowledge
of the fault by performing the inference both with and without knowledge of the fault
location encoded in the prior with the smoothness parameter set to 3;;, = 0 at the
fault and ;1 = B = 0.1 elsewhere. The results are plotted in Figures 3-9 and
3-10 for fracture azimuth and log excess compliance, respectively. As evidenced by
the figures, when the fault is unknown a priori, the estimates for fracture properties
are smoothed across the fault. This is particularly undesirable for the estimation of
fracture azimuth, where we would otherwise be able to obtain good estimates in both
regions. Specifying the location of the fault a priori sets the smoothness parameter

at the corresponding edges to 0, and hence we no longer observe this behavior.

3.6 Conclusions and Future Work

A methodology for estimation of fracture properties from AvAz and FTF data under
a Bayesian inference framework has been presented. The inference is performed by
running loopy belief propagation on the 2-D Markov random field of fracture variables.
LBP converged relatively quickly on the synthetic data, in under 200 iterations for
all models, when using a smoothness parameter less than or equal to 0.1. We have
demonstrated that the approximate inference results perform well for both fracture
azimuth and excess compliance at low spacings of 12 m and 20 m, and continue to
give good estimates for fracture azimuth up to 100 m spacing. This is significant,
as we are able to estimate the fracture properties in a rigorous manner at a greater
range of spacings than would otherwise be attainable.

We further showed that our use of the spatial smoothness prior has the effect of
denoising estimates that would otherwise be incorrect. We also demonstrated the

capability of this framework to handle prior information about geological features,
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such as the discontinuity shown in the previous figures. While we presented a very
simple case of this, it is not difficult to extend this to more complicated scenarios.
Having validated our procedure on synthetic data, the next natural step will be to
obtain field data and apply the inference procedure to estimate the desired fracture
properties.

One future direction to improve the inference is to relate fracture spacing and
compliance to the FTF data. While the data we chose depended only on the pres-
ence and orientation of fractures, Fang et al. [22] showed both theoretically and in
laboratory experiments that FTF also contains information about fracture spacing.
However, even when using synthetic data, the precise physical relationship between
FTF and fracture spacing has been difficult to determine, but a geophysical basis re-
mains for exploring this avenue further. If a reliable forward model can be determined
to relate FTF to fracture spacing, then we will be able to move beyond estimating
excess fracture compliance to estimation of individual fracture compliances and frac-
ture spacing. A related future direction is to incorporate additional features of the
seismic data in the inference procedure. In particular, Zheng et al. [82| describe a
theory for using 3-D beam interference to determine fracture properties of a reservoir

from reflected seismic P-wave data.
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Chapter 4

Least-Squares Migration with a

Hierarchical Bayesian Framework

4.1 Summary

In many geophysical inverse problems, smoothness assumptions on the underlying ge-
ology are utilized to mitigate the effects of poor data coverage and noise in the data
and to improve the quality of the inferred model parameters. Within a Bayesian infer-
ence framework, a priori assumptions about the probabilistic structure of the model
parameters impose such a smoothness constraint (also known as regularization). We
consider the particular problem of inverting seismic data for the subsurface reflec-
tivity of a 2-D medium, where we assume a known velocity field. In particular, we
consider a hierarchical Bayesian generalization of the Kirchhoff-based least-squares
migration (LSM) method. We present here a novel methodology for estimation of
both the reflectivity model and regularization parameters, using a Bayesian statisti-
cal framework that treats both of these as random variables to be inferred from the
data. Hence rather than fixing the regularization parameters prior to inverting for
the image, we allow the data to dictate where to regularize. In order to construct
our prior of the subsurface and regularization parameters, we define an undirected
graphical model (or Markov random field) on the image, where the vertices of the

graph represent subsurface reflectivity values and the regularization parameters are

87



defined to parameterize the edges of the graph. Estimating these regularization pa-
rameters (which we refer to as edge strengths) gives us information about the degree
of conditional correlation (or lack thereof) between neighboring image parameters,
and subsequently incorporating this information in the final model produces more
clearly visible discontinuities in the estimated image. The inference framework is
verified on a 2-D synthetic dataset, where the hierarchical Bayesian imaging results
significantly outperform standard LSM images. We note that while this method is
presented within the context of seismic imaging, it is in fact a general methodology
which can be applied to any linear inverse problem in which there are spatially-varying

correlations in the model parameter space.

4.2 Introduction

Seismic imaging (also known as migration) refers to the process of creating an image
of the Earth’s subsurface reflectivity from seismograms generated by sources and
recorded by receivers located, typically, at or near the surface. Traditional migration
methods for constructing the image generally involve operating on the seismic data
with the adjoint of an assumed forward modeling operator [11], possibly along with
a modifying function which attempts to correct for amplitude loss due to geometric
spreading, transmission, absorption, etc. [5, 29]. In recent years, attempts have been
made to cast the imaging problem as a least-squares inverse problem [19, 49|. This
approach to imaging is conventionally referred to as least-squares migration (LSM).
Early treatments of this approach can be found in LeBras and Clayton [39] and
Lambare et al. [37]. This chapter will deal mainly with Kirchhoff-based LSM , which
uses a ray-theoretic based forward modeling operator; its derivation and application
is discussed in Nemeth et al. [49] and Duquet et al. [19]. LSM can also be applied
with wave-equation-based forward modeling, as shown by Kiihl and Sacchi [36].

In solving the least-squares inverse problem, it is common to include some form
of regularization in the LSM cost function in order to penalize less smooth images.

For example, Clapp [12] describes two regularization schemes for LSM in which the
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image is constrained to be smooth either along geological features predetermined by
a seismic interpreter or along the ray-parameter axis. In these and other applications
of LSM, the regularization is chosen independently of the seismic data, i.e. it is a
fixed input to the inversion procedure (as it is in the vast majority of geophysical
applications of inversion). This, however, may result in sub-optimal inversion results;
overly strong regularization may result in over-smoothing the image, whereas weak
regularization may not adequately penalize roughness in the image due to noise. Even
if an appropriate regularization strength is determined, the true smoothness structure
of the model need not be spatially uniform or even isotropic; for example, the true
earth may typically contain many sharp discontinuities where any form of smoothing

would be undesirable.

In this chapter, we propose a more general approach to LSM which solves for
parameters defining the image regularization in conjunction with the optimal image
itself. The approach is formulated within the framework of Bayesian inference, in
which regularization is accomplished with a prior probability distribution on the im-
age parameters. We define a spatially-varying smoothness prior and seek to jointly
estimate its parameters along with the image. In particular, we utilize a variant
of Bayesian inference known as hierarchical Bayes, which provides a rigorous mathe-
matical framework for addressing the joint estimation of the image and regularization
parameters. This should allow for preserving sharpness in the image at the true dis-

continuities while still smoothing the effects of noise.

Previous applications of hierarchical Bayesian inference in geophysics include Ma-
linverno and Briggs [45], who applied it to 1-D traveltime tomography, Malinverno
[43, 44|, who applied Bayesian model selection to find optimal parameterizations of
1-D density and resistivity models, Buland and Omre [9], who applied hierarchical
Bayesian methods in amplitude versus offset (AVO) inversion, and Bodin et al. [7],
who applied Bayesian model selection to determine group velocities for the Australian

continent.

In the next sections, we review Kirchhoff-based LSM and proceed to develop the

hierarchical Bayesian framework and algorithms used to solve the inference problem.
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4.3 Methodology

4.3.1 Standard Kirchhoff-based LSM framework
Kirchhoff Modeling

The Kirchhoff modeling operator is a ray-based forward modeling operator that gives
the seismic data as a linear function of the reflectivity model. In particular, to
simulate the seismogram dg,(t) recorded at a seismic receiver r from a seismic source
s, Kirchhoff forward modeling first generates a source-to-reflector-to-receiver travel
time (or two-way travel time) field 7,,.(x) by utilizing what is known as the “exploding
reflector” concept. This concept refers to the treatment of each point in the reflectivity
model as a point source. The two-way travel time can be computed as the sum of the
source-to-reflector and reflector-to-receiver travel times, as determined by ray-tracing
through a specified background velocity model of the subsurface. The ray tracer also
computes the field of ray-path lengths R¢(x) and R,(x) and opening angles between
the source and receiver rays at each reflection point 6,,.(x). Once these quantities
have been computed, the synthetic data dsr(t) are computed by superposition over
reflector locations x of scaled and shifted versions of the source wavelet wg(t) (after
applying a 90-degree phase-shift to simulate the effects of 2-D propagation). For each
x, the phase-shifted wavelet ws(t) is delayed by 74,.(x) and scaled by the reflectivity

value m(x), an obliquity correction factor cos(fs,(x)/2), and a geometric spreading

correction (in 2-D, 1/4/Rs(x)R,(x)). Thus,

A I Wy (t — 7o (X)) cos(0s,(x)/2) .
don(t) = /X ) T ax, (4.1)

where X C R? is the model domain. We note that the above Kirchhoff modeling

operator is precisely the adjoint operator to the Kirchhoff migration operator, given

by:

o Ws (t — Tor (X)) cos(0s,(x)/2)
(x) = Z Z /t dr () IR0 dt. (4.2)

If we discretize time and space, we can represent our data and image as finite-
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dimensional vectors d and m, where the dimension of d is the number of source-
receiver pairs times the number of time samples, and where the dimension of m is the
number of points in a spatial grid sampling the model domain. Then, replacing the
integral in (4.1) with a summation, we can express the Kirchhoff modeling operator

in matrix form:

d = Am. (4.3)

In particular, the ¢th column of A, corresponding to a point x; in the model grid,
will contain a sampled version of the source wavelet for each source-receiver pair,

appropriately scaled or shifted, giving (in 2-D):

Ws (t — Tor (7)) cos(0sr-(25)/2) 5

Asrt,i — € 5 (44)
Ry(x;) R, (x;)

where £ is the spatial discretization interval.

Standard LSM Framework

Least-squares migration attempts to solve the imaging problem by seeking the image
mys that minimizes the £>-norm of the residual (the difference between the observed

data d and the modeled data d = Am). Without regularization, the LSM image is

given by
myg = arg min ||d — Am)||3, (4.5)
where || - || denotes the £%.norm in the (discretized) data-space given by

Il =Y "> da(t)* (4.6)

To ensure well-posedness of the LSM solution, regularization is often introduced by
augmenting the LSM cost function with a term which penalizes differences between

model parameters and an additional term which penalizes the magnitude of the image.
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This gives the regularized LSM image as

mprs = argmin [d — Amlf; + A | Y By(mi —my)* +e Y m? (4.7)
" (i.j)€€ i
= argmin ||d — Am||? + Am” (D (B8) + ¢I) m, (4.8)

where f3;; € [0, 1] indicates how strongly to penalize the difference between m; and
m;, € is the set of all pairs of image parameter indices whose difference we decide
to potentially penalize, A > 0 assigns the maximal weight given to penalizing these
differences, and € > 0 weights the penalty on parameter magnitudes. Equation (4.8)
is simply (4.7) rewritten in compact matrix-vector notation, where D is a differencing
operator defined by the vector B3 = {f;; : (4,j) € £}. Taking the derivative of the
right-hand side of (4.8) and setting it to zero yields the solution to the regularized
LSM problem:

mprs = (ATA+A(D(8) +l)) " ATd. (4.9)

Note that € > 0 ensures that the regularized LSM cost function is a positive-definite

quadratic function of the image m, and hence its minimizer is unique.

4.3.2 Bayesian Framework
Standard Bayesian Formulation

The same solution to LSM can be derived from a Bayesian formulation of the imaging
problem, wherein the image m and the data d are taken to be random vectors. In
particular, we take m a priori to be Gaussian with zero mean and some covariance

matrix C' (i.e. m ~ N(0,C)) , so that the prior distribution p(m) for m is given by
L 70
p(m) o exp —gm Cm,. (4.10)

We model the seismic data as d = Am—+n where A is our Kirchhoff modeling operator

and n is zero-mean Gaussian noise with some covariance matrix ¥ (i.e. n ~ N (0,X)).
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Thus the conditional distribution for the data d given the model m will be
1
p(djm) o exp{—§ (d— Am)" £~} (d—Am)}, (4.11)

Le. dm~ N(Am, ).

Applying Bayes’ rule gives the posterior distribution for the model m conditioned

on the data d as

p(m)p(d|m)
p(d)

oc ﬁ exp {—% [mTc—lm +(d—Am)" S (d - Am)} } L (413)

p(m[d) = (4.12)

Rearranging terms in (4.13) and dropping any multiplicative factors that do not

depend on m, we obtain
1 1 T
p(m‘d) X exp _5 (m - I""post)ApOSt (m o l'l'post) : (414)
where p . is the posterior mean given by
foo = (AT 1A+ 071 ATEd (4.15)
and Ao is the posterior covariance matrix given by
Apost = (ATE 1A+ 0717 (4.16)

That is, the posterior distribution for m conditioned on d is itself Gaussian: m|d ~

N(u’post ) APOSt) .

The Bayesian mazimum a posteriori (MAP) estimate myap is the image that
maximizes the posterior distribution (4.13). It is clear from (4.14) that myap = g

Comparing to Equation (4.9), we also see that myap = mgrs when we set the prior
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and noise covariance matrices as
C=\D@B) +el)™ (4.17)

and

2= (4.18)

Constructing the Prior via a Graphical Model

The choice of 3 plays a key role in determining the spatial smoothness properties of
the prior on the model. This is perhaps best seen through the expressive formalism of
probabilistic graphical models. In particular, we define an undirected graphical model
G =V, &), with a set of vertices (or nodes) V, which index the random variables m;
comprising the random vector m, and a set of edges £ C V x V, represented as pairs
of vertices in V that encode dependencies between the random variables. Recall from
Chapter 2 that for a Gaussian random vector m with precision matrix (or inverse
covariance matrix) Q) = C~! it can be shown that m forms an MRF over G if and
only if () is at least as sparse as the edge set £ (meaning that no edge between nodes
i and j in G implies that Q;; = Q;; = 0) [35].

Defining the prior precision matrix as Q = A(D(8)+¢€l), as in (4.17), allows the 3;;
to determine the “strength” of each edge in G. In probabilistic terms, B captures the
prior conditional dependence structure of the image m, such that 3;; = 0 implies that,
prior to observing d, m; is conditionally independent of m; when {mj : k # 4,7} is
given. For this reason, we sometimes refer to the elements of 3 as the edge strengths
of G and to D(B) as the weighted graph Laplacian of G (weighted by 3). This is
depicted in Figure 4-1 for a simple nine pixel image. Note that although Figure 4-1
shows edges connecting only nearest neighbors horizontally and vertically, this need
not be the case. We can consider a situation where each node shares an edge with
all other nodes within a specified radius; the graphical model depicted in the figure

results from using a radius of 1 node.
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@ s @ ,389

Figure 4-1: The Markov random field imposed on m by fixing 3 prior to observing
the data d, for a simple nine pixel image.

Hierarchical Bayesian Formulation

Thus far we have assumed that the parameters A, €, and B, which determine the
regularization in the LSM framework and the prior model covariance structure in the
Bayesian framework, are known. We now describe how we can expand the Bayesian
formulation to the problem of estimating these regularization parameters from the
data d, in addition to the image m. We focus on the estimation of the edge strengths
3, which capture our belief about where we think the image should be smooth. This
is a reasonable approach since the edge strengths B give us prior information about
our model m, and m gives us information about our data d, hence we should be able
to infer something about 3 from d. This is depicted in the directed graphical model
of Figure 4-2, which also illustrates the induced Markov chain structure between 3,

m, and d.

In order to estimate 3 from d, we consider 3 to be a random vector endowed with
its own prior p(83). Accordingly, all probability distributions in the previous sections
can be considered as conditional on 3. In particular, we now write the prior on m|3

A (D (B) + D) exp {—gm"(\ (D (B) + e]))m}

(2m)N/2

p(m[B) = (4.19)
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p(B) p(mip) p(dim)

Figure 4-2: The directed graphical model capturing the Markov chain structure be-
tween 3, m, and d. The node for d is shaded to indicate that d is an observed
quantity that the posterior distributions of 8 and m are conditioned upon.

and the conditional distribution for djm, 3 as

p(dm,B8)=p(d|m (4.20)

exp{—%d Am) Z_l(d—Am)} o1
- PRI : (4.21)

where N is the number of model parameters (i.e. the dimension of m) and K is the
number of data points (the dimension of d). We again apply Bayes’ rule to obtain

the joint posterior distribution for m and 3 given the data d:

p(B)p(m|B)p(d|m,pB)
p(d)
p(8) A (D (B) + D)
p(d) (27) T2 g1/
exp {—% <(d — Am)" 27 (d — Am) + m” (A (D (8) + 61))m) } .

