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Abstract

Bayesian closed-skew Gaussian inversion is defined as a generalization of tradi-
tional Bayesian Gaussian inversion. Bayesian inversion is often used in seismic
inversion, and the closed-skew model is able to capture the skewness in the
variable of interest. Different stationary prior models are presented, but the
generalization comes at a cost, simulation from high-dimensional pdfs and pa-
rameter inference from data is more complicated. An efficient algorithm to gen-
erate realizations from the high-dimensional closed-skew Gaussian distribution
is presented. A full-likelihood is used for parameter estimation of stationary
prior models under exponential dependence structure. The simulation algo-
rithms and estimators are evaluated on synthetic examples. Also a closed-skew
T-distribution is presented to include heavy tails in the pdf and the model is
presented with some examples. In the last part the simulation algorithm, the
different prior models and parameter estimators are demonstrated on real data
from a well in the Sleipner st field. The full-likelihood estimator seems to be
the best estimator for data with exponential dependence structure
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Chapter 1

Introduction

The objectives of inverse problems are to get information about a parameterized
physical system from observational data, based on prior information and theoret-
ical relationships between model parameters and data. Inverse problem theory is
used in geophysics to get information about the Earth’s properties from physical
measurements at the surface. An important inverse problem is found in seismology,
where recorded seismic waves at the Earth’s surface are used to estimate subsur-
face parameters. These inverse problems are often multidimensional and strongly
affected by noise and measurement uncertainty.

One important subject is prediction of the P-wave impedance, z, in reservoirs
from seismic stacked data. The impedance is defined as the product of the P-wave
velocity, v,, and the density, p. P-wave is a longitudinal wave, which means that
the particles in the material moves parallel to the direction of the travel of the wave
energy. The inverted properties are used to get information about reservoir char-
acteristics as lithology-fluid and porosity-permeability. Knowledge about these
characteristics are important for development and production of petroleum reser-
voirs. Oil companies rely on seismic analysis before selecting sites for exploratory
oil wells. The seismic waves are generated by an explosion and geophones are used
to detect the signal. More information about seismology can be found in Sheriff
et al. (1995).

From a statistical point of view the solution of an inverse problem is represented
by a posterior probability distribution. The aim of the inversion is not only to
obtain a best solution, but also to characterize the uncertainty in the solution.
A Bayesian setting makes it possible to combine available prior knowledge with
the information from the measured data. In Mosegaard and Tarantola (1995) a
model that only can be assessed by iterative algorithms is used. This approach is
too computer demanding to be applied in large scale 3D studies. The approach in
Buland and Omre (2003) relies on an analytical evaluation, hence it is extremely
computer efficient.

The approach in Buland and Omre (2003) relies heavily on Gaussian assump-
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tions, so it can be termed Bayesian Gaussian inversion. It is assumed that the
prior model of the log-transformed elastic material properties is Gaussian. The
log-transform is needed to obtain a linear relation between the seismic data and
the elastic properties. A convolved linearized Zoeppritz relation with an additive
Gaussian error term defines the likelihood model. These assumptions provides a
Gaussian posterior model with model parameters analytical assessable from the
prior and the likelihood model. Then the posterior model can be determined for
high-dimensional 3D problems, but some numerical approximations may be needed
to asses the numerical values of the solution.

In Karimi et al. (2009) the Gaussian assumption in Buland and Omre (2003) is
replaced by a closed-skew (CS) Gaussian assumption, which introduce skewness in
the model for the variables involved. Under the assumptions of a CS-Gaussian prior
also the posterior model will be CS-Gaussian, with model parameters analytically
assessable.

The generalization to the CS-Gaussian distribution comes at a cost. The num-
ber of parameters in the model is larger than for the Gaussian distribution and the
inference from data is more complicated. In this study we focus on the inference
of the CS-Gaussian distribution, different stationary priors and parameter estima-
tion. Algorithms to generate realizations from the CS-Gaussian distribution are
also studied.

The thesis proceeds as follows: In Chapter 2 the CS-Gaussian distribution is
introduced and properties of this distribution are discussed. Bayesian CS-Gaussian
inversion is also presented. Further are different algorithms to generate realizations
from high dimensional CS-Gaussian distribution given. Different stationary prior
models are defined in Chapter 4. Parameter estimation for the different priors is
discussed in Chapter 5. In Chapter 6 is a closed-skew T-distribution defined with
properties and some examples. In the last part are the simulation algorithms,
prior models and parameter estimators tested on real seismic data in a Bayesian
setting. Finally we draw some conclusions, and outline possible further work in
Chapter 8.



