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ABSTRACT

The seismic method often has di culties recovering the geometry of the base salt
with steep anks and diapiric roots because of the complex shape of salt and high
impedance contrast across the salt boundary. This problem may lead to incorrect
subsalt imaging and inaccurate interpretation of subsalt geological structures. Also,
both acquisition and processing of 3D seismic data are expensive and time consuming.
Gravity data can often help to construct the base salt. Previous researchers have
developed practical methods for inverting gravity data to construct the base of salt.
With the increased application of such methods, it is important to understand the
factors that in uence the nal inversion result and its value for subsalt imaging. |
address this issue from a practical viewpoint by examining the in uence of errors in
a set of assumed parameters commonly used in gravity inversions.

To achieve this goal, I rst develop an algorithm for inverting gravity data to
construct the base of salt. The inversion algorithm is based on Tikhonov regulariza-
tion, in which an explicit model objective function is incorporated to ensure a nal
model consistent with all available information. The model parameter in the inver-
sion is the surface de ning the base of salt; | represent it by the logarithm of the salt
thickness by assuming that the top salt is known.

In most inversion algorithms, the top of the salt and parts of the base of salt are
assumed to be accurately imaged by seismic data. The density contrast of the salt
body is also assumed to be known. Furthermore, | assume that the gravity data have
been reduced so that any factors unrelated to the variation in base salt are removed.

In practice, however, these assumptions will invariably have errors that will in uence
v



the inversion result. The errors so produced will in turn in uence the seismic image
of subsalt features.

I use a synthetic salt model to investigate the sensitivity of the inverted base salt
to errors in the assumptions used in the gravity inversion and the resulting in uence on
subsalt imaging. | show that moderate perturbation in any of the prior information,
e.g., top salt, known base salt and density contrast, can lead to large errors in the
recovered shape of the base salt. Through tests on a 2D acoustic velocity model, the
estimated error in subsalt imaging due to the erroneously inverted base salt shows
that large error in the inverted base salt does not necessarily imply large error in
subsalt imaging. Nevertheless, with errors in the error in the various assumptions,
use of gravity inversion can improve subsalt imaging. Because the volume of gravity
data generally is much smaller than that of 3D seismic data, gravity inversion costs far
less than does the 3D seismic imaging method. By o ering additional constraints on
the base salt for seismic imaging, use of gravity inversion may speed up and improve

the imaging process.
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Chapter 1

INTRODUCTION

Subsalt exploration for oil and gas is attractive in regions such as the Gulf of
Mexico where 3D seismic prestack depth-migration can often image the base of salt
well. At times, however, it has di culties in recovering the geometry of the salt base
beneath steep anks, e.g., diapiric roots (e.g., Ratcli etal., 1992; Ratcli and Weber,
1997). The main reasons are the complexity of the seismic raypaths and the lack of
su cient seismic energy penetrating the salt because of the complex shape of salt and
high impedance contrast with surrounding sediments. This problem may lead to poor
imaging and inaccurate interpretation of subsalt geological structures. As illustrated
in Figure 1.1, for example, the shape of the base salt may determine whether or not
a potential trap exists beneath the salt. Also, Albertin et al. (1998) point out that
the misplacement of the salt boundary may lead to false images of subsalt features.
Another problem is that processing of 3D seismic data, in particular, 3D seismic
prestack depth migration, which must be carried out iteratively, is costly. Perhaps
complementary information to reduce the ambiguity in seismic images and help speed
up the iterative migration process and model building would be bene cial. Gravity

data often serve these purposes in the petroleum industry (e.g., Dejong et al., 2000).

Previous researchers have developed practical methods for inverting gravity data
to construct the base of salt (e.g., Jorgensen et al., 2001; Routh et al., 2001). With the

increased application of such methods, it is important to understand the factors that
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Figure 1.1. Motivation of gravity inversion for base salt. The dashed line delineates
the boundary of the salt, and the solid lines represent the subsalt geological features.
The region denoted by the question mark is unknown.



in uence the nal inversion result, in addition to commonly considered issues such as
data quality and details of the inversion formulation. In general, we assume that those
factors are known in formulating the algorithm, but they inevitably contain errors in
practice. When an erroneous inverted base salt is used to de ne the salt model in
subsalt imaging (e.g., Talwani and Kessinger, 1995), the accuracy and quality of the
subsalt images is degraded. In this thesis, my goal is to understand the sensitivity
of inverted base salt to errors in known factors and then how the subsalt imaging is

in uenced by the erroneously inverted base salt.

To achieve the goal, I rst develop a 3D inversion algorithm that uses the ver-
tical gravity anomaly, g,(X;y), as data and inverts for the base of salt by Tikhonov
regularization (Tikhonov and Arsenin, 1977). The model parameter to be estimated
in the inversion is the surface de ning the base of salt. | introduce a logarithmic
function to represent it. The study in this thesis is problem-dependent and | adopt a
synthetic 3D salt model to emulate a salt body in deep water. Throughout the thesis,

all the problems are tackled by working with this model.

In most inversion algorithms, the top of the salt and a part of the base of salt
are assumed to be accurately imaged by the seismic method. Also, the density of the
background sediments, and thus the density contrast of the salt body, are assumed
to be known (e.g., Routh et al., 2001). Furthermore, | assume that the gravity data
have been reduced so that any factors unrelated to variation in base salt are removed.
In practice, however, these assumptions invariably have errors that will in uence the
inversion result. Using the algorithm | developed, | investigate the in uence of the

assumed factors on the inverted base salt.