(4.23)

p(m,B|d) = (4.22)

To define p(8), we endow each f3;; with a uniform prior on the set [0, 1] and let

the ;; be mutually independent random variables, so that

H ]101 ﬁm (424)

(4,9)€€
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where
1 ifzesS

]lg(i(]): ) .
0 if a¢gs

We note that (4.23) is very similar to the posterior distribution in the non-hierarchical
Bayesian setting (where 3 is fixed) with some important differences: firstly, (4.23) is
now a function of both m and 3, and secondly, outside the exponential of (4.23) is
the determinant of m’s prior precision matrix ) (which can no longer be dropped as
a proportionality constant, since it depends on (3). Computing this determinant is
expensive, with time complexity O (N?) (since @ is a sparse matrix with bandwidth
N'/2), and reflects the additional computational cost of the hierarchical Bayesian

approach.

Having obtained the joint posterior distribution p (m, 3| d), the task of estimating
the best image remains. Here, we explore two estimation methodologies within the
hierarchical Bayesian framework: the hierarchical Bayes solution and the empirical
Bayes solution [45]. What is strictly known as the hierarchical Bayes solution is the
full marginal posterior distribution of the image p (m |d) (marginalizing out 3 from
the joint posterior distribution p (m, 3|d)). Hence, we have for the hierarchical Bayes

solution

p(m|d) =/Bp<m,ﬁ|d>dﬁ (4.25)

where B is the domain of admissible vectors 3. Unfortunately, the marginalization
operation cannot be performed analytically and must be computed numerically. We
may also consider the MAP estimates for the image that can be derived within the
hierarchical Bayesian setting. The hierarchical Bayes MAP estimate myg is the MAP

estimate of m based on its marginal posterior distribution p (m|d):

myp = arg max/Bp (m,3|d)dgs (4.26)

m

One can think of myp as the single best image m over all choices of edge strengths
B. While the posterior marginal distribution for the image (4.25) is the complete

solution to the Bayesian inference problem, a number of computational issues prevent
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its use in practice. Firstly, due to both the high-dimensionality of B and the cost
of evaluating the joint posterior distribution (4.23), both stochastic sampling from
and direct marginalization of the joint posterior distribution are computationally
intractable. Furthermore, even if we were able to evaluate the marginal posterior
(4.25), the high-dimension of m would make it difficult to explore.

A somewhat different solution for estimating the image is known as the empirical
Bayes solution, which first looks for the best choice for 3, then, using that choice,

finds the best image mgg. If one takes the MAP estimate for 8 then we would have

Buse = argmax | p(m, Bld)dm (4.27)
B M

where, it turns out, the marginalization over m can be performed analytically but the
maximization over 3 must still be performed numerically. Given By;,p, the empirical
Bayes solution is taken as the MAP estimate with respect to p(m|d, Byap). The

results of the previous sections then imply
mpp = (ATS T A+ A (D (Byap) + €I)) " AT (4.28)

The empirical Bayes solution is within reach as long as we are able to compute
Buap by solving the marginal MAP problem of (4.27). In order to do so, we turn
to the expectation-maximization (E-M) algorithm, which has direct application in

solving such marginal MAP problems.

4.3.3 The Expectation-Maximization (E-M) Algorithm

The E-M algorithm [17, 46| is a powerful and versatile algorithm for solving maximum
likelihood and MAP parameter estimation problems when a subset of the variables
relevant to the parameter estimation is unobserved (referred to as latent variables).
In the context of the seismic imaging problem we consider here, we view the image
m as the latent variables. In the empirical Bayes approach, these variables must

be marginalized from the joint posterior distribution on m and 3 when attempting
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to estimate the edge strengths 3. For our purposes, E-M can be thought of as
a coordinate ascent algorithm for solving the marginal MAP optimization problem
(4.27), whereby subsequent estimations are performed between the latent variables

(m) and the parameters to be estimated (3).

In what follows of this section, we give a derivation of the E-M algorithm; similar
derivations and a more thorough treatment of E-M can be found in Bishop [4] or
McLachlan and Krishnan [46]. To derive the E-M algorithm, we note that maximizing
a probability distribution is equivalent to maximizing its logarithm, and define our

objective function as the log marginal posterior

((8) =logp(B|d). (4.29)

Rearranging terms in the joint posterior distribution, we can rewrite the MAP objec-

tive function as:

(B) = log /M p(m, B|d) dm (4.30)
1 pm.B.d)
—1 g/M TR (4.31)
o[ pBpmdls)
1 g/M e (4.32)
~ log /M p(m, d | B) dm + log p(8) — log p(d). (4.33)

Here we introduce a proxy distribution on the image, ¢(m | d), where we can choose ¢
to be any probability distribution we like as long as it has the same support as p(m)
and where we have made explicit that ¢ can depend on the data d. Dividing and

multiplying by ¢, we have:

() =tog [ Ly, d|)dm + logp(8) ~logp(d) (43
108 By | S 4 t0gp(9) — o) (1.3
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where the integral in (4.34) has been recognized as the expected value with respect
to ¢ (denoted by E,) to arrive at (4.35). Now, by Jensen’s inequality [46] and the

concavity of the log function, we have

192 Ey o (21

= i(q, B). (4.37)

)} T logp(8) — log p(d) (4.36)

We see that the function @(q, () is a lower bound on the original objective function
¢(B3). The E-M algorithm maximizes this lower-bound according to the following
coordinate ascent scheme, starting with an initial guess B(O) and iterated for ¢t =

0,1,2,...:

E-Step: ¢**V = argmax{(q, 39) (4.38)
q

M-Step: B¢ = argmax /(Y 3). (4.39)
B

It turns out the E-step can be solved analytically. Let us propose a candidate

solution ¢ as the Bayesian posterior of m conditioned on d and the last iterate B(t) of
3:
d(m|d) =p (m|d,37). (4.40)

Then if we plug the ¢ into the E-step objective function (4.38), we have:

. p (m,d\B“)>

E(CL BY) = Ep(m\d,[;(t)) log W + logp (B(t)> —logp(d). (4.41)

Recognizing the quotient in (4.41) as p(d | %), and since the expectation of p(d | 3?)

100



is just itself, we have

/ (ci, B(”> =logp (d | B(“) +1logp (B(”> — log p(d) (4.42)
50, (30
= log ! <d | ﬂp(()i)p <ﬁ ) = logp (B(t) | d) (4.43)
.y (B“)) (4.44)
(by Eq. 4.37) >/ <q, B“)) Vg (4.45)

Since @(q, B(t)) < £(B(t)) for any ¢, it is clear that the candidate solution ¢ solves the
E-step, i.e.
¢ =p (m 4, B(”) - (4.46)

Now, coming to the M-step, we can simplify its objective function by dropping all
terms which do not depend on 8. Thus, plugging into (4.39) and employing (4.46),

we can write:

B = arg max {logp(ﬁ) +E,(mjap0) logp(m,d| B)]} : (4.47)

Because we were able to solve the E-step analytically, the E-M algorithm reduces to
iterating the single step given by (4.47). We do not actually need to compute the
Bayesian posterior in the E-step, but need only take the expectation with respect to it
(which is why the E-step is so named). It can be shown that an iteration of the E-M
algorithm (via Equation (4.47)) will never decrease the marginal posterior distribution
for B (which is maximized by the marginal MAP solution), and, under very general
conditions, the E-M algorithm does indeed converge to a (local) maximum of the

original marginal MAP problem of (4.27) [46].

4.3.4 Application of E-M to LSM

We now proceed to apply the E-M algorithm to our LSM problem. For notational

convenience, we can rewrite the E-M algorithm of (4.47) in terms of the E-M objective
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function ¢V (3) given by

9(8) = 105 p(B) + E, 1y 4 50) [log p(m. d | B)] . (4.43)

so the E-M iteration becomes
B — arggnax o (B). (4.49)

For every iteration of E-M, we perform the maximization of ¢*) via a gradient ascent

scheme, for which we must compute the gradient of ¢,

To derive the exact form of ¢® and its gradient, we substitute our distributions

into the E-M objective function. From (4.24), we have

lng(ﬁ) _ 0 if 627 € [07 1]7 \V/(Z,]) €& ’ (450)

—oo otherwise

which simply means the prior on 3 restricts us to consider only f;; € [0,1]. From

(4.19) and (4.20), we have

logp (m, | 8) = 5 (logdet (A (D (8) +I) ~ m" (A(D (8) +eI)) m .
—(d - Am)"27'(d — Am)) — Z,
where Z is a normalization constant given by
Z:(N+K)lo§27r+log2‘ (452)
Inserting these into (4.48) yields (when every j;; € [0, 1]):
SB) = LB o [logdet (A(D (8) + eI)) — mT (A(D (8) + eI)) m
2 r(ml|dp®) (4.53)

—(d— Am)"E7'(d — Am)] — Z.

The log determinant term in (4.53) only depends on 3 and is not affected by the
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expectation with respect to m. Now, we can rewrite the second term in the above

expectation as
m” (A (D (B) +el))m = Atr ((D(8) + el)mm"), (4.54)

E, (a5 [MT (A (D (8) + ) m] = Atx ((D (8) + €1) Ey( 1) a5 [mmTD .
(4.55)
The expected value on the right-hand side of (4.55) is just the non-central second
moment matrix of m, as determined by the posterior distribution p(m | d, B(t)), given

by
)T

E ) [mm] = A0 4007, (4.56)

p(m|d,3"

and where u® and A® are the posterior mean and covariance matrix, respectively,

when conditioning on d and ﬁ(t), given by
. —1
u® = (ATz—lA +A (D(B(t)) + d)) ATy 1q (4.57)

and

AW — (ATZ‘lA +A (D(B@) + 61))_1 . (4.58)

We further note that the e/ E[mm”] term in (4.55) does not depend on the variable 3
which is being optimized and hence can be dropped from the E-M objective function
#®(B). Similarly, the third and fourth terms in (4.53) also do not depend on 3 and
can be neglected. Combining the above and rearranging terms, we can rewrite the

E-M objective function as

0(8) = 5 (logdet (A (D (8) + 1) = Atx (D (B)A®) = A" D (8) ) . (4.50)

N | —

In order to compute Vo® | the gradient of ¢ with respect to 3, we first note that
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the B-weighted graph Laplacian matrix D(3) is a linear function of 3, particularly:

D(B) = Z By PY (4.60)
(

i,j)€€
where the entries of P% are

1 if kl =i or jj
Pil=<{ —1 ifkl=4jorji - (4.61)

0 otherwise

We also note that

S0OE D))

0 logdet (A(D(B) +€l)) = tr <(>\(D(ﬁ) +el))! 03]

9By

Letting C(8) = (A(D(B) +¢I))~! denote the prior covariance matrix of the image

(when conditioning on 3), to compute V¢®, we have:

0

®) —
550" (8 =

(tr (C(B)PY) — tr (A(t)Pij) — u(t)TPijp(t)> (4.62)

N> N >

(CB)i+ C(B)y; —20(8); — (AY + A8 —24)

2
- (m@ -~ MY)) ) .

(4.63)

We constrain each f3;; to the interval [0, 1] by introducing proxy variables 7;; which

we map to the 3;; using a sigmoidal function. In particular we set

arctan(vy;;) 1
= 4.64
Bi us 2 ( )

so that while +;; is free to take any value in R, f3;; remains within [0, 1]. We can then
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compute Vo) (v), the gradient of ¢ with respect to ~, by

_ 99" 9B,
i Ovij

1 9l

w1 +93) 08y

B
—¢" ()

4.65
i ( )

(4.66)

Unfortunately, direct computation of the gradient would require matrix inversions
to compute both the prior and posterior covariance matrices. To avoid this, we note
that we only need the node and edge-wise elements of these covariance matrices,
and we could instead sample from their associated Gaussian probability distributions
and approximate these elements from the samples. Thus, to approximate the prior
covariance matrix C(3), we generate L samples m® ... m) of the underlying

Gaussian prior distribution of m|3 and approximate C' as:

L
1 T
~ 1 Oy (®)
C(B) 17 ;21 m“m'" . (4.67)

We describe the sampling algorithm we use to approximate the elements of C'(3) in

the following section.

Perturbation-Optimization Sampling of Gaussian Distributions

To sample from N(0,C'), we first note that the precision matrix @Q = A\(D(83) + €I)
can be rewritten as

Q= \NF'B(B)F + ¢I) (4.68)

where F'is a first-differencing matrix (having number of rows equal to ||, the num-
ber of edges in £, and and number of columns equal to N, the number of image
parameters) and B(3) is an |£|-by-|€| diagonal matrix, with the §;; on its diagonal.
Referred to as Perturbation-Optimization (P-O) sampling by Orieux et al. [53], a
straight-forward sampling algorithm (that avoids the need for Cholesky factorization

of the precision matrix) is available when the precision matrix can be expressed in
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the form

T
Q=> M'R'M, (4.69)

t=1
and sampling from A (0, R;) is feasible (which is certainly true in our case, as we have

diagonal R; matrices). The sampling algorithm is then as follows:

Algorithm 4.1 Perturbation-Optimization algorithm for sampling from A(0, Q1)
[53]

1. Perturbation step: Generate independent vectors

n, ~ N (0, Ry) fort=1,...,T

2. Optimization step: Compute m as the minimizer of
T _
J(m) =37, (n, — Mym)"R, (n, — Mym)
Return m as the sample from N(0,Q71).

The proof that m is a sample from N(0,Q7!) is straight-forward and given in

Orieux et al. [53]. The optimization step simply requires solving the linear system

T
Q=) M/R'n, (4.70)
t=1
which, in our case, is very fast (O(kN) using an iterative solver with & steps) due to

the sparsity of F.

Block Diagonal Approximations

While this sampling approach can also be used to approximate the elements of the
posterior covariance matrix A® | in practice generating a reasonably large number of
samples from N(0, A)) is not feasible due to the increased cost of solving a system
involving the posterior precision matrix ATS"*A+ A(D(BY) +el) (we would need to
perform a regularized LSM inversion for each sample when using the P-O approach).

In order to estimate the node and edge-wise elements of A®) | we note that when
using the Kirchhoff operator A, there is a closed form expression for the elements of
the posterior precision matrix A®) " (combining (4.58) and (4.4)). With this in mind,

we can estimate elements of A® by considering a block diagonal approximation to
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the precision matrix. In particular, we can construct an M-by-M partition of the
posterior precision matrix corresponding to an image point and its M — 1 nearest
neighbors in space within some radius (we used a 49-pixel neighborhood to perform

(0

this approximation), then approximate the covariance matrix at image point i, A;;’,
from the inverse of this M-by-M partition matrix. The off-diagonal elements AZ(;) (for
each edge (i,7) € £) are similarly estimated from the same matrix inverse by taking
the elements corresponding to covariance between m; and m; (however, care must be
taken to ensure that the M-by-M partition of the precision matrix is large enough
to sufficiently “surround” both the image point ¢ and all its neighbors j with which
it shares an edge). This approximation will perform reasonably well as long as the

posterior precision matrix decays spatially (in the model domain) as we move away

from the diagonal (as is the case here).

Summary of E-M Algorithm

To implement the above approximations to calculate Vo), we need to approximate
the entries of A®) only once per E-M iteration (as A®*) does not vary with 3). However
we would need to reapproximate the entries of C'(3) with the sampling algorithm in
each iteration of the first-order gradient-ascent method (which must be re-run in
each iteration of the E-M algorithm). We now summarize our above developments
for applying the E-M algorithm to obtain the empirical Bayesian estimate of the
image in LSM in the algorithm below:
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Algorithm 4.2 Expectation-Maximization Algorithm for LSM

Initialize each 71-(?) =0, so that Bff) = 0.5.
Specify step-size « for gradient ascent.
Set t = 0. Iterate on ¢:
1. Compute p*) via (4.57).
2. Compute Ag) (Vi € V) and AZ(-;.) (V(i,7) € &) via block diagonal approximation.
3. Initialize 4 = 4®. Set s = 0 and iterate on s to perform gradient ascent on
~:
a. Generate samples from N'(0, C(B(%®)))) via P-O sampling.
b. Estimate C'(B(%®))))i (Vi € V) and C(B(7)))i; (V(i,j) € &) via (4.67).
c. Compute Vo (7)) via (4.66).
d. Update 46+D = 56) 4+ aVep® (F())
4. Update 1 = A(s+1),
5. Update B8 via (4.64) using v+,
Upon termination, return:
Briap = B(tﬂ),
mpp = (ATS A+ A (D (Byap) +€)) ATE 1.

4.4 Results

In order to validate our approach, we ran our inference algorithm on synthetic datasets.
We present two test cases: the first case being a simple example where the data arise
from a small image consisting of three dipping reflectors separated by a weakly re-
flective fault and the second case being data simulated from the Marmousi model.
Synthetic data were created using the same Kirchhoff modeling operator A that is
used in the inference algorithms. Hence, these test cases are what are known as
wwerse crime tests. The purpose of using the same forward modeling operator to
create the synthetic data as is used in the inference is to isolate the inversion prob-
lem from the modeling problem. In order to somewhat avoid the inverse crime, we

add zero-mean white Gaussian noise to the data (with a standard deviation equal to
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10% of the maximum amplitude of the data, assumed to be known by our inversion

procedure).