To date, little work has been done on the sensitivity of gravity inversion to these

di erent assumptions. We can, however, exploit previous work in inverse theory to



assess the uncertainties in linear inversion with respect to random data error. Wig-
gins et al. (1976) introduce an analytical approach to assess the posterior uncertainty
of the model for linear problems. For nonlinear problems, Tarantola (1987) derives
the covariance matrix and the resolution matrix for Bayesian inversion through a lin-
earized approach. Meanwhile, Menke (1984) derives the same matrices by a di erent
method. Alumbaugh and Newman(1999) apply this linearized approach to the ap-
praisal of the image uncertainty in nonlinear electromagnetic inversion. In addition,
Oldenburg and Li (1999) assess the sensitivity of the model solution to data quality.
They quantify the uncertainty using the depth of investigation index (DOI), which
is the di erence between recovered models using di erent reference models. Small
values of DOI, for example, imply lower uncertainty. To my knowledge, little work
has been done on studying the sensitivity of base salt to prior information, and no
work has been done on the in uence of errors in presumed known factors in gravity
inversion on subsalt imaging when erroneously inverted base salt is used in seismic
imaging. My approach is based on linearized approximations following the works of
Tarantola (1987), Menke (1984), and Alumbaugh and Newman (1999), and direct

evaluation by simulations.

First, to estimate the sensitivity of estimated base-salt shape and position to the
presence of random noise in gravity data, | compute estimates of standard deviation
and bias in two ways: 1) I derive a linearized approximation for the covariance matrix
and bias based on a Bayesian formalism (Tarantola, 1987); 2) in a more practical
approach to evaluate the errors directly, 1 compute the sample standard deviation
and bias through 100 realizations of inversion for the same noise level. In addition to
the in uence of random noise, | study the in uence of coherent noise associated with

geological noise, specially, inaccurate bathymetry correction. For the sensitivity to



coherent data noise and prior information, I simulate possible errors in these factors,
conducting the inversion with incorrectly speci ed bathymetry correction, presumed
known positions of the base salt, top salt and density contrast. The error in the shape
and position of base salt is directly evaluated by comparison with the best-estimated
model in the absence of these four sources of error.

I then evaluate the sensitivity of subsalt seismic imaging to erroneously inverted
base salt using a 2D acoustic velocity model through the 3D salt model. Two at
re ectors are added beneath the salt, and the distribution of velocity values with depth
follows that of the SEG/EAGE salt model. | directly evaluate the error in subsalt
imaging when using velocity models containing the shape of base salt recovered from
the error-prone inversions, comparing with the best images and the correct image.

The thesis is organized as follows: Chapter 2 develops the algorithm for gravity
inversion. | rst formulate the algorithm directly using the base of salt as the model
parameter; | then develop a modi ed algorithm that uses the logarithm of the scaled
salt thickness as the model parameter. Chapter 3 examines the sensitivity of the
inverted base salt to errors in the gravity data. Chapter 4 investigates the model
sensitivity to errors in the prior information, including the presumed known part of
base salt, top salt, and density contrast. Chapter 5 assesses the sensitivity of subsalt
seismic imaging to error in the inverted base salt. | conclude the thesis with discussion

in Chapter 6.






Chapter 2

ALGORITHM FOR GRAVITY INVERSION

In this chapter, | develop an algorithm for inverting gravity data to estimate
the shape of the base salt. The algorithm is based on the Tikhonov regularization
technique. First, I formulate the inverse problem as an optimization and solve it by
the Gauss-Newton method. Second, | introduce a logarithmic parameterization to
enforce the physical condition that the base salt must lie below the top. I illustrate

the algorithms using a synthetic example.

2.1 Formulation with linear parameterization

As shown in Figure 2.1, let dj = g,(X;;yi); 1=1; ;N be the vertical gravity
data, hy(Xx;y) and h(x;y) be respectively the shape of the top and base of the salt
body, and  (z) be the density contrast between salt and the sedimentary host. |
assume that h¢(x;y) and  (z) are known. | also assume that part of the base salt
may be known and xed during the inversion, termed as High con dence zone (HCZ).
The inverse problem is then to construct the unknown part of h(x;y) using the gravity
anomaly and above-mentioned known information. The surface representing the base

salt, h(x;y), is the unknown to be recovered.

Traditionally, the goal of inversion is to nd a model that best ts the data

subject to a set of conditions. In the least-square approach, the objective function



that measureshe data mist is given by
o= [Wa(d  Gobs)ij5: (2.1)

where d is the vector of predicted data, d,,s denotesthe obsenations, jj jj3 denotes
the squaredL, norm of a vector, and W is a diagonal data-weighting matrix, whose

elemetts are the reciprocal of estimated data standard derivations: Wq(i; i) = i

Gravity data, howeer, inevitably cortain noise,and we have only a nite number
of data measuremets from which to recover the base-saltsurface;thereforea model
exactly tting the data will over-interpret the data. In addition, inversionitself is
an under-determinedproblem. Therefore,additional constrairnts needto be incorpo-
rated into the objective function. This is achieved here by Tikhonov regularization
(Tikhonov and Arsenin, 1977),in which a weighed sum of data mist and a model

objective function is minimized.

Following Li and Oldenburg (1996), | de ne a model objective function to pe-

nalize the structural complexity of the model as

Z
m = s SZ[h(X; y) Ry e (X; y)]2 dXdy
L @heey) M syl F
z° @ )
+ y @[h(X’ y) href (X1 y)] dXdy, (22)
s @

whereS is the horizortal areaover which the unknown basesalt is to be de ned, and
s, x and  areweighting factorsthat | x asconstarts in the optimization process.
s Weights the di erence betweenthe objective model and the referencemodel, while

x and y cortrol the smoothnessof the model in the x- and y-directions. h;es