We first describe the example of the three dipping reflectors. The data are created
from a single surface seismic source (at the center) and 50 equally spaced surface seis-
mic receivers (with spacing of 50 m) using a homogeneous background velocity model
(of 4000 m/s). The source wavelet is a 20 Hz Ricker wavelet; hence the dominant
wavelength is 200 m. The seismic traces are sampled at 1 ms, and the medium is sam-
pled spatially at 50 m in both the lateral and vertical directions. The entire medium
has spatial dimensions of 2500 m by 2500 m, hence N, = N, = 50 and the number
of image parameters is N = N,N, = 2500. The purpose on testing our algorithm
on such a small model is so that we can verify the performance of our algorithm in
the absence of any approximations (i.e. in this case, we can directly compute the
elements of C' and A without the need of P-O sampling or block diagonal approxima-
tions). For this example, we used an MRF in which each node shares an edge with
its four nearest neighbors. Here, we ran 10 iterations of the E-M algorithm to obtain
the MAP estimate of the edge strengths and the empirical Bayes image, where each
iteration of the E-M algorithm ran in approximately 1 minute on a quad core Intel™

Xeon W3550 3.0GHz processor.

For the case of the Marmousi model, we use a smoothed version of the true Mar-
mousi velocity model (sampled at 24 m spacing) for our background velocity model in
conjunction with the true (unsmoothed) reflectivity model to simulate the data. The
data are created from a set of 20 collocated surface sources and receivers (resulting
in 400 traces), with a 480 m spacing between stations, where the source wavelet is
a 25 Hz Ricker wavelet. For this case, we must resort to the approximate methods
outlined above (P-O sampling and block diagonal approximations) to compute the
gradient V¢® . Here, in order to capture the more complex dipping structures of
the Marmousi model, we defined the MRF so that each node shares an edge with all
nodes within a radius of v/2 nodes (i.e. a node shares an edge with its four diago-
nal neighbors in addition to its four nearest neighbors). In this example, the MAP

estimate of the edge strengths and the empirical Bayes image were obtained with
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3 iterations of the E-M algorithm, where each iteration of the E-M algorithm took
approximately 33 minutes on a quad core Intel™ Xeon W3550 3.0GHz processor.
We note that each iteration of the E-M algorithm requires performing a standard
least-squares migration in addition to the computation required to obtain the block
diagonal approximation to the posterior covariance matrix and perform the optimiza-
tions required for P-O sampling from the prior. The LSM images are computed using
the method of conjugate gradients (CG), which is run for 200 iterations per LSM.
Each iteration of CG requires performing a single Kirchhoff modeling followed by a
single Kirchhoff migration, and, for this example, takes about 0.7 seconds per CG

iteration (on the same machine).

Figures 4-3-4-9 show the results from the test case of the three dipping layer
model, where the edge strengths obtained using our algorithm are shown in Figure
4-9 and the resulting image obtained using these edge strengths is shown in Figure
4-8. Performing a Kirchhoff migration on the data results in the image of Figure 4-5;
here the reflectors are imaged somewhat, but we also see heavy imaging artifacts (i.e.
the migration smiles) due to the limited source-receiver geometry (where only a single
source is being used). We observe that in the case of the unregularized LSM image
(Figure 4-6), the reflectors are imaged, but unfortunately, the noise in the data is
also imaged so strongly that the reflectors are nearly impossible to distinguish from
the noise. We can improve on the unregularized image by using a uniform regular-
ization scheme (setting each f;; = 1) to obtain the regularized LSM image of Figure
4-7; here, the use of regularization has filtered out the noise, but as a side effect has
also smoothed out the reflectors. The empirical Bayesian MAP image (Figure 4-8)
obtained by using our estimate of the edge strengths significantly improves upon this
result. This is clear from a qualitative comparison between the images; we can see
the reflectors imaged quite strongly with sharpness preserved at the reflectors, while
the noise is filtered out elsewhere in the image. Additionally, the weakly reflective
fault is also slightly imaged in the empirical Bayesian MAP image, whereas it cannot
be seen in the other images. We further note that the correlation of the empirical

Bayesian MAP image with the true image is significantly higher than the correla-
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tions of the other images with the true image. Examining the estimate of the edge
strengths in Figure 4-9, we see that the edge strengths take on a pattern similar to
our expectations: they are high where the image is constant, but close to 0 where
there are differences in the image (surrounding the reflectors).

Figures 4-10-4-17 show the results from the test case with the Marmousi model.
We again observe the same features in the images as seen in the 3 layer test case. The
unregularized LSM image (Figure 4-14) shows the reflectors along with a very strong
noise component. Regularizing in a uniform fashion (by setting each f;; = 1) results
in the regularized image of Figure 4-15 in which the noise has been filtered out, but
the image is also overly smooth in some areas. Once again, using our algorithm to
estimate the edge strengths (which are shown in Figure 4-17) results in the empirical
Bayesian MAP image of Figure 4-16. We notice the same qualitative improvements
in the image as seen previously: the image remains sharp near the reflectors while
smoothing out the noise away from the reflectors. And, as before, the correlation of
the empirical Bayesian MAP image with the true image is significantly higher than

the correlations of the other images with the true image.

4.5 Conclusions and Future Work

Our study shows that the Bayesian framework provides a flexible methodology for
estimating both the image and smoothness parameters (or edge strengths) in a least-
squares migration setting. By estimating the edge strengths, we are able to remove
the effects of noise while, by and large, preserving sharpness at the reflectors in the
image. The expectation-maximization algorithm, in particular, allowed us to solve
the marginal MAP problem for estimating the edge strengths 8 (without having to
explicitly compute the marginal posterior distribution for 3).

We note that while our algorithm was presented within the context of the seis-
mic imaging problem, the methodology we have developed is broadly applicable to
many linear inverse problems where the model parameters may exhibit spatially (or

temporally) varying smoothness properties. The operator A (or, more generally, the
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Figure 4-3: True image for the three layer test case.
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Figure 4-4: Noisy synthetic data for the three layer test case.
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Figure 4-5: Kirchhoff migrated image for the three layer test case. Correlation with
true image = 0.4705.
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Unregularized LSM Image
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Figure 4-6: Unregularized LSM image (each f;; = 0) for the three layer test case.
Correlation with true image = 0.3649.
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Figure 4-7: Uniformly regularized LSM image (each f3;; = 1) for the three layer test
case. Correlation with true image = 0.5879.

Empirical Bayes MAP Image
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Figure 4-8: Empirical Bayesian MAP image (computed after estimating 3) for the
three layer test case. Correlation with true image = 0.9607.
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Edge Strengths 3
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Figure 4-9: Edge strengths 3 estimated with E-M algorithm for the three layer test
case.
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Figure 4-10: True image for the Marmousi test case.
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Figure 4-11: Synthetic data for the Marmousi test case prior to adding noise.
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Noisy Data — Shot Gathers
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Figure 4-12: Noisy synthetic data for the Marmousi test case.
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Figure 4-13: Kirchhoff migrated image for the Marmousi test case. Correlation with
true image = 0.4371.
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Figure 4-14: Unregularized LSM image (each (3;; = 0) for the Marmousi test case.
Correlation with true image = 0.3682.
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Figure 4-15: Uniformly regularized LSM image (each (3;; = 1) for the Marmousi test
case. Correlation with true image = 0.6369.
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Figure 4-16: Empirical Bayesian MAP image (computed after estimating 3) for the
Marmousi test case. Correlation with true image = 0.7973.
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Figure 4-17: Edge strengths 3 estimated with E-M algorithm for the Marmousi test
case.
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conditional distribution for the data given the model p(d|m)) would change if we
were solving a different problem, but the methodology and algorithm described in
this chapter would still apply.

While we have developed our algorithm in the setting of solving a linear inverse
problem, an interesting direction for future work is to generalize this methodology to
non-linear inverse problems. A second direction for future work is to explore alter-
native ways to parameterize the prior on the image within the hierarchical Bayesian
setting. We say more about these two future directions in Chapter 7. Additionally,
with the parameterization of the prior presented in this chapter, one may wish to
explore inferring other parameters than just the edge strengths. For example, rigor-
ously picking the regularization parameter A remains an open question in the field of
inverse problems. Another natural future direction is application of this methodology
to a more realistic synthetic dataset (or to a field dataset), where we expect similar
improvements in quality of the resulting image. The latter two directions are explored

in the following chapter.
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Chapter 5

Interpretation and Estimation of

Regularization Parameters

In this chapter, we undertake a more rigorous investigation into the regularization
parameters used in Chapter 4. In the first part of this chapter, we describe how these
parameters characterize the prior covariance of the model by exploring the connections
between these parameters and the covariance function that arises in the limiting case
when the model is treated as a random function. In the second part of this chapter,
we generalize the methodology of Chapter 4 to estimate these parameters within the
hierarchical Bayesian framework.

Recall the probabilistic model for the edge strengths 3, image m, and data d
described in Chapter 4 (where image m is defined on the graph G = (V. €)) :

B ~ Uniform([0, 1]')), (5.1)
m|B ~ N(0,C(8)), (5.2)
d|m,8 ~N(Am,Y), (5.3)

where the prior precision matrix Q(3) = C~1(8) for m| 3 is given by

Q(B) = C7H(B) = AMD(B) + ), (5.4)



and where A > 0, ¢ > 0, and D(3) is the B-weighted graph Laplacian on G defined
by the quadratic form

m”D(B)m = Y f(m; —m;)*. (5.5)

(i,5)€€

5.1 Connecting Regularization Parameters and Co-

variance Functions

In order to better understand the significance of the parameters A\, 3, and e, we
investigate the connections between these parameters and the resulting prior model
covariance. In particular, we examine the impact of these parameters in the continu-
ous case, where the model m(x) is now treated as a zero-mean Gaussian random field

with model covariance specified by a covariance function C'(x,x’) such that
E[m(x)m(x')] = C(x,x). (5.6)

Following the development in Rodi and Myers [59] and Simpson et al. [68|, we recog-
nize that the covariance function C'(x,x’) can be taken as the Green’s function of a

differential operator L, so that, subject to appropriate boundary conditions, we have
LC(x,x') = d(x — x'), (5.7)

where C'(x,x’) will be a covariance function when L is self-adjoint and positive-definite
[59]. To connect our finite-dimensional model of Equation (5.2) to this Gaussian
random field setting, we note that the covariance matrix C'is a discrete approximation
to the covariance function C(x,x’) when the precision matrix Q = C~! is a finite-
difference approximation to the differential operator L [59]. Hence, we want to choose

the differential operator L for which Q(3) is a finite-difference approximation, i.e. we
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want L such that
/ m(x)Lm(x)dV (x) ® m’ Qm (5.8)
1%

=A[ D Blmlz) —m(z))* +ed m@)].  (5.9)

(i,5)€€ ey

where V' denotes the model domain and dV/(x) is the volume measure at x and where
we have considered the special case of () where the (3;; are all set to a common value
Bij = B > 0, so that the underlying model covariance will be stationary far from the
boundaries. For the 2-D problem we are considering here, we take V' to be a box in
R? and dV(x) = dzdz. Letting ¢ denote the spacing of the uniform grid on which
the finite-dimensional model m is defined (so a grid cell has area £?), we consider the

following candidate for L:

L=\ <ﬁ - A) : (5.10)

where A denotes the Laplacian operator in 2-D (A = 88—; + g—;) and use the Dirichlet

boundary condition m(x) = 0 on the boundary dV. Then, we have:
/ m(x)Lm(x)dV = A3 (%/ m*dV — / mAm dV) . (5.11)
v Be Jv v
Now noting that
V- (mVm) = ||[Vm|5 +mAm, (5.12)

we can rewrite (5.11) as

/Vm(x)Lm(x) dV = A8 <ﬁ/vm2 dv+/vy|vmy|§dV—/vv(mvm) dv).
(5.13)

Applying the divergence theorem to the last integral in (5.13),

/ V.- (mVm)dV = / (mVm)-ndS =0, (5.14)
v ov
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where the last equality holds due to the boundary condition, and (5.13) becomes

/Vm(x)Lm(X) AV = AB <ﬁ/‘/m2dV+/‘/||Vm||§dV>. (5.15)

From (5.15), we see that L is indeed positive-definite: [i, m(x)Lm(x)dV > 0 for all
m # 0 satisfying the boundary condition, and it can similarly be shown that L is
self-adjoint. Now we proceed to approximate the integrals and derivatives in (5.15)

with summations and differences:

/Vm(X)Lm(X) dV = \g <@/‘/m2dv+/‘/]|VmH§dV) (5.16)
~ A\j <B€222m (@i, 2;))

=1 j5=1

+i§f xwalyw%mwﬁ 517
+Z;Z;mw@h@»lg«aﬁﬁm>ﬁ>
=A[e) m’(x) + B(m(x;) —m(x;))? (5.18)

i€y (3,7)€€
=m’Qm. (5.19)

Hence our candidate L from Equation (5.10) can be viewed as a continuous extension

of the differencing matrix Q.

We can now proceed to solve Equation 5.7 to obtain C(x,x’) as the Green’s
function of L. To facilitate this, we take the Green’s function of L in the whole space,
which results in a stationary covariance function C(x,x’) = C(x — x). Making a
change of variables y = x — X' = (y,,¥.), and defining for notational convenience

p= AB and k% = ﬁp we have

(k2 = A)C(y) = (). (5.20)

I
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Taking the 2-D spatial Fourier transform of both sides, this becomes
Lo 12 2\ A
— (k" +k; + k)C(k) =1, (5.21)
p

where k = (k,, k.) is the wavenumber (or spatial frequency) and C(k) is the Fourier
transform of C(y), i.e. C(k) is the power spectral density of m(x). Rearranging and

applying the inverse Fourier transform we have

p 1 iky
_ Y kv g 29
W) = e / /R PR R (5-22)

Applying a change of variables to polar coordinates

k. = k, cosf Yo = Yr COS O
k,=k,sin6 Y = YrSing
we have
P o 1 i tkryr(cos 6 cos ¢p+sin 6 sin ¢)
C _ rYr de kT dk?“ 523
(Y) (27‘()2 /0 K2 + k‘% /_Wﬁ’ ( )

p [ 1 1

_ L LT ikecoso-0) dé k, dk,. 5.24
27-( ; /{2 —|— k‘? 271‘ e T r ( )

—Tr

Making a final change of variables ) = 0 — ¢ — m/2, we recognize the inner integral

as a Bessel function:

1 " tkryr cos(0—¢) . 1 " —ikryr siny
5 /_ﬂe do = o _We dey (5.25)
= Jo(yrky), (5.26)

where Jy denotes the zeroth-order Bessel function of the first kind. Then (5.24)
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becomes

p [T 1
A B 2
Cly) =4 /0 2y gz oWk )k dky (5.27)
- —2p Ko(ky,), (5.28)
T

where we have recognized the integral in (5.27) as the zeroth-order Hankel transform
of ﬁﬂ# and K denotes the zeroth-order modified Bessel function of the second kind.

Reverting to the initial choice of variables, we then have for the covariance function

O(x,x) = 27; 0 (”j\;ﬁi/lb) . (5.29)

This covariance function will be a valid approximation of the model covariance in the

finite-dimensional setting when considering points far from the boundary of the grid
(to avoid boundary effects, since the Green’s function is taken in the whole-space)

and when x # x/, since Ky(t) — oo as t — 0.

From (5.29), we observe that the correlation length £, defined here as the param-

eter governing the rate of decay of the covariance function, is determined by

§=1/B/e. (5.30)

This can also be observed from the power spectral density of m(x) in (5.21): the
modulus of the wavenumber at which the magnitude of the power spectrum drops

to half of its peak value (C/(0)) should be proportional to 1/¢. We observe this at

Ikll2 = & = /e/BE -

~

C(k) -

1 -
Ko 56’(0). (5.31)

Although the continuous model has infinite variance (since C'(x,x’) — 00 as x — x'),
we can still gain insights about the (finite) variance of the discretized model at a

given grid cell from the power spectrum of the continuous model. From (5.21), we
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can see the value of C’(O), the power spectrum at D.C., which is

A p (>
_r_ 32
C(0) 2= (5.32)

We note that in the limit as § — 0, the correlation length & — 0 and the power
spectrum becomes flat, corresponding to white noise with power spectrum g. In
this case, the variance var(m;) of the corresponding discretized model at a grid cell
(of length ¢) would then be given by var(m;) = Z%CA’(O) = L. From (5.29), we also
see that the parameter A scales only the inverse variance (whereas 5 and € play a
role in determining both the variance and correlation length). Hence, in determining
an appropriate choice for these parameters, one may choose to first set § and € to
achieve a desired correlation length, then pick A\ to appropriately scale the model
variance var(m;). The exact value of the model variance var(m;) can be determined

numerically by computing (Q1);;.

As a numerical verification of the validity of (5.29), in Figure 5-1, we compare
the covariances given by the covariance function for the continuous model m(x) to
the numerically computed covariances of the discretized model m on a 101-by-101
node grid of grid cell length £ = 1 m. We set the parameters A\ = 1, ¢ = 1073, and
varied 8 between 1072 and 1. We see strong agreement between the covariances for
the discrete and continuous cases when x # x’ for all values of 3 plotted other than
B =1. At § =1, the correlation length of the covariance function is large enough that
the boundary effects in the discrete case can no longer be neglected, and hence (5.29)
becomes a less accurate approximation of the covariance of the discretized model. At
x = X/, the covariance function goes to infinity, but the variance of the discretized

model remains finite.
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Figure 5-1: Comparison of numerically computed covariances in the discrete case to
the covariance function in the continuous limit, with A = 1, € = 1073, and for different
values of 3. Covariances for the discrete case were computed with the central node
on a 101-by-101 node grid having grid cell length ¢ = 1 m. (Note that the range of
the x-axis is reduced for small values of § to make the plots more visible.)
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5.2 Variational Bayesian Estimation of Regulariza-

tion Parameters

Having described how the parameters A, 5, and e characterize the prior model covari-
ance, we now return to the problem of estimating the regularization parameters in
a Bayesian inference setting. We note that there is some redundancy in our param-
eterization in regards to the effect of the parameters on the prior model covariance.
In particular, the covariance function can be parameterized by two characteristic pa-
rameters, the correlation length £ = 6\/§ and the power spectrum at D.C. C/(0) = f\—i,
whereas our parameterization provides three parameters that can be tuned. In order
to remove this redundancy, and additionally recognizing the role € plays in keeping
the prior precision matrix () positive-definite, we keep € fixed while estimating the
remaining regularization parameters. From (5.30), we observe that fixing e (while re-
¢

stricting 5 to [0, 1]) determines the maximum correlation length as &pax = 7o hence

we can set € in accordance with a desired & ax.-

In the previous section, we set all the 3;; to a common value 8 in order to ob-
tain a stationary covariance function. However, we will remove this restriction when
attempting to estimate the 3;;, as in Chapter 4. In addition to estimating the param-
eters B and A governing the prior distribution, we also estimate the inverse variance

of the noise, which we denote by (.

5.2.1 Hierarchical Bayesian Formulation

We slightly redefine the probabilistic model of (5.1)-(5.3) to include A and ¢ as random
variables in the hierarchical Bayesian framework. We define the prior distribution for

the model m given the regularization parameters as before so that

A2 exp {—=IAm”(D (8) + eI)m}

p(m|B3,\) \D(ﬁ)+€f|_1/2

, (5.33)
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where N is the number of image parameters and | - | denotes the matrix determinant.

And we again let the data d be defined by
d=Am +n, (5.34)

where A is the forward modeling operator (in our case we take A to be the Kirchhoff
modeling operator, so that A” is the Kirchhoff migration operator, as defined in
Chapter 4) and n is additive noise which we model as white Gaussian noise with zero
mean and covariance matrix ¥ = ¢~!/. Under these assumptions, the conditional

distribution for the data is given by

pldim. 6,50 = pdhm, ) x ¢ exp {~Icja—aml*f 639

where K is the number of data points.

Letting @ = (3, A, {) denote the vector of regularization parameters (in which we
include the inverse noise variance), we model 8 as a random vector with its own prior
distribution p(@). Since A and ( scale the inverse model and noise variances, respec-
tively, we are able to introduce conjugate priors for these parameters; in particular,
we model these parameters as Gamma random variables a priori, as the conjugate
prior for the inverse variance parameter of a Gaussian is the Gamma distribution [24].
Hence, we have

p(A) oc A Tle™A A > (5.36)

and

p(¢) o (e (>0, (5.37)

where ay, by, ac, be > 0 are the shape and rate parameters of the Gamma distributions.
These are called conjugate priors because the conditional posterior distributions for
A and ¢ will remain Gamma distributions, only with updated shape and rate pa-
rameters. (We note that setting @ = 1 and taking the limit as b — 0 results in an
(improper) flat prior on A (or ¢) > 0, so the Gamma priors are quite general.) Fur-

thermore, as before, we endow each f;; with a uniform prior on the set [0, 1] and let
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:@7
Figure 5-2: The directed graphical model capturing the Markov structure between
B, A, ¢, m, and d. The node for d is shaded to indicate that d is an observed

quantity that the posterior distribution for the regularization parameters and model
is conditioned upon.
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A, ¢, and the 3;; be mutually independent random variables. Combining the above
defines our prior distribution for 8. The directed graphical model in Figure 5-2 de-
picts the Markov structure between the regularization parameters, the model, and
data. Having fully specified our probabilistic model, we can now apply Bayes’ rule

to obtain the joint posterior distribution for 8 and m given the data d:

p(m, 0[d) o< p(0)p(m|6)p(d/m,0) (5.38)

x )\a)\+N/2—1 Ca<+K/2—1 ‘D (ﬁ) + €]|1/2

exp {—A (bx + %mT(D (8) + ef)m) (5.39)
~¢ (b 51— am?) .

5.2.2 Variational Bayesian Methods

The complete solution to the hierarchical Bayesian problem would involve obtaining
and tractably exploring, often via sampling techniques, the marginal posterior distri-
butions for the parameters of interest m. However, since the posterior distribution
(5.39) is costly to evaluate (due to the determinant factor), sampling from the poste-
rior quickly becomes infeasible for even moderately sized models (N ~ 10%). To avert
this problem, we turn to an approximate inference framework known as variational
Bayes (VB) [3, 4], which can be viewed as a generalization of the E-M algorithm used
in Chapter 4.

The idea behind the variational Bayesian method is to approximate an intractable
posterior distribution p(u|d) (defined on the set of random variables u = (m, 8)) by
searching within a family of tractable distributions ¢ € Q for the distribution, ¢*,
which is closest to the posterior py4. The approximate posterior ¢* is found as the

solution to the following variational problem (hence the name):

q" = argmin D(q||pyja), (5.40)
qeQ

where D(-||-) is the KL divergence, a pseudo-metric on the space of probability dis-
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tributions given by

D(q|lpuja) = Eq {log (p?ﬁ"’()l))} , (5.41)

and where E, denotes the expectation operator with respect to the distribution ¢q. As
hinted at earlier, the expectation-maximization algorithm [17, 46] can be derived as a
special case of VB when we restrict Q to the family of point distributions (i.e. Dirac

delta distributions) on some subset of the random variables in u [3].

The most common variant of VB is known as the mean field approximation, in
which Q comprises distributions which factorize over specified partitions on the set of
random variables u. In our problem, it is natural to take m and 0 as two partitions of
the unknowns u. Using this partitioning with the mean field approximation, VB will
search within the family of distributions that, conditioned on d, have m independent
from @ (which is not the case in the true posterior distribution (5.39)). We further
specialize Q by restricting the class of distributions on 3 to point distributions (this
will result in effectively estimating 3 via the E-M algorithm while estimating the

remaining parameters in the more general mean field setting). We thus have

q(m, ) = gm(m)qe(6) (5.42)
= gm(m)qrcs(N, ¢, B) (5.43)
= gm(m)grc(X, Q)5(8 - B), (5.44)

where (3 is the point at which the delta distribution gg(@3) is centered (and hence the

only parameter defining ¢g(3)).

Coordinate-Descent

To solve the variational problem (5.40) for ¢ € Q, we substitute the above factorized
form of ¢ into the KL divergence and take a coordinate-descent approach, which

alternates between minimizing the KL divergence with respect to 8 and (qm, ),
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giving the iterative procedure:

B = argmin D(q&?q&f}% 1Px.¢,8.mld) (5.45)
B

(%ﬁﬁ“), qgtfl)> = arg min D(qmqx ¢+ [[Prc.amia)- (5.46)

(Qm#])\,g

(t+1)

Examining the update equation for B¢ (5.45), and dropping terms that do not

depend on 3, we see that this equation is essentially the M-step of the E-M algorithm:

B(Hl) = arg min D(qm Q)\ g5ﬁ||p/\ ¢,Bmid) (5.47)
B
= arg max Eq(t)q(t) [logp(A, ¢, B, m,d)]. (5.48)
3 m )¢

And indeed, we can perform the above maximization using the same methodology as

was used to solve the M-step in Chapter 4 via a gradient ascent method, where

®)

ped!

0

%Eqﬁé)qgﬁg log p(A, ¢, B, m,d)] =

(Cm(;\(t)v ﬁ) + ij(j‘(t)v /8) - QCZJ(;\(t)u ﬁ)

|

—(A 4 A = 200) = (u? — )7
(5.49)

and where \) = E [A] is the expected value of A under qA), pu® =E (t>[ | and
A

AD = COVq(t)(m) are the mean vector and covariance matrix of m under q.gn), and
m

C(A\®,B) = cov, 0 B(m) is the prior covariance matrix of m under ppxo» g:

1

CAY.8) = (A\(D(B) +el)) . (5.50)

Fixed-Point Updates for qgt)g and q,(ﬁ)

The update equation (5.46) for the distributions qgt)c and q,(,f) still requires finding the

(t—i—l))

distributions that minimize the KL divergence (with 3 now fixed to 3 . One can

derive the stationarity conditions on q( ™ and q.(frl) by forming a Lagrangian £ (to
account for normalization constraints) and setting the functional derivatives 6q,i(£m)
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and % to 0. This gives the standard equations of the mean field approximation:
log q(prl (A, Q) = E o [logp()\, ¢, B m, d)] — Iz, (5.51)
log q t+1)( ) = Eq(t+1) [Ing()‘> Ca B(H_l)a m, d)] - Zm> (552)

A<

where Zy, and Z, . are normalization constants. The cyclic dependence between
Equations (5.51) and (5 52) induces a natural fixed-point algorithm in which we pick
an initial guess q (>\ ¢) and A (m) and update these guesses by sequentially
solving (5.51) and (5.52), repeatedly until convergence. Denoting the iteration num-

ber of this fixed-point algorithm by s, we have:

logq (t+1,5+1) ()\, ()= quﬂ,s) [logp()\, ¢, B m, d)] — Ze (5.53)

log ¢4V (m) = E 11,001 [logp(k, g,B““),m,d)} T, (5.54)
A,¢

In order to implement this fixed-point algorithm, we substitute the joint posterior
distribution into (5.53) and (5.54). First substituting into (5.53) gives the form of
the update for q(prl o +1) ()\, Q):

logq(prl S+ ()\,C) = (ax+ N/2—1)log A+ (ac + K/2 —1)log(
)\ (bA +1E 10 [mT(D(B<t+l>) + e[)mD (5.55)
— (b + 3B g [Id — Am|?]) — 24
= (ax+ N/2—1)log A
)\ (bA + Ltr((D(BHY) + e) A1)
T a 1
+%u(t+l,s) (D(B(t—i-l)) _l_d)u(tﬂ,s)) 7 (5.56)
+ (ac+ K/2—1)log(
_ <- (bC + ltl‘ (ATAA(t-‘rl,s)) + %Hd _ A[,L(t+1’s)||2) _ Zg

(t"rl 8+1 ()\)

— log g +log g (0, (5.57)

where we have recognized in the last equality that q(Hl S+ ()\,C) factorizes (i.e.
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qit,?l’s“) models A and ¢ as independent). As before, p“™"” and AC+L9) denote

. t+1, .
the mean and covariance of m under q,(nJr 3)7 and Z) ., ZY, Z! are simply new nor-

malization constants. From the form of Equation (5.56), we recognize qg\tH’SH) and

qétH’SH) as Gamma distributions, and hence we only need to keep track of their shape

and rate parameters, a(;H’SH) and bf\tﬂ’sﬂ) for q/(\tﬂ’sﬂ) and aé”l’sﬂ) and b?“’sﬂ)

for qéHl’sH), which are given by:
a{t Y = 4y + N/2, (5.58)
bE\tH’SH) — by + %tr((D(B(t+1)) + EI)A(t+1,s)> + %u(t+1,s)T(D(B(t+1)) + d)u(tﬂ,s)7
(5.59)
al ™Y = ac + K2, (5.60)
D < (ATANCT) L — A2 (:61)
From these, we can compute the expected values of A and ¢ under qgél’sﬂ), denoted
by S\(t-i-l,s-l-l) and E(t-l—l,s-i—l) , as
( | MESRIRY
Y(t+1s+1) _ A
A
- ay + N/2
by + %tr((D(B(tH)) + el )At+19)) 4 %“(t+1,s)T(D(B(t+1)) + el ) pttts)’
(5.63)
(t+1,5+1)
Clrtsn) ¢ ac + K/2 (5.64)

= bét+1,s+l) = be + %tr (AT AN(H+L9)) 4 %Hd — Au(t+17s)||2-

We similarly update the distribution q,(f1+1’s+1) by substituting the joint posterior

(5.39) into (5.54). This gives

log ¢{t+1++) (m) = _lmT (E(t+1,s+1)ATA AL (D(BED) 4 d)> m

2 (5.65)
+ E(t+1’s+1)mTATd . Z;n
From (5.65), we recognize q.(1f+1’5+1) as a Gaussian distribution, and, as before, we
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need only keep track of the parameters defining the distribution: its mean vector

L) and covariance matrix A5+ which are given by
L) (5’ (4Lt AT A 4 \ELHD) (DB 4 e] )> T g AT (5.66)

and

AG+Ls+1) (C_(t+1,s+1)ATA 4 S\(t+1,s)(D(B(t+1)> n EI))_l | (5.67)

Formulating our probabilistic model with conjugate priors, the Gamma prior for A
and ¢ and the Gaussian prior for m, caused the conditional posterior distributions
for these parameters to remain Gamma and Gaussian, respectively. For this reason,
the variational Bayesian approximations also remain as Gamma and Gaussian distri-
butions and are hence tractable, as only the parameters defining these distributions

need to be updated.

It is important to point out that we do not have to store or compute the entire
covariance matrix A% to update 8% , X&) and (%), The partial derivatives in
Equation (5.49) used to update B(t) only require elements of the covariance matrix
corresponding to the edges of the graph G, and these can be computed using the
techniques outlined in Chapter 4. Updating A**) and (»*) requires computing matrix
traces of the product of A®® and another matrix. These traces can be computed

stochastically using a trace estimation algorithm due to Hutchinson [32]:

Algorithm 5.1 Hutchinson Trace Estimation Algorithm [32]
Let H be an N-by-N matrix. Specify number of samples M.

1. Draw M i.i.d. white noise vector samples: u®® ~ Uniform({—1,1}").

2. Estimate tr(H) ~ & M u®" Hu®,

It is straightforward to show that this estimate converges to the true matrix trace.
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The estimator of tr(H) converges to the true mean of u” Hu which is

E[u” Hu] = E[tr(u” Hu)] (5.68)
= tr(HE[uu"]) (5.69)
= tr(H)7 (570)

since E[uu’] = I. Indeed, this algorithm will work with any zero-mean, unit-variance
white noise vector u (such as, e.g. u ~ N(0,I)). It is important to note that we
neither need to compute nor store the matrix H explicitly to estimate its trace with
this algorithm; we only need to be able to apply H to a vector. For our case, H is
the product of A and another matrix (which we generically denote by R), where A is
the inverse of a posterior precision matrix. Then the action of H = RA on a vector u

can be computed by first solving the system A~!'v = u for v, then taking RAu = Rv.

Summary of VB algorithm

To summarize our approach, we give our variational Bayesian algorithm for jointly

estimating model and regularization parameters below:
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Algorithm 5.2 Variational Bayesian algorithm for estimating 3" and approximate
marginal posteriors g3, ¢, ¢m

Initialize B A0 ((©0),
Set t = 0. Iterate on ¢:

1. Set s = 0. Iterate on s:
a. Compute u®* via (5.66).
b. Compute matrix traces in (5.63) and (5.64) via Hutchinson algorithm
with A®*) as defined in (5.67).
c. Compute A& via (5.63).
d. Compute >V via (5.64).
2. Update A+ — S\(t,s—i-l)’ C*(t+1) — E(t,s—i—l)’ “(t+1) _ u’(t,s)‘
3. Update AV to be defined as A" in (5.67).
4. Update 8% via the M-step of the E-M algorithm of Chapter 4
(i.e. Steps 3-5 of Alg. 4.2 using ATV (0D - 0+ - AG+D)),

Upon termination, return:
e = \HDox = clHD)

0y = ay+ N/2, by = 22 ar = ac + K /2, b = 2552

,6* _ B(H—l)’ [1:* — u(t—i—l)’ AF = A(t—l—l)’

qx = Gamma(ay, b}), ¢¢ = Gamma(af, bf), g = N (", A*).

5.2.3 Results

To obtain a single estimate of the image, we take the MAP estimate of the image from
its approximate marginal posterior distribution g;,, which we refer to as its variational
Bayes MAP (or VB-MAP) estimate. We observe from (5.65) that ¢;,(m) happens to
be equal to the conditional posterior p(ml|d, 3%, \*, (*) using the 3%, \*, {* obtained
from the VB algorithm. Hence the VB-MAP estimate of the image is equivalent to

its empirical Bayes MAP estimate discussed in Chapter 4 when using the parameters
B
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We validate our approach by applying our inference algorithm to synthetic datasets
arising from 2-D reflectivity models. We consider data simulated from two different
physical models: Kirchhoff modeling and acoustic wave-equation modeling. As in
Chapter 4, the purpose of using Kirchhoff modeled synthetic data is to test the
performance of our algorithm when used with a consistent forward model. The wave-
equation modeled data, on the other hand, additionally tests the ability of the Kirch-
hoff forward operator used in our algorithm to correctly model acoustic data. For
both cases, we defined the MRF so that each node shares an edge with all other nodes

within a radius of v/2 nodes (to include diagonal connections in the MRF).

Kirchhoff modeled data

As in the previous chapter, the Kirchhoff data example is simulated from the Mar-
mousi model. The data are acquired from a set of 20 collocated surface sources
and receivers (resulting in 400 traces), with a 480 m spacing between receivers (and
sources), where the source wavelet is a 25 Hz Ricker wavelet. As before, we add zero-
mean white Gaussian noise to the data (with a standard deviation equal to 10% of the
maximum amplitude of the data). Note that this inverse crime test example is the
same as that in Chapter 4. In this example, the VB estimates of the marginal posteri-
ors were obtained with 3 (outer) t-iterations (to update 8) and 10 (inner) s-iterations
(to update gx,q¢c,gm) of the VB algorithm (see Algorithm 5.2), where each outer ¢-
iteration of VB took approximately 3 hours on a quad core Intel™ Xeon W3550
3.0GHz processor (hence the entire VB algorithm ran in approximately 9 hours). We
note that each t-iteration of the VB algorithm performs all 10 s-iterations, where each
s-iteration requires performing multiple LSM inversions to both compute the mean
model parameters for updating ¢, and to estimate the traces required to update gy
and g via the Hutchinson algorithm. As in the previous chapter, the LSM inver-
sions are computed using the method of conjugate gradients (CG), which is run for
200 iterations per LSM. Each iteration of CG requires performing a single Kirchhoff
modeling followed by a single Kirchhoff migration, and, for this example, takes about

0.7 seconds per CG iteration (on the same machine).
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The imaging results are shown in Figures 5-3-5-10, where the edge strengths
obtained using our algorithm are shown in Figure 5-10 and the VB-MAP estimate of
the image is shown in Figure 5-9. For comparison, we show the unregularized LSM
image (Figure 5-4) along with the regularized LSM images obtained using a uniform
regularization scheme (setting each 8;; = 1) and different values for A (fixing ¢ to (*)
(Figures 5-5-5-8).

As before, the unregularized image is heavily influenced by the noise in the data to
the point that the reflectors in the image are largely obscured by the noise. The effects
of noise are largely diminished in the uniformly regularized LSM images obtained
with setting A to A\* or higher (Figures 5-7-5-8), but these same images significantly
smooth out the reflectors. This is consistent with our expectations: A* is estimated in

conjunction with the 37, which are always between 0 and 1. Hence, using this \* to

ij
regularize while setting all the 3;; to 1, should result in over-smoothing. Using values
of \ smaller than A\* (with 3;; = 1) prevents over-smoothing, but fails to significantly
remove the effects of noise (Figures 5-5-5-6). The VB-MAP image (Figure 5-9), by
contrast, remains sharp near the reflectors while smoothing out the noise away from
the reflectors. For a quantitative comparison, we note that the correlation of the

VB-MAP image with the true image is significantly higher than the correlations of

the other images with the true image.

Figure 5-11 shows the VB approximations to the posterior distributions for A and
(. We can interpret these approximate posteriors in terms of the quantities A and
¢ represent. We find that the approximate posterior qg(g ) slightly overestimates the
true inverse noise variance (which is ¢ = 5.61-10% Pa™2). This is somewhat expected,
since the VB-MAP model may provide a better fit to the data than the true model
(and hence give a lower estimated noise variance). Indeed, the inverse variance of the
data residual resulting from the VB-MAP model is 5.81 - 10® Pa~2, which is much
closer to ¢* = 5.79 - 10° Pa~? (the mean of qg) As discussed in the beginning of this
chapter, \ scales the prior model variance. Hence, to interpret the value we obtain
for \* (the mean of ¢}), we can measure the empirical variance of the true model

and compare this to the average prior model variance predicted by A\* (which can be
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Figure 5-3: The true Marmousi reflectivity model.
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Figure 5-4: Unregularized LSM image (each f;; = 0) using Kirchhoff modeled data.
Correlation with true image = 0.3682.
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Figure 5-5: Uniformly regularized LSM image (each §;; = 1) with A = 0.01\* and
¢ = ¢* using Kirchhoff modeled data. Correlation with true image = 0.4364.
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Figure 5-6: Uniformly regularized LSM image (each f; = 1) with A = 0.1\* and
¢ = (* using Kirchhoff modeled data. Correlation with true image = 0.6282.
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Figure 5-7: Uniformly regularized LSM image (each 8;; = 1) with A = A\* and ¢ = (*
using Kirchhoff modeled data. Correlation with true image = 0.6432.
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Figure 5-8: Uniformly regularized LSM image (each f;; = 1) with A = 10\* and
¢ = ¢* using Kirchhoff modeled data. Correlation with true image = 0.4870.
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Figure 5-9: Variational Bayes MAP image using Kirchhoff modeled data. Correlation
with true image = 0.8218.
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Figure 5-10: Edge strengths 8* estimated with VB using Kirchhoff modeled data.
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computed from the trace of the prior model covariance matrix defined by A* and 5*).
We find that while \* = 133.14 (note that the reflectivity model is dimensionless,
and hence so is \), which yields an average prior model variance of 5.90 - 1073, the
empirical variance of the true model is computed to be 5.66 - 10~3. Hence, the value

of \* computed by VB slightly overestimates the true model variance.

Acoustic wave-equation modeled data

Since the wave-equation modeled data arises from a more complex physical model
than the Kirchhoff modeling operator used by our algorithm, we first examine the
behavior of our algorithm on the example of a simple three layer model before moving

on to the more complex Marmousi example.

For both examples, the synthetic data are acquired from a set of collocated surface
sources and receivers, with an even spacing of 240 m, where the source wavelet is a
25 Hz Ricker wavelet. We note that, due to the complex nature of this data, we used
smaller source and receiver spacings than what was used for the Kirchhoff modeled
data (where for that data the source and receiver spacing was 480 m). Even still,
this receiver spacing is far larger (and the dataset far sparser) than what is typically
used in Kirchhoff migration applications; hence the choice of regularization becomes
extremely significant in this case. We did not add random noise to the data, since the
residual between the predicted data (by Kirchhoff modeling) and the wave-equation
data already serves as a significant source of noise. For these examples, the VB
estimates of the marginal posteriors were again obtained with 3 (outer) t-iterations
(to update @) and 10 (inner) s-iterations (to update ¢x,qc,qm) of the VB algorithm (see
Algorithm 5.2), where each outer t-iteration of VB took approximately 12 hours on
a quad core Intel™ Xeon W3550 3.0GHz processor (hence the entire VB algorithm
ran in approximately 36 hours). Again, the LSM inversions are computed using
the method of conjugate gradients (CG), which is run for 200 iterations per LSM.
Due to the increased number of sources and receivers, each iteration of CG costs

approximately 2.8 seconds (on the same machine).
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Figure 5-11: The variational Bayesian approximations to the posterior distributions
for the parameters scaling the inverse variances of the (a) model A and (b) noise ¢,
using Kirchhoff modeled data.

144



Three layer example

The results for the three layer example are shown in Figures 5-12-5-22. The true
reflectivity model is depicted in Figure 5-12, and again we show the unregularized
LSM image (Figure 5-13) along with the uniformly regularized images for different
values of A\ (Figures 5-14-5-17). The VB-MAP estimate of the image is shown in
Figure 5-18, and the corresponding edge strengths g* are shown in Figure 5-19. As
expected, the unregularized image contains a heavy amount of noise due to both the
limited acquisition and poor modeling effects. The regularized LSM images (obtained
with f3;; = 1) significantly improve upon this result. We find that while a significant
amount of noise remains in the image obtained with A = A*, the noise is greatly
reduced when a value of A = 10\* is used in the regularization (Figure 5-18). This is
a somewhat surprising result because, although A* was estimated in conjunction with
B*, we would expect that, since 3}; is always between 0 and 1, regularizing with A"
and ¢* and setting all the Bi; to 1 will result in over-smoothing the image. Indeed,
for the Kirchhoff modeled data example, this choice of parameters did result in over-
smoothing in the regularized LSM image (Figure 5-7). Hence, from a purely “results-

oriented” perspective, one would expect a higher value of \* than that obtained.

This is also seen in the VB-MAP image (Figure 5-18), where the noise has only
been slightly reduced from the unregularized LSM image, once again suggesting that
the value of \* is too low. The estimated edge strengths (Figure 5-19), however, are
aligned with our expectations. We see that the edge strengths go to 0 above and
below the reflectors, while mostly remaining near 1 elsewhere in the image (however,
we do also see the effects of the noise on the edge strengths). Hence, using these edge
strengths along with a higher value for A should hopefully give a better image. As
noted earlier, the resulting image is the empirical Bayes MAP estimate of the image
with A fixed to a higher value. We experiment with successively higher values of A
(fixing B = B* and ¢ = ¢*) in Figures 5-20, 5-21, and 5-22. Indeed, we see that as
A is made larger, the effects of the noise are greatly reduced, but the edge strengths
3* preserve the sharpness at the reflectors. At A = 103\* (Figure 5-22), the greatest

improvement is seen, and the correlation is highest for this image.
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The VB approximations to the posterior marginals for A and (¢ are shown in
Figure 5-23. Here we find that VB estimates the inverse noise variance at (* =
2.15 - 10" Pa~?, whereas the inverse variance of the data residuals found with the
true model and MAP-VB model are ¢ = 1.14 - 10" Pa™ and ¢ = 2.16 - 10" Pa™2,
respectively. Hence, as expected, the estimated inverse noise variance matches well
with the inverse variance of the data residual computed with the VB-MAP model
(but the “true” inverse noise variance has been significantly overestimated). The VB
estimate of A was found to be \* = 4.05 - 10, which results in an average prior
model variance of 7.66 - 10~* (again, found by computing the trace of the prior model
covariance matrix given by A\* and 3*). By comparison, the empirical variance of
the true model is 2.64 - 107*. Hence the true model variance is, as our imaging
results seemed to indicate, significantly overestimated (meaning A is significantly

underestimated).

Marmousi model example
The second example we consider is the Marmousi model, where the wave-equation
data are generated using the same acquisition geometry as in the three layer ex-
ample. The complex velocity structure of the Marmousi model makes this exam-
ple particularly challenging for Kirchhoff-based methods (including LSM), and often
a wave-equation based imaging method, such as reverse-time migration (RTM) or
RTM-based LSM, is required to correctly image deeper sections of the model [25].
We do not expect that the hierarchical Bayesian version of Kirchhoff-based LSM will
be able to remedy this problem, since this is, at heart, a modeling issue and not an in-
version issue. Nevertheless, the reflectors in the shallow part of the model can still be
described by Kirchhoff modeling, and it is of interest to determine the improvements
we might be able to gain with our methodology.

The results for the Marmousi example are shown in Figures 5-24-5-33. The un-
regularized LSM image is shown in Figure 5-24, and the uniformly regularized LSM
images for different values of A are displayed in Figures 5-25-5-28. Once again, we

observe a similar issue with the value estimated for A*. The noisy unregularized LSM
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Figure 5-12: The true reflectivity for the three layer model.
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Figure 5-13: Unregularized LSM image (each §;; = 0) using wave-equation modeled
data (three layer model). Correlation with true image = 0.0824.

148



500 ]

1000f

S
N

1500¢ i

s000f :

2500

0 500 1000
X [m]

Figure 5-14: Uniformly regularized LSM image (each 8;; = 1) with A\ = A* and ¢ = (*
using wave-equation modeled data (three layer model). Correlation with true image
= 0.7226.
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Figure 5-15: Uniformly regularized LSM image (each 3;; = 1) with A = 10\* and
¢ = ¢* using wave-equation modeled data (three layer model). Correlation with true
image = 0.8309.
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Figure 5-16: Uniformly regularized LSM image (each 8;; = 1) with A = 102)\* and
¢ = ¢* using wave-equation modeled data (three layer model). Correlation with true
image = (0.7381.

151



500 1

1000

S
N

15007 1

2000

2500

0 500 1000
X [m]

Figure 5-17: Uniformly regularized LSM image (each 8;; = 1) with A = 10°X\* and
¢ = ¢* using wave-equation modeled data (three layer model). Correlation with true
image = 0.4922.
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Figure 5-18: Variational Bayes MAP image using wave-equation modeled data (three
layer model). Correlation with true image = 0.2291.
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Figure 5-19: Edge strengths 3* estimated with VB using wave-equation modeled data

(three layer model).
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Figure 5-20: Empirical Bayes MAP image obtained with 8 = 8, A = 10)\*, and
¢ = (*, using wave-equation modeled data (three layer model). Correlation with true
image = 0.7472.
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Figure 5-21: Empirical Bayes MAP image obtained with 8 = 8%, A = 102)\*, and
¢ = (*, using wave-equation modeled data (three layer model). Correlation with true
image = 0.8724.
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Figure 5-22: Empirical Bayes MAP image obtained with 8 = 8%, A = 103)\*, and
¢ = (*, using wave-equation modeled data (three layer model). Correlation with true
image = 0.9349.
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Figure 5-23: The variational Bayesian approximations to the posterior distributions
for the parameters scaling the inverse variances of the (a) model A and (b) noise ¢,
using wave-equation modeled data (three layer model).
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image is improved upon in the regularized LSM images (with §;; = 1), but the image
obtained with A = A* (Figure 5-25) still contains a significant noise component. Set-
ting A to 102\* or higher largely removes the effects of the noise (Figures 5-27-5-28),
yet at the cost of over-smoothing the reflectors. Again, our expectation is that setting
A = \* should sufficiently remove the noise from the image, and we would thus expect

a higher value for \*.

This issue can again be seen in the VB-MAP image of Figure 5-29: indeed, it
is difficult to observe any qualitative difference between the VB-MAP image and
the unregularized LSM image of Figure 5-24. This again suggests that the value
for A\* is too low. The estimated edge strengths B3* are shown in Figure 5-30. We
see that, for those reflectors that appeared in the LSM images (i.e. those reflectors
that the data were informative about from the perspective of the Kirchhoff modeling
operator), the edge strengths correctly go to 0 near the reflectors; elsewhere in the
model the edge strengths are high, although the effect of the noise can also be seen in
the edge strengths (particularly in the deeper part of the model). As with the three
layer example, this suggests that using these edge strengths with a higher value for
A should yield a better image. We compute these images in Figures 5-31-5-33 using
increasingly higher values of A\. When X is set to 102A* and 10°)\* we begin to see
some qualitative improvements in the image: the noise is smoothed out, yet some
sharpness is preserved in the reflectors captured by 8*. We note that the correlations
of the images with the true model, for all the images obtained in this example, are
very low (< 0.1). This is because, no matter what kind of regularization scheme is
used, the images obtained only correctly estimate a small portion of the reflectors,
since much of the acoustic data is not adequately described by the Kirchhoff operator.
As such, even though we notice that the correlations do, for the most part, increase
when we see qualitative improvements in the image, they are less informative for this

example.

The approximate posterior marginals ¢} and ¢¢ are shown in Figure 5-34. Here,
VB estimates the inverse noise variance at * = 1.254-10'° Pa™2, whereas the inverse

variance of the data residuals found with the true model and MAP-VB model are
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¢ =9.858-10° Pa~2 and ¢ = 1.269 - 10" Pa"?, respectively. Hence, the estimated
inverse noise variance greatly overestimates the “true” inverse noise variance (i.e. the
inverse variance of the data residual with the true model) and, again, is far more
consistent with the inverse variance of the residual the VB-MAP model. The VB
estimate of A\ was found to be A\* = 150.97, which results in an average prior model
variance of 1.21 - 1072, By comparison, the empirical variance of the true model
is 5.66 - 1073, Hence, again, the true model variance is significantly overestimated,

meaning A is underestimated by VB.

The question remains of why the VB estimate \* is, from both a results-oriented
perspective and from comparison with the true model variance, significantly lower
than expected. Alternatively, we can ask why the estimated inverse noise variance
parameter C* is too high, since it is the ratio \*/{* that ultimately determines the de-
gree of regularization in LSM. We note that this only occurred with the wave-equation
modeled data: the estimates of A\* and (* for the Kirchhoff modeled data example
yielded the expected results. This is likely because, for the wave-equation data, the
residual is not well-modeled as zero-mean white noise. Indeed, the Kirchhoff operator
models the single-scattering from the reflectors, while the acoustic wave-equation data
contain information from the full wavefield, including multiple-scattering, refracted
waves, and other coherent effects, which will remain in the residual after subtracting
the Kirchhoff modeled data from the acoustic data. This correlation in the residual
may lead to very strange models, such as the unregularized LSM images above, that
fit the data considerably better than the true model. This data residual using such
models may have a significantly lower variance than that of the data residual found
with the true model, leading to a larger value being estimated for the inverse noise
parameter, ¢*. Indeed, we find that the unregularized LSM image gives a data resid-
ual with a variance roughly 1-2 orders of magnitude lower than the variance of the
residual found using the true model. This would result in ¢* being estimated at a
significantly higher value than expected, which is likely why we were able to compen-
sate for this by increasing A. This is no fault of the hierarchical Bayesian framework,

but rather, as mentioned previously, a problem with the modeling. The real solution
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is to use a more realistic forward modeling operator (such as the Born wave-equation

operator [31], for example) to better describe the data.

5.3 Conclusions

Finding the optimal regularization scheme in an inverse problem is an open research
question which we have attempted to address. In the first part of this chapter we
analytically investigated the meaning of the regularization parameters by considering
the covariance function that arises in the limiting case of a continuous model. This
analysis allows one to heuristically set the regularization parameters based on a de-
sired correlation length and model variance (on the discrete grid). In the second part
of this chapter, we attempt to estimate an optimal regularization scheme through the
mathematical framework of Bayesian inference. In particular, we applied hierarchical
Bayesian analysis to jointly estimate the model and regularization parameters. We
utilized variational Bayesian methods to approximate a solution to the hierarchical
Bayesian problem, and showed the application of this methodology in the context of
least-squares migration. Inferring the regularization parameters allowed for significant
improvements in the inferred seismic image, particularly for the Kirchhoff modeled
data examples, where we are able to remove the effects of noise while still preserving
sharpness at the reflectors in the image. The acoustic wave-equation modeled data
examples proved more challenging due to the limited ability of the Kirchhoff modeling
operator used in the inversion to fully describe the data; however we were still able to
make similar qualitative improvements to the inferred images in the sections of the
model that were well-described by the data. As was the case in the previous chapter,
the methodology developed herein is applicable to a broad range of linear inverse
problems involving spatially-varying model parameter statistics and is not limited to

the seismic imaging problem.
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Figure 5-24: Unregularized LSM image (each f3;; = 0) using wave-equation modeled
data (Marmousi model). Correlation with true image = 0.0520.
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Figure 5-25: Uniformly regularized LSM image (each 3;; = 1) with A\ = \* and ¢ = (*
using wave-equation modeled data (Marmousi model). Correlation with true image
= 0.0757.
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Figure 5-26: Uniformly regularized LSM image (each §;; = 1) with \ = 10\* and
¢ = (* using wave-equation modeled data (Marmousi model). Correlation with true
image = 0.0888.
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Figure 5-27: Uniformly regularized LSM image (each f;; = 1) with A = 102\* and
¢ = (* using wave-equation modeled data (Marmousi model). Correlation with true
image = 0.0728.
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Figure 5-28: Uniformly regularized LSM image (each f;; = 1) with A = 103\* and
¢ = (* using wave-equation modeled data (Marmousi model). Correlation with true
image = 0.0268.
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Figure 5-29: Variational Bayes MAP image using wave-equation modeled data (Mar-
mousi model). Correlation with true image = 0.0557.
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Figure 5-30: Edge strengths 3% estimated with VB using wave-equation modeled data
(Marmousi model).
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Figure 5-31: Empirical Bayes MAP image obtained with 8 = 8", A = 10)\*, and
¢ = (*, using wave-equation modeled data (Marmousi model). Correlation with true
image = 0.0672.
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Figure 5-32: Empirical Bayes MAP image obtained with 8 = 8%, A = 102)\*, and
¢ = (*, using wave-equation modeled data (Marmousi model). Correlation with true
image = 0.0828.
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Figure 5-33: Empirical Bayes MAP image obtained with 8 = 8%, A = 103)\*, and
¢ = (*, using wave-equation modeled data (Marmousi model). Correlation with true
image = 0.0762.
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Figure 5-34: The variational Bayesian approximations to the posterior distributions
for the parameters scaling the inverse variances of the (a) model A and (b) noise ¢,
using wave-equation modeled data (Marmousi model).
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Chapter 6

Hierarchical Bayesian Time-Lapse

Seismic Processing

6.1 Summary

In this chapter, we describe a methodology for inferring the change in subsurface
model parameters from time-lapse seismic data within a hierarchical Bayesian frame-
work, where the time-lapse and baseline surveys may have different acquisition geome-
tries. Conventional methods for processing time-lapse data with differing acquisition
geometries involve inverting the baseline and time-lapse datasets separately and sub-
tracting the inverted models; however, such methods do not correctly account for
differing model uncertainty between surveys due to differences in illumination and
observational noise. Within the hierarchical Bayesian setting, the solution to the
time-lapse inverse problem is given by the marginal maximum a posteriori (MAP)
estimate of the time-lapse change, which seeks the most probable time-lapse change
over all probable baseline models described by the data. We present a framework for
computing the marginal MAP estimate using the expectation-maximization (E-M)
algorithm, which iteratively performs sequential estimation of the time-lapse change
and the baseline model. Our algorithm is validated numerically on synthetic data
simulated from the Marmousi model (with a time-lapse perturbation), where the

hierarchical Bayesian estimates significantly outperform conventional time-lapse in-
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version results.

6.2 Introduction

Monitoring changes in the subsurface geophysical properties of a field over time can
provide valuable information for, among other things, reservoir modeling and produc-
tion planning of the field. Repeated time-lapse seismic surveys are commonly used
for this purpose, but conventional methods for processing such surveys suffer from a
number of limitations. One conventional method for inverting time-lapse seismic data
involves subtracting repeated datasets and inverting the differenced data to obtain
the changes in the subsurface model parameters [8, 30]; however, the validity of this
method requires both that the seismic data depend linearly on the subsurface model
and that the repeated datasets have identical acquisition geometries. A recent advance
known as double-difference inversion [81] does not require this linearity for correct-
ness but still requires identical acquisition geometries. However, achieving identical
acquisitions in sequential surveys can be challenging. Furthermore, time-lapse surveys
may differ significantly over time due to the availability of new acquisition technolo-
gies. In the case of differing acquisitions, conventional time-lapse inversion involves
inverting the datasets separately and subtracting the inverted models to estimate the
time-lapse change. However, this method (model subtraction) often performs quite
poorly due to differences in illumination and observational noise. It is also quite
possible that the time-lapse survey contains information about the baseline model
that was not captured by the baseline survey. Ayeni and Biondi [2| describe a frame-
work for target-oriented linear least-squares inversion of multiple time-lapse datasets
with differing acquisitions, but their methodology only applies to the case when the
data depend linearly on the model and requires explicit computation and storage of
a Hessian matrix, which is only feasible for a small target region.

In this chapter, we describe a methodology for estimating the time-lapse change
in the model parameters from both datasets simultaneously in a hierarchical Bayesian

setting, where we neither require that the data depend linearly on the model nor that
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the datasets have similar acquisition. In particular, we solve the Bayesian inference
problem using a gradient-based implementation of the expectation-maximization al-
gorithm, which iterates between subsequent updates to the background model and
time-lapse change, ultimately yielding an estimate of the best time-lapse change over

all probable baseline models described by the data.

6.3 Methodology and Bayesian Framework

We consider the case where we have two time-lapse seismic surveys with different
source-receiver geometries, a baseline survey yielding data vector dy and a monitor
survey yielding d;, and we wish to infer the time-lapse change in some subsurface
model parameters m from dy and d;. Here m may, for example, be the P-wave
propagation velocity or the reflectivity of the medium. We denote the baseline model
by my, the time-lapse change by Am, and denote by Fy and F} the operators relating
the model parameters to the baseline and monitor datasets, respectively. Then we
can give the data as

d() = F()(m()) + ng (61)

and

dl = Fl(m() + Am) + n, (62)
where ny and n; are noise terms.

The Bayesian inference setting provides a useful and mathematically rigorous
framework within which the problem of inferring Am can be cast. Within the
Bayesian context, both the model parameters mg, Am and the observed data d,
d; are viewed as random quantities defined by a probabilistic model. In particular,
we let my and Am be independent Gaussian random vectors with prior means g, and
A and prior covariance matrices Cy and Ca. We relate the prior covariance matrices

to prior assumptions about the spatial statistics of mg and Am by specifying them
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via the same model for the prior precision matrix described in previous chapters:
Ci=ND+eD))™ =04, (6.3)

where D is a differencing matrix and \; and ¢; are parameters governing the prior
variance and correlation length of spatial variations (cf. Chapter 5). We arrive at a
probabilistic model for the data by modeling ny and n; as zero-mean Gaussian noise
(independent of the model) with covariance matrices ¥y and ¥y, respectively, where
Y; = o;1. Bayes’ rule then gives the joint posterior distribution for my and Am given

the data:
p(mo, Amldy, d1) o p(mg, Am)p(dy, di|my, Am)
1
scexp {3 [l ol + 18m =

o = Fa(ma) 82+ s — Fifamg + A1) }

(6.4)

where we have defined the notation ||x||%, & x?Wx. We note that the joint posterior

for (mgy, Am) is not Gaussian when either Fy or F} is non-linear.

In order to infer the time-lapse change Am with an unknown baseline model my,
we seek the hierarchical Bayesian mazimum a posteriori (MAP) estimate for Am.
This requires marginalization of the joint posterior distribution (6.4) over the space

of all baseline models M to obtain the marginal MAP solution:

Amyap = arg max log/ p(my, Am|dg, d; )dmy. (6.5)
Am Mo

We note that this marginal MAP approach is mathematically quite different from the
joint inversion approach: whereas the joint inversion approach would seek the pair
(mg, Am) that maximizes the joint posterior distribution (i.e. the joint MAP), the
marginal MAP approach seeks to find the single best choice for Am over all probable

choices for the baseline model my. In the special case where Fy and F) are linear,
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the posterior distribution is Gaussian, and hence the joint MAP solution found by
joint inversion of the linear problem will happen to coincide with the marginal MAP
solution of (6.5); however, this is not true for general Fyy and Fj. Furthermore, since
the posterior distribution is, in general, not Gaussian, the integral in (6.5) might not
be analytically tractable. Rather than attempting to numerically explore the high-
dimensional model space M, we turn to the expectation-maximization algorithm to

iteratively solve the marginal MAP problem.

6.3.1 The E-M Algorithm for Time-Lapse Inversion

The E-M algorithm [17, 46] solves maximum likelihood or MAP estimation problems
when a subset of the data relevant to the parameter estimation is unobserved (re-
ferred to as latent variables). In the time-lapse problem considered here, we view the
baseline model mg as the latent variables. E-M can be thought of as a coordinate
ascent algorithm for solving the marginal MAP optimization problem (6.5), whereby
alternating estimations are performed between the latent variables and the parame-
ters of interest Am. Specifically, the E-M algorithm iteratively updates our estimate

of the time-lapse model Am® according to:
Kin*+1) = arg max {l0g p(AM) + B, 14, 0, s 108 p(mo, do, di[Am)] |, (6.6)

where [E, denotes an expectation taken with respect to a probability distribution p,
which in this case is the posterior distribution of my conditioned on the previous
iterate Am®. Plugging in for probability distributions, we find the E-M algorithm

updates Am® by minimizing a cost function ¢® given by
2 2
¢(t)<Am) = [[Am — :U/AHcg1 + Ep(m0|d0,d1’A/;n(t)) [Hdl — Fi(mg + Am)”zfl - (6.7)

We can perform the above minimization using a first-order gradient-based method,

such as gradient descent or non-linear conjugate gradients [27|, where the gradient
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Vo® is given by

Vo (Am) = 205" (Am — ) s
+ QEp(momo,dl,A}nu)) [Aff(mo + Am)Zl_l(dl — Fi(mg + Am))} ’

where A;(mg + Am) is the Jacobian of F} evaluated at mg + Am.

In order to compute the expected values in (6.7) and (6.8), we would need to
utilize sampling techniques to draw samples from p(mg|dg, d;, AAm(t)). At the cost of
replacing the marginal MAP solution with the joint MAP solution, a computation-
ally cheaper option would be to approximate ¢¥(Am) by replacing the conditional
expectation of the data misfit with its value at the conditional MAP estimate of my,

so that the E-M cost function is approximated by
6(Am) ~ [ Am = palf s+ [|di = F ( im0yt AM) [ (6.9)
m)=~ m = pallc;t 1 1 \IMoMAP|Am® do,dy m e .

and its gradient is

Vo (Am) ~ 205 (Am — p )
+ QAip(mOMAPmAm(t),do,dl + Am)>XT(dy — Fi(moypp|Am® dg,a, T Am)),
(6.10)

where

MO MAP|Am(®),do,d, — &' MiN [mg — Ho”é{;l + [|do — FO(mO)H;al
mo (6.11)

+ [|dy — Fi(mg + AAm(t))H;;l-

To summarize, our implementation of the E-M algorithm for the time-lapse inversion

problem is as follows:
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Algorithm 6.1 E-M Algorithm for Time-Lapse Inversion

Initialize Am©. Set t = 0. Iterate on t:

L. Estimate E, g jdo,dy, amo)lldi — Fi(mg + Am)||221,1], the expected value of the
data misfit in (6.7), and its gradient in (6.8) by either:
a. Sampling the baseline model from p (mo\do, d,, AArn(t)), or
b. Minimizing (6.11) to obtain the MAP estimate of the baseline model
and using the approximations of (6.9) and (6.10).
2. Update Am®) = arg min,,, ¢ (Am).

6.4 Numerical Results

We demonstrate our results numerically on a simple example involving the Marmousi
model. As a test case, we consider the seismic imaging problem, where the model
parameters (mg, Am) are reflectivity (with the smooth part of the velocity model
known), and a localized time-lapse change in the model is introduced; the true baseline
model and time-lapse changes are shown in Figure 6-1. We take Fy and Fj to be
the Kirchhoff modeling operators for the source-receiver geometries in dg and dj,
respectively. (We note that since this example is for a linear problem, the joint
and marginal MAP solutions coincide.) The synthetic datasets are inverse crime
data (plus noise) generated from an array of surface receivers responding to a single
20 Hz Ricker source at the surface, where the horizontal position of the source is
significantly shifted from x,, = 3.4 km in the baseline survey to z;, = 7.2 km in the
monitor survey.

Figure 6-2 shows the results of the conventional inversion for the time-lapse change
found by separately inverting the two datasets and subtracting the inverted models.
Figure 6-3 shows the marginal MAP estimate for the time-lapse change and the
expected baseline model obtained after 20 iterations of the E-M algorithm. In order
to remove the effects of the additive noise and better capture true change in the model,
we thresholded the estimates of the time-lapse changes above the noise level. Since

the source locations between the two surveys are so far apart, the surveys illuminate
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Figure 6-1: (A) True baseline reflectivity model and (B) time-lapse change.
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Inverted Baseline Model from d0
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Figure 6-2: Conventional inversion results for the baseline model and time-lapse
change. (A,B) dy and d; are inverted separately to estimate my and my + Am.
(C) The time-lapse change is estimated by subtracting the inversion results and (D)
thresholded to remove the effects of noise.
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Figure 6-3: Inversion results obtained with our hierarchical Bayesian framework.
(A) The marginal MAP solution Am® after 20 E-M iterations which is then (B)
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different (but overlapping) sections of the model domain (as seen in Figure 6-2(A,B)).
This results in sections of the baseline model appearing in the time-lapse estimate
obtained from model subtraction, as is evident from both Figures 6-2(C) and 6-2(D).
In contrast, even prior to thresholding, we see that the structure of the baseline model
does not appear in the marginal MAP estimate obtained from the E-M algorithm in
Figure 6-3(A) (indeed the noise is truly just noise), and, after thresholding (Figure
6-3(B)), the time-lapse change has been completely isolated from the background.
The E-M algorithm also gives the expected baseline model (Figure 6-3(C)), where we

see far better illumination since both datasets are used to compute this model.

6.5 Conclusions

In this chapter, we applied the hierarchical Bayesian framework to the problem of es-
timating the change in subsurface model parameters from time-lapse seismic datasets
with differing acquisition geometries. In particular, our gradient-based implementa-
tion of the expectation-maximization algorithm solved the marginal MAP problem
for the time-lapse change model by performing subsequent updates to the time-lapse
change and baseline models. As verified by our numerical results, the marginal MAP
estimate for the time-lapse change did not contain structure from the baseline model,
and, also important, the estimated baseline model is constrained by both datasets.
While we provided a numerical example for the time-lapse seismic imaging of reflec-
tivity, the framework and algorithm detailed in this chapter are general and can be
applied to other time-lapse inverse problems, without any requirement on the linearity
of the forward operators Fy and Fj. Although our method is computationally inten-
sive (each iteration of the E-M algorithm requires solving two inverse problems), we
find that the algorithm performs well with relatively few iterations; hence, it should
be feasible to run this algorithm if the cost of a single inversion is reasonable. A
straight-forward extension of this work would be to the case of inferring a series of
time-lapse changes in the model from multiple monitor datasets (rather than just

one).
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Chapter 7

Conclusions

In this thesis, we explored the application of Bayesian inference methods to different
geophysical inverse problems involving seismic data. Of particular focus was the
question of how to appropriately introduce regularization in an inverse problem where
the smoothness properties of the underlying earth model may vary with space. This
question can be equivalently posed as how to pick an appropriate prior distribution
in the Bayesian inference setting. To address this question, we defined the prior
distribution on the model via a Markov random field and parameterized the edges
of the MRF with edge strengths that capture the local smoothness properties of
the prior. We explored the utility of this representation through its application to
different geophysical inverse problems. Below, we summarize the main contributions

and conclusions of these studies.

7.1 Summary of Main Contributions

Chapter 3 serves as our first study into the application of Bayesian inference and
probabilistic graphical models to a geophysical inverse problem. Here we apply a
non-hierarchical Bayesian inference framework (where the edge strengths of the MRF
were predetermined) to the problem of characterizing the fractured nature of a reser-
voir from seismic data. The Bayesian setting allows for combining scattering data

and amplitude measures that contain information about anisotropy under a single
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inversion framework, thereby allowing for the inversion of fracture properties under
a larger physical regime than would be attainable using only one of these data types.
We further show the capability of the edge strengths to both enforce smoothness
in the estimates of the fracture properties and capture a priori information about
geological features in the model, such as a discontinuity arising from a fault whose

location is known.

In Chapter 4, we address the question of how to optimize the edge strengths of
the MRF in the context of the seismic imaging problem, where the seismic image,
consisting of sharp coherent reflectors, naturally tends to exhibit spatially-varying
smoothness properties. We formulate the seismic imaging problem within the hier-
archical Bayesian framework, treating the edge strengths as random variables to be
inferred from the data. The problem of inferring these edge strengths presents sig-
nificant computational challenges: the cost of evaluating the posterior distribution
seemed initially to create a computational bottleneck that prevented our approach
from being scalable to large models. The use of the expectation-maximization (E-M)
algorithm along with the approximate methods detailed in Chapter 4 was a break-
through in this regard, allowing the scalability of our method to more realistic-sized
models. We obtain the marginal MAP estimate of the edge strengths via the E-
M algorithm, thereby resulting in a prior distribution on the model that correctly
captures its spatial smoothness properties. This allows for mitigating the effects of
limited acquisition and observational noise in the estimated image while still preserv-

ing sharpness at the reflectors.

Chapter 5 extends the work of Chapter 4 by providing a methodology for choosing
the remaining parameters (other than the edge strengths) that define the prior distri-
bution for the model. Here, we first derive the relationship between these parameters
and the prior model covariance and then extend the hierarchical Bayesian framework
of Chapter 4 to include these additional parameters. Our derivation provides insight
into these parameters and may provide guidance in selecting them in the future. We
note that while the work of Chapters 4-5 is presented within the context of the seis-
mic imaging problem, the methodology developed in these chapters can be applied
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to other linear inverse problems where the model parameters exhibit spatially (or
temporally) varying smoothness properties.

In Chapter 6, we explore the application of the hierarchical Bayesian framework to
the problem of time-lapse seismic inversion, where the objective is to infer the change
in the subsurface model parameters over time by taking repeated seismic surveys. We
consider the case where the surveys are taken with different acquisition geometries
causing conventional methods for time-lapse inversion to perform poorly. We develop
a novel and computationally tractable approach to the time-lapse inversion problem
by applying the E-M algorithm to obtain the marginal MAP estimate of the time-lapse
change in the model parameters. In contrast to the results obtained by conventional
methods, the marginal MAP estimate for the time-lapse change does not contain
structure from the background model, and, furthermore, the background model we

estimate is based on information in both the baseline and monitor surveys.

7.2 Directions for Future Work

Here we suggest some avenues for future work stemming from the research presented

in this thesis.

Alternative Parameterizations

One direction for future work is to explore alternative ways to parameterize the prior
on the model within the hierarchical Bayesian setting. While we have shown through
various examples that our choice of parameterization using edge strengths is able to
capture the spatially-varying smoothness properties of the model, this choice is by no
means unique, and it may be possible to improve on our results via alternative param-
eterizations of the prior. Additionally, throughout this thesis the number of model
parameters has been a fixed input to the inference procedure, however the choice of
how to discretize the earth model (i.e. what size of grid cells should be used) is non-
trivial. In our case, the grid cell size was chosen relative to the seismic wavelength in

the medium (as this determines the scale of the heterogeneities that scatter the seismic
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wavefield), however it is possible to optimize this via Bayesian model selection (some-
times referred to as transdimensional Bayesian inference). Transdimensional Bayesian
methods have been previously applied to geophysical inverse problems [9, 43, 44].
A promising approach developed by Bodin [6] utilizes a transdimensional Bayesian
method using Voronoi cells with mobile geometry, shape, and number to parameterize
the model. Extending our methodology to incorporate these generalizations is hence
another fruitful direction for future research. Finally, a gridded model parameteriza-
tion may not be the most optimal for the seismic imaging problem. Considering the
shape of the reflectors commonly encountered in seismic imaging, one may wish to
instead parameterize the model using basis functions defined by the reflectors rather
than individual grid cells. Here again, Bayesian model selection could be utilized to

infer the number of reflectors in addition to the parameters defining each reflector.

Generalization to Non-linear Problems

The methodology presented in Chapters 4-5 for estimating the edge strengths from
the data was formulated in the context of the linear inverse problem of seismic imaging
when the background velocity model is known. In cases where the velocity model is
not given, it must first be estimated from the seismic data, where the problem of
estimating these propagation velocities (along with a density model) from the full
seismic waveforms is referred to as full-waveform inversion (FWI) [10, 76]. Typically
a smoothed version of the velocity model is obtained and then used to solve the
linear seismic imaging problem to resolve the discontinuities in the image. However,
it would be of interest to be able to apply our methodology for estimating the edge
strengths directly to the FWI problem, in hopes of better resolving discontinuities and
sharp contrasts in the velocity model (and thereby obviating the need to afterwards
solve the imaging problem). FWI, however, is a highly non-linear inverse problem,
and thus our algorithm and methodology for estimating the edge strengths is not
immediately applicable. Hence, another interesting and useful direction for future
work is extending the methodology and algorithms from Chapters 4-5 to non-linear

inverse problems.
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Time-lapse Seismic Inversion with Multiple Monitor Surveys

A straight-forward extension of the work of Chapter 6 would address the case where
one is interested in monitoring the changes in the subsurface as a function of time.
Here, in addition to a baseline seismic survey, the data would consist of multiple
monitor surveys (with possibly differing acquisition geometries) taken at regular time
intervals over a prolonged period (e.g. a seismic survey might be performed every day
over the course of one year). Standard approaches from Bayesian inference for time-
series analysis, such as hidden Markov models, can be used to extend the hierarchical

Bayesian methodology of Chapter 6 to the multiple survey case.

Dynamic Survey Design and Optimization

In the context of the above described time-lapse seismic inversion problem with mul-
tiple surveys, since the seismic surveys are repeatedly taken over time, the question
arises of how best to design the next survey (i.e. which acquisition geometry should
be used). In particular, if the goal is to monitor and track changes in the subsurface,
the survey designer may wish to optimize the subsequent survey geometry to best
infer the time-evolving change in the subsurface. This dynamic optimization problem

provides a further useful extension of the work of Chapter 6.

7.3 Final Remarks

The research presented in this thesis is among a small, but growing number of stud-
ies exploring hierarchical Bayesian approaches in geophysics |7, 9, 43, 44, 45]. The
results of our research are encouraging and indicate promising directions for further
application of Bayesian inference in geophysical inverse problems. We note that one
downside of Bayesian approaches is that they typically involve more computation
than standard inversion methods require. For example, at the heart of both the E-M
and variational Bayes algorithms applied to LSM (Chapters 4-5) are the alternating

updates between the image and edge strengths, where each image update step is es-
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sentially a standard LSM inversion. While our research has explored ways to exploit
multiple LSM runs to solve a Bayesian inference problem, in industry scale applica-
tions even a single least-squares migration is often considered to be too expensive for
practical use [16]. Nevertheless, despite the increased cost, the improvements made
to standard inversion methods by hierarchical Bayesian approaches are significant,
as we have demonstrated in this thesis. Hence this area remains a fruitful area for

future research and application.
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Appendix A

Derivation of the Thomsen anisotropy
parameters from excess fracture

compliance

Here we derive the Thomsen anisotropy parameters for modeling the P-P reflection
coefficient in Chapter 3. We use the linear slip model of Schoenberg and Sayers [66]
to express the Thomsen anisotropy parameters of the fractured medium in terms of
the excess fracture compliance of the medium. The anisotropy parameters can be

expressed in terms of the stiffness tensor of the medium C as [60]:

5V) = (Cy3 + 055)2 — (Cs3 — 055)2

, Al
2053 (C33 — Cs5) (A1)
Cy1—C
) 11 33 A9
Cee — C
) 66 44 A

We can relate the fracture properties of the medium to the stiffness tensor by com-
puting the excess compliance tensor of the fractures Sg,. (which is the contribution
of the fractures to the overall medium compliance tensor). Schoenberg and Sayers
[66] show that, under the simplifying assumption that the behavior of the fracture

system is invariant with respect to rotation about the axis normal to the fractures,
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the excess compliance tensor of the fractures is given by

Zy 000 0 0 O
0 000 0 O
0O 000 0 O
Strac = (A.4)
0 000 0 O
0 000 Zr O
0 000 0 Zr

where Zn and Zp are the excess normal and tangential compliances of the fracture
system, respectively. In our analysis, we assumed that the excess normal and tangen-
tial compliances of the fracture system are equal. Thus at grid node (7, j), we have
Zn = Zr = 10%i. Keeping with our convention of treating zero excess compliance
as 1071 Pa™' if z;; = —13 then we set Zy = Zy = 0 (corresponding to the case of
no fractures at node (4, j)). Schoenberg and Sayers [66] further show that the overall
medium compliance tensor Si,; can be expressed as the sum of the fracture excess

compliance tensor Sg.,.. and the background compliance tensor Sy.cx, so that
Stot = Sback + Sfrac- (A5>

The background compliance tensor is the inverse of background stiffness tensor Cy e,

which for an isotropic, homogeneous medium is given by [72]:

A2 A A 00 0]
A A+2 A 000
Sihy = O = | A AT 000 (A.6)
0 0 0 100
0 0 0 0 pu o0
0 0 0 00 |
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where 1 = pf% and A = pa? — 2 are Lamé’s parameters. The overall stiffness tensor

of the medium C is then found as the inverse of the overall compliance tensor [66]:

My(1—dy) Ml—dy)  Ml—dy) 0 0 0
)\(1 —dN) Mb(l —’l“ng) )\(1 —’l“bdN) 0 0 0
_1 )\(1 —dN) )\(1 —’l“bdN) Mb(l —’l“ng) 0 0 0
C=5=
0 0 0 1 0 0
0 0 0 0 u(l—dr) 0
0 0 0 0 0 u(1— dr)
(A7)
where
A Zrp ZNM,
M, = 2 = — < = 1 < = 1.
b A+ n, Ty Mb, O_dT 1—|—ZT,[L< , O_dN 1—|—ZNMb<

Combining all of the above gives the anisotropy parameters of the fractured
medium at node (4,7), which we denote by (52;),72;),62;), in terms of the excess
fracture compliance. Using (A.7) in (A.1), (A.2), (A.3), and (3.11) gives the forward
model for the P-P reflection coefficient as a function of the fracture parameters at

node (1, 7).

187




188



Bibliography

[1] A. Ali and M. Jakobsen. Seismic characterization of reservoirs with multiple
fracture sets using velocity and attenuation anisotropy data. Journal of Applied
Geophysics, 75(3):590 — 602, 2011. ISSN 0926-9851. doi: 10.1016/j.jappgeo.
2011.09.003. URL http://www.sciencedirect.com/science/article/pii/
S0926985111001959.

[2] G. Ayeni and B. Biondi. Target-oriented joint least-squares migration/inversion
of time-lapse seismic data sets. Geophysics, 75(3):R61-R73, 2010.

[3] M. J. Beal. Variational Algorithms for Approximate Bayesian Inference. PhD
thesis, Gatsby Computational Neuroscience Unit, University College London,
2003.

[4] C. M. Bishop. Pattern Recognition and Machine Learning (Information Science
and Statistics). Springer-Verlag New York, Inc., Secaucus, NJ, USA, 2006. ISBN
0387310738.

[5] N. Bleistein. Mathematical methods for wave phenomena. Computer science
and applied mathematics. Academic Press, 1984. ISBN 9780121056506. URL
http://books.google.com/books?id=mmnvAAAAMAAJ.

[6] T. Bodin. Transdimensional Approaches to Geophysical Inverse Problems. PhD
thesis, The Australian National University, 2010.

[7] T. Bodin, M. Sambridge, N. Rawlinson, and P. Arroucau. Transdimensional
tomography with unknown data noise. Geophysical Journal International, 189
(3):1536-1556, 2012. ISSN 1365-246X. doi: 10.1111/j.1365-246X.2012.05414.x.
URL http://dx.doi.org/10.1111/j.1365-246X.2012.05414.x.

[8] A. Buland and Y. El Ouair. Bayesian time-lapse inversion. Geophysics, 71(3):
R43-R48, 2006.

[9] A. Buland and H. Omre. Joint AVO inversion, wavelet estimation and noise-level
estimation using a spatially coupled hierarchical Bayesian model. Geophysical
Prospecting, 51(6):531-550, 2003. ISSN 1365-2478. doi: 10.1046/j.1365-2478.
2003.00390.x. URL http://dx.doi.org/10.1046/j.1365-2478.2003.00390.
X.

189



[10]

[11]

[12]

[13]

[14]

[15]

[16]

17]

18]

[19]

20]

[21]

C. Bunks, F. Saleck, S. Zaleski, and G. Chavent. Multiscale seismic waveform
inversion. Geophysics, 60(5):1457-1473, 1995. doi: 10.1190,/1.1443880. URL
http://dx.doi.org/10.1190/1.1443880.

J. Claerbout. Farth Soundings Analysis: Processing Versus Inversion. Stanford
Exploration project. Blackwell Scientific Publ., 1992. ISBN 9780865422100. URL
http://books.google.com/books?id=ws1qQgAACAAJ.

M. Clapp. Imaging under salt: illumination compensation by regularized inver-
sion. PhD thesis, Stanford University, July 2005.

P. Clifford. Markov random fields in statistics. In G. Grimmett and D. Welsh,
editors, Disorder in Physical Systems: A Volume in Honour of John M. Ham-
mersley, pages 19-32. Oxford University Press, 1990.

R. Coates and M. Schoenberg. Finite-difference modeling of faults and frac-
tures.  Geophysics, 60(5):1514-1526, 1995. doi: 10.1190/1.1443884. URL
http://library.seg.org/doi/abs/10.1190/1.1443884.

R. S. Crosson. Crustal structure modeling of earthquake data: 1. Simultane-
ous least squares estimation of hypocenter and velocity parameters. Journal of
Geophysical Research, 81(17):3036-3046, 1976. ISSN 2156-2202. doi: 10.1029/
JB081i017p03036. URL http://dx.doi.org/10.1029/JB081i017p03036.

W. Dai. Multisource Least-squares Migration and Prism Wave Reverse Time
Migration. PhD thesis, University of Utah, December 2012.

A. P. Dempster, N. M. Laird, and D. B. Rubin. Maximum Likelihood from
Incomplete Data via the EM Algorithm. Journal of the Royal Statistical Society.
Series B (Methodological), 39(1):1-38, 1977. ISSN 00359246. doi: 10.2307/
2984875.

N. Dubos-Sallée and P. Rasolofosaon. Evaluation of fracture parameters and
fluid content from seismic and well data. In SEG Technical Program FEx-
panded Abstracts, pages 1511-1515, 2008. doi: 10.1190/1.3059201. URL
http://library.seg.org/doi/abs/10.1190/1.3059201.

B. Duquet, K. J. Marfurt, and J. A. Dellinger. Kirchhoff modeling, inversion
for reflectivity, and subsurface illumination. Geophysics, 65(4):1195-1209, 2000.
doi: 10.1190/1.1444812. URL http://link.aip.org/link/?GPY/65/1195/1.

J. Eidsvik, P. Avseth, H. Omre, T. Mukerji, and G. Mavko. Stochastic reservoir
characterization using prestack seismic data. Geophysics, 69(4):978-993, 2004.

X. Fang, M. Fehler, Z. Zhu, Y. Zheng, and D. Burns. Reservoir fracture charac-
terizations from seismic scattered waves. In SEG Technical Program FExpanded
Abstracts 2012, volume 31, pages 1-6, 2012. doi: 10.1190/segam2012-0813.1.
URL http://library.seg.org/doi/abs/10.1190/segam2012-0813. 1.

190



22]

23]

24]

[25]

26]

27]

28

29]

30]

31

32]

[33]

X. Fang, M. C. Fehler, Z. Zhu, Y. Zheng, and D. R. Burns. Reservoir frac-
ture characterization from seismic scattered waves. Geophysical Journal Inter-
national, 196(1):481-492, 2014. doi: 10.1093/gji/ggt381. URL http://gji.
oxfordjournals.org/content/196/1/481.abstract.

J. Gaiser and R. Van Dok. Green river basin 3-D/3-C case study for fracture
characterization: Analysis of PS-wave birefringence. In SEG Techincal Program
Expanded Abstracts, volume 20, pages 764-767, 2001.

A. Gelman, J. B. Carlin, H. S. Stern, D. B. Dunson, A. Vehtari, and D. B. Rubin.
Bayesian Data Analysis. Chapman & Hall/CRC Texts in Statistical Science.
CRC Press, Boca Raton, FL, USA, third edition, 2013. ISBN 9781439840955.

S. Geoltrain and J. Brac. Can we image complex structures with first-arrival
traveltime?  Geophysics, 58(4):564-575, 1993. doi: 10.1190/1.1443439. URL
http://geophysics.geoscienceworld.org/content/58/4/564.abstract.

H. Gjoeystdal and B. Ursin. Inversion of reflection times in three dimen-
sions. Geophysics, 46(7):972-973, 1981. doi: 10.1190/1.1441246. URL http:
//geophysics.geoscienceworld.org/content/46/7/972.abstract.

W. W. Hager and H. Zhang. A survey of nonlinear conjugate gradient methods.
Pacific journal of Optimization, 2(1):35-58, 2006.

J. Hammersley and P. Clifford. Markov fields on finite graphs and lattices.
Unpublished manuscript, 1971.

C. Hanitzsch, J. Schleicher, and P. Hubral. True-amplitude migration of 2D
synthetic data. Geophysical Prospecting, 42(5):445-462, 1994. ISSN 1365-2478.
doi: 10.1111/j.1365-2478.1994.tb00220.x. URL http://dx.doi.org/10.1111/
j.1365-2478.1994.tb00220.x.

T. Hong and M. Sen. Joint Bayesian inversion for reservoir characterization
and uncertainty quantification. SEG Technical Program Fxpanded Abstracts, 27:
1481-1485, 2008.

J. A. Hudson and J. R. Heritage. The use of the born approximation in seismic
scattering problems. Geophysical Journal of the Royal Astronomical Society, 66
(1):221-240, 1981. ISSN 1365-246X. doi: 10.1111/j.1365-246X.1981.th05954.x.
URL http://dx.doi.org/10.1111/j.1365-246X.1981.tb05954 . x.

M. Hutchinson. A stochastic estimator of the trace of the influence matrix for
laplacian smoothing splines. Communications in Statistics - Simulation and
Computation, 19(2):433-450, 1990. doi: 10.1080/03610919008812866. URL
http://dx.doi.org/10.1080/03610919008812866.

J. R. Inman. Resistivity inversion with ridge regression. Geophysics, 40
(5):798-817, 1975. doi: 10.1190/1.1440569. URL http://geophysics.
geoscienceworld.org/content/40/5/798.abstract.

191



[34]

[35]

[36]

37]

38

[39]

|40]

[41]

[42]

[43]

|44]

|45]

D. L. B. Jupp and K. Vozoff. Stable iterative methods for the inversion of
geophysical data. Geophysical Journal of the Royal Astronomical Society, 42(3):
957-976, 1975. ISSN 1365-246X. doi: 10.1111/j.1365-246X.1975.tb06461.x. URL
http://dx.doi.org/10.1111/j.1365-246X.1975.tb06461.x.

D. Koller and N. Friedman. Probabilistic Graphical Models: Principles and Tech-
niques. MIT Press, 2009.

H. Kiihl and M. D. Sacchi. Least-squares wave-equation migration for AVP /AVA
inversion. Geophysics, 68(1):262-273, 2003. doi: 10.1190/1.1543212. URL http:
//geophysics.geoscienceworld.org/content/68/1/262.abstract.

G. Lambare, J. Virieux, R. Madariaga, and S. Jin. Iterative asymptotic inversion
in the acoustic approximation. Geophysics, 57(9):1138-1154, 1992. doi: 10.1190/
1.1443328. URL http://geophysics.geoscienceworld.org/content/57/9/
1138.abstract.

B. Last and K. Kubik. Compact gravity inversion. Geophysics, 48(6):713-721,
1983. doi: 10.1190/1.1441501. URL http://dx.doi.org/10.1190/1.1441501.

R. LeBras and R. W. Clayton. An iterative inversion of back-scattered acoustic
waves. Geophysics, 53(4):501-508, 1988. doi: 10.1190/1.1442481. URL http:
//geophysics.geoscienceworld.org/content/53/4/501.abstract.

Y. Li and D. W. Oldenburg. 3-D inversion of gravity data. Geophysics,
63(1):109-119, 1998. doi: 10.1190/1.1444302. URL http://geophysics.
geoscienceworld.org/content/63/1/109.abstract.

E. Liu and A. Martinez. Seismic Fracture Characterization: Concepts and Prac-
tical Applications. EAGE Publications bv, 2013. ISBN 978-90-73834-40-8.

H. Lynn, S. R. Narhari, S. Al-Ashwak, V. Kidambi, B. Al-Qadeeri, and O. Al-
Khaled. PP azimuthal-amplitudes and -acoustic impedance for fractured carbon-
ate reservoir characterization. In SEG Technical Program Ezpanded Abstracts,
volume 29, pages 258-262, 2009.

A. Malinverno. A Bayesian criterion for simplicity in inverse problem
parametrization. Geophysical Journal International, 140(2):267-285, 2000. ISSN
1365-246X. doi: 10.1046/j.1365-246x.2000.00008.x. URL http://dx.doi.org/
10.1046/j.1365-246x.2000.00008.x.

A. Malinverno. Parsimonious Bayesian Markov chain Monte Carlo inversion
in a nonlinear geophysical problem. Geophysical Journal International, 151(3):
675-688, 2002. ISSN 1365-246X. doi: 10.1046/j.1365-246X.2002.01847.x. URL
http://dx.doi.org/10.1046/j.1365-246X.2002.01847 .x.

A. Malinverno and V. A. Briggs. Expanded uncertainty quantification in in-
verse problems: Hierarchical Bayes and empirical Bayes. Geophysics, 69(4):

192



|46]

[47]

48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

1005-1016, 2004. doi: 10.1190/1.1778243. URL http://link.aip.org/link/
?GPY/69/1005/1.

G. J. McLachlan and T. Krishnan. The EM algorithm and extensions. Wi-
ley series in probability and statistics. Wiley, Hoboken, NJ, 2nd edition, 2008.
ISBN 978-0-471-20170-0. URL http://gso.gbv.de/DB=2.1/CMD7ACT=SRCHA\
&SRT=YOP\&IKT=1016\&TRM=ppn+52983362X\&sourceid=fbw\_bibsonomy.

M. Metwaly, E. Elawadi, S. Moustafa, and N. Al-Arifi. Combined inversion
of electrical resistivity and transient electromagnetic soundings for mapping
groundwater contamination plumes in Al Quwy’yia area, Saudi Arabia. Journal
of Environmental and Engineering Geophysics, 19(1):45-52, 2014. doi: 10.2113/
JEEG19.1.45. URL http://library.seg.org/doi/abs/10.2113/JEEG19.1.
45.

K. Murphy, Y. Weiss, and M. Jordan. Loopy belief propagation for approxi-
mate inference: an empirical study. In Proceedings of Uncertainty in Artificial
Intelligence, pages 467-475, 1999.

T. Nemeth, C. Wu, and G. T. Schuster. Least-squares migration of incomplete
reflection data. Geophysics, 64(1):208-221, 1999. doi: 10.1190/1.1444517. URL
http://link.aip.org/link/?GPY/64/208/1.

A. Neumaier. Solving ill-conditioned and singular linear systems: A tutorial on
regularization. SIAM Review, 40:636—666, 1998.

G. Neumann. Determination of lateral inhomogeneities in reflection seismics
by inversion of traveltime residuals. Geophysical Prospecting, 29(2):161-177,
1981. ISSN 1365-2478. doi: 10.1111/j.1365-2478.1981.tb00399.x. URL http:
//dx.doi.org/10.1111/3j.1365-2478.1981.tb00399.x.

D. Oldenburg. The inversion and interpretation of gravity anomalies. Geophysics,
39(4):526-536, 1974. doi: 10.1190/1.1440444. URL http://dx.doi.org/10.
1190/1.1440444.

F. Orieux, O. Feron, and J. F. Giovannelli. Sampling high-dimensional Gaussian
distributions for general linear inverse problems. Signal Processing Letters, IEEFE,
19(5):251-254, May 2012. ISSN 1070-9908. doi: 10.1109/LSP.2012.2189104.

M. Oristaglio and M. Worthington. Inversion of surface and borehole elec-
tromagnetic data for two-dimensional electrical conductivity models*. Geo-
physical Prospecting, 28(4):633-657, 1980. ISSN 1365-2478. doi: 10.1111/j.
1365-2478.1980.tb01248.x. URL http://dx.doi.org/10.1111/j.1365-2478.
1980.tb01248.x.

J. Pearl. Reverend Bayes on inference engines: A distributed hierarchical ap-
proach. In Proceedings of the Second National Conference on Artificial Intelli-
gence, pages 133-136, Menlo Park, California, 1982. AAAI, AAAI Press.

193



[56]

[57]

[58]

[59]

[60]

61

62]

[63]

|64]

[65]

|66]

67]

68

J. Pearl. Probabilistic reasoning in intelligent systems: networks of plausible
inference. Morgan Kaufmann Publishers Inc., San Francisco, California, 1988.

R.-E. Plessix and W. A. Mulder. Resistivity imaging with controlled-source
electromagnetic data: depth and data weighting. Inverse Problems, 24(3):034012,
2008. URL http://stacks.iop.org/0266-5611/24/i=3/a=034012.

[. PSenc¢ik and J. Martins. Properties of weak contrast pp reflection /transmission
coefficients for weakly anisotropic elastic media. Studia Geophysica et Geodaetica,
45(2):176-199, 2001. ISSN 0039-3169. doi: 10.1023/A:1021868328668. URL
http://dx.doi.org/10.1023/A%3A1021868328668.

W. L. Rodi and S. C. Myers. Computation of traveltime covariances based on
stochastic models of velocity heterogeneity. Geophysical Journal International,
194(3):1582-1595, 2013.

A. Riiger. Variation of P-wave reflectivity with offset and azimuth in anisotropic

media. Geophysics, 63(3):935-947, 1998.

A. Riiger. Reflection coefficients and azimuthal AVO analysis in anisotropic
media. Society of Exploration Geophysicists, 2002. ISBN 78-1-56080-107-8.

C. Sayers. Seismic characterization of reservoirs containing multiple frac-
ture sets. Geophysical Prospecting, 57(2):187-192, 2009. ISSN 0016-8025.
doi: 10.1111/j.1365-2478.2008.00766.x. URL http://dx.doi.org/10.1111/j.
1365-2478.2008.00766. x.

C. Sayers and J. Rickett. Azimuthal variation in AVO response for fractured gas
sands. Geophysical Prospecting, 45:165-182, 1997.

C. M. Sayers, A. D. Taleghani, and J. Adachi. The effect of mineralization on the
ratio of normal to tangential compliance of fractures. Geophysical Prospecting,
57(3):439-446, 2009. ISSN 1365-2478. doi: 10.1111/j.1365-2478.2008.00746.x.
URL http://dx.doi.org/10.1111/7.1365-2478.2008.00746.x.

M. Schoenberg and J. Douma. Elastic wave propagation in media with parallel
fractures and aligned cracks. Geophysical Prospecting, 36:571-590, 1988.

M. Schoenberg and C. Sayers. Seismic anisotropy of fractured rock. Geophysics,
60(1):204-211, 1995.

S. Sil and S. Srinivasan. Stochastic simulation of fracture strikes using seis-
mic anisotropy induced velocity anomalies. Exploration Geophysics, 40:257-264,
20009.

D. Simpson, F. Lindgren, and H. Rue. In order to make spatial statistics com-
putationally feasible, we need to forget about the covariance function. FEnuvi-
ronmetrics, 23(1):65-74, February 2012. doi: 10.1002/env.1137. URL http:
//opus.bath.ac.uk/32282/.

194



[69]

[70]

71]
72|

73]

[74]

[75]

[76]

7]

78]

[79]

[80]

81

R. Snieder and J. Trampert. Inverse problems in geophysics. In A. Wirgin,
editor, Wavefield inversion, pages 119-190. Springer Verlag, New York, 1999.

A. Tarantola. Inverse Problem Theory and Methods for Model Parameter Es-
timation. Society for Industrial and Applied Mathematics, Philadelphia, PA,
USA, 2004. ISBN 0898715725.

L. Thomsen. Weak elastic anisotropy. Geophysics, 51(10):1954-1966, 1986.

[. Tsvankin. Seismic signatures and analysis of reflection data in anisotropic
media, volume 29 of Handbook of Geophysical Exploration. Seismic Ezxploration.
Elsevier, Amsterdam, 2001.

B. Ursin and G. U. Haugen. Weak-contrast approximation of the elastic scat-
tering matrix in anisotropic media. pure and applied geophysics, 148(3-4):
685-714, 1996. ISSN 0033-4553. doi: 10.1007/BF00874584. URL http:
//dx.doi.org/10.1007/BF00874584.

J. P. Verdon and A. Wiistefeld. Measurement of the normal/tangential frac-
ture compliance ratio (Zy/Zr) during hydraulic fracture stimulation using s-
wave splitting data. Geophysical Prospecting, 61:461-475, 2013. ISSN 1365-2478.
doi: 10.1111/j.1365-2478.2012.01132.x. URL http://dx.doi.org/10.1111/j.
1365-2478.2012.01132.x.

J. L. Vigneresse. Linear inverse problem in gravity profile interpretations. Journal
of Geophysics, 43:193-213, 1977.

J. Virieux and S. Operto. An overview of full-waveform inversion in exploration
geophysics.  Geophysics, 74(6):WCC1-WCC26, 2009. doi: 10.1190/1.3238367.
URL http://dx.doi.org/10.1190/1.3238367.

C. R. Vogel. Computational Methods for Inverse Problems. Society for Industrial
and Applied Mathematics, Philadelphia, PA, USA, 2002. ISBN 0898715075.

M. Willis, D. Burns, R. Rao, B. Minsley, M. Toksoz, and L. Vetri. Spatial
orientation and distribution of reservoir fractures from scattered seismic energy.
Geophysics, 71(5):043-051, 2006.

J. Zhang and M. N. Toksoz. Nonlinear refraction traveltime tomography. Geo-
physics, 63(5):1726-1737, 1998. doi: 10.1190/1.1444468. URL http://dx.doi.
org/10.1190/1.1444468.

J. Zhang, U. S. ten Brink, and M. N. Toks6z. Nonlinear refraction and reflection
travel time tomography. Journal of Geophysical Research: Solid Earth, 103(B12):
29743-29757, 1998. ISSN 2156-2202. doi: 10.1029/98JB01981. URL http:
//dx.doi.org/10.1029/98JB01981.

Z. Zhang and L. Huang. Double-difference elastic-waveform inversion with prior
information for time-lapse monitoring. Geophysics, 78(6):R259-R273, 2013.

195



[82] Y. Zheng, X. Fang, M. C. Fehler, and D. R. Burns. Seismic characteriza-
tion of fractured reservoirs by focusing Gaussian beams. Geophysics, 78(4):
A23-A28, 2013. doi: 10.1190/ge02012-0512.1. URL http://geophysics.
geoscienceworld.org/content/78/4/A23.abstract.

[83] X. Zhu, P. Valasek, B. Roy, S. Shaw, J. Howell, S. Whitney, N. D. Whitmore,
and P. Anno. Recent applications of turning-ray tomography. Geophysics, 73
(5):VE243-VE254, 2008. doi: 10.1190/1.2957894. URL http://geophysics.
geoscienceworld.org/content/73/5/VE243.abstract.

196