Chapter 2

Methodology

2.1 The CS-Gaussian distribution

The multivariate closed-skew (CS) Gaussian distribution was first introduced in
Gonzdlez-Farfas et al. (2004). It is a generalization of the Gaussian distribution,
and the most important extension is that it adds skewness into the Gaussian model.
The most convenient way to define the CS-Gaussian distribution is to consider a
random vector t € R” and a random vector v € R?. Let the joint probability
density function (pdf) of (¢,v) be multivariate Gaussian as:

m NN”*"( m | L? FZD (21)

where p, and p, are expectation vectors and 3, ¥, and I'y; define covariance
matrices with proper dimensions. The multivariate Gaussian distribution of a
y € R* with dimension k, expectation B, € R* and covariance ¥, € RMF ig
defined by the pdf:

1 1 _
Y ~ Ni(py, 2y) = or(y; 1y, By) = WGXP {—2(y — )5 (y — My)} :
Then the CS-Gaussian variable of interest 2 € R” is defined as
x = [tjlv > 0].

Where a > b for vectors with elements a; and b; is defined as a; > b; for all
elements i. Let p(x) be the generic term for a pdf of the argument, and the term
p(x|d) represents the conditional pdf of @ given d. The pdf of the CS-Gaussian
distribution is then given as:

®) (2.2)

T ~ p(x) = p(tv > 0) =

= [1 - (0 Wy, 2 (O; Kot Ev\t)] an(t; s Et)?
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with @, (+; pu, ) and ¢, (-; p, X) being the cumulative distribution function (cdf)
and the pdf of an n-dimensional Gaussian distribution. So the CS-Gaussian distri-
bution can be seen as a Gaussian distribution, which is skewed by a multiplication
of a cumulative Gaussian distribution. The pdf will be unimodal, since it is a prod-
uct of an unimodal function and a monotone function. The usual parameterization
of the CS-Gaussian distribution is

CSN, g (0, 2, T v, A) = o(; p, B, T, v, A) (2.3)
= [@4(0; v, A + TSI)] ' (T (@ — p); v, A)du(a; 1, %),

with p = p,, ¥ = %, I' = I3t v = -, A =%, — 2Ty, and
U, q(x; p, 2, T, v, A) being the cdf of the CS-Gaussian distribution. A and X
must be positive definite matrices. I' is called the skewness parameter, and I' = 0
entails that the CS-Gaussian distribution coincide with the Gaussian distribution
with parameters (u, ). Hence the CS-Gaussian distribution should be seen as a
generalization of the Gaussian distribution, and not an alternative distribution.
The g-parameter may be seen as the degree of skewness freedom in the pdf, and
g = 0 also entails that the CS-Gaussian distribution coincide to the Gaussian
distribution. Note also that A = ¥,;, where X}, is the covariance of v given ¢.

There exists no analytical solution of the Gaussian cdf, ®,(-;-,-), and there
is also computationally hard to estimate the value of ®,(;-,-). Hence it is not
possible to obtain an analytical expression for the CS-Gaussian pdf. That cause
problems in several cases, and is the underlying problem in this thesis.

The transformation between the CS-Gaussian distribution for  and the Gaus-
sian distribution for (¢, v) is one-to-one given by:

o=t 2 0]~ O8N 2. D) o= U] o ([20). 20 10

v th Zv
(2.4)
with

p=py €R" B =pER"

Y =3, € R ¥ =X e R

[ =T,%'eR>" = [ =T}, =T cRX"
v=—pu, cR? n, =—-vecR?

A=3%, -T2 T, € Rx4 Y, =A+TXIV € RI*¢
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2.2 Properties of the CS-Gaussian Distribution

Some favorable characteristics of the CS-Gaussian distribution that are relevant
for inversion problems are proved in Gonzélez-Farias et al. (2004):

1. Linear combinations of components CS-Gaussian random variables are also
CS-Gaussian random variables. If @ ~ CSN,, (i, 3, I, v, A), A is a deter-
ministic [ X n matrix with (I < n) and ¢ is a deterministic {-dimensional
vector. Then

ly = Az + ] ~ CSNLQ(IJ’y’ Yy, Ly vy, Ay),

where
Ky, =Ap +c,
2y =AY A,
r, :FEA’Z;l,
v, =V,

Ay =A+ rar’ — FEA’E;AZF’.
So the CS-Gaussian distribution is closed under linear transformations.

2. The composition of two independent CS-Gaussian variables will also be CS-
Gaussian. If x; and x, are two independent CS-Gaussian variables with
distribution &, ~ CSN,,, 4. (K, Xy, Uy Ve, Az ) and
@y ~ CSNi, gy (Bgs Xy Ty Vay, Ay ), then

T
Y= [ 11 ~ CSNn,q(NwavanyvAy)‘

T2
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Where
N =Ng, + Ngy,
q =z, +qg:2:
fh,
M, = )
Y _MJ
' 0
Y, =1
v 0 ij’
T 0
r,=1*
v 0 I‘QJ’
Vg,
v, = . 7
A 0
A, ="
5 A

3. CS-Gaussian random variables conditional of the components are also CS-
Gaussian variables. Let  ~ CSN,, ,(u, 3, T, v, A), with ¢, € R* and x, €
R"* being two subvectors of & = [z, x}]’. Further let the parameters
associated with the subvectors be:

73} Y1 X2
= s E = 5 F — F ,F .
H [MQ] lzzl 2221 [ ! 2]
Then
[@1|xs] ~ CSNk,q(Nuza g2, 2, g2, A1\2)-
Where

Hyp =M + 2122521<392 — ),
Yip =X — Y1255 Yo,

1—‘1|2 :Fla
I/1|2 =V — (FQ + F12122521) (CUQ — [,LQ),
A1|2 :A

Note that a result of property 1. is that also marginal pdfs will be CS-Gaussian
by choosing A = b'(l-) with b(;) an n x 1 vector with entries zeros except for element
number ¢, so that z; = b/(i)a:. A result of property 1. and 2. is that a sum of
independent CS-Gaussian variables also will be CS-Gaussian.

6
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2.3 Statistics for the CS-Gaussian Distribution

We will here discuss location statistics and spread statistics.

2.3.1 Location statistics

The mode, mean and median are three location statistics that are useful in char-
acterizing the distribution. These statistics can be used for prediction and are for
x ~ p(x) defined as:

e Mode, Mod(x) = arg max,, p(x).
o Mean, E(x) = [E(#1), B(@s), ., E(z)], where E(zr) = [, 7:p(z:)da:.

e Median, Med(x) = [Med(z1), Med(xs), ..., Med(z,)]’, where Med(z;) is de-
fined by fiv[;d(”) p(z;)dz; = 0.5.

For the Gaussian distribution these three statistics are identical, but for a CS-
Gaussian distribution they are in general different, due to the skewness in the
CS-Gaussian model. These statistics are also analytical obtainable for the Gaus-
sian distribution, since they are given as the model parameter p. It would be
useful to be able to calculate the mean, mode and median for the CS-Gaussian
distribution.

Mode. Since we know that the CS-Gaussian pdf is unimodal, the mode is found
as the x that satisfies

V.p(x) =0
where ,
o 0 0
Ve = [(%1’ Oxy 8%] ’

Let p(t|v > 0) be as given in Expression (2.2). The derivation gives

0 1 _ B
Vip(to > 0) =i [ exp {5 (0 ) S0 — ) b (0~ g - TS (E - )

_ _ 1 _
: 2UI%FWEt 'dw - exp {_2(t — ) S (- /J’t)}

1 _ _
+ ca(1 — @(0; Kot Ev\t)) exp {_2(t — )% l(t - Nt)} (t— )%, '
=0.
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It is hard to solve this equation with respect to ¢, hence an analytical solution for
the mode is complicated to obtain. Numerical methods can be used to solve this
problem. For example can stochastic simulation be used, by generating realizations
from the CS-Gaussian distribution. Then choose the area with the highest density
of points as the mode. More traditionally optimization methods are complicated
to use, due to the difficulty of analytically compute the value of the CS-Gaussian
pdf. These methods are not investigated any further in this project.

Mean. The mean is given as the first moment. If & ~ CSN,, ,(p, X, T, v, A), then
the moment generating function of @ is given in Gonzalez-Farias et al. (2004) as

¢,(I'Es;v, A+ T'XLY) {
- exp
0,(0;v, A+ 5D

The mean of the CS-Gaussian distribution is then given as

1
M, (s) = s'u+ S'Es} : s € R"™

2

E(x) = VM,(s)],_o -
Then
[Vs®@,(s;v, A+ TXT))
®,(0;v, A+ T'XIY)
o,(I'Ss;v, A+ TXIY)
Q,(0;v, A +I'XI7)

So the mean value of x is then

VSMI(SNS:O =p+XI'n, (2.5)

1
VM, (s) =XT" - exp {s’u + 23’23}

1
- exp {s’u - 23'23} (pn+Xs)

where

(Vs@,(s;v, A+ TE)]
O, (0;v, A+ TSI |,

(Dominguez-Molina et al. 2003). For a high dimensional problem it is complicated

to compute the mean, since it does not exits any analytical solution for ®,(-;-, ).
But for ¢ = 1 the mean will be

&1(0; v, A +T'XETY)
E(x) = 1 —
(@) =n+ 20 00 AT o)
To obtain the mean for a higher dimensional problem a numerical method can be
used to compute Expression (2.5). Alternatively, E(z;) = [, 2;pi(z;)dz; can be
approximated by a numerical method. For example by stochastic integration as

—

Y )

J

xi )
=1

J

oo
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()

where x,;”’ is realization number j of element z; from simulation of the CS-Gaussian

distribution.

Median. The median is often used as location measure instead of the mean. The
median is not simple to obtain analytically, since it requires an inversion of the cdf
for the CS-Gaussian distribution. Therefore it is necessary to predict the median
with numerically methods. For example by

7

Mgi(\xz) = Med {a:gl),x-z), ...,xl(j), ...,l’(N)} :

where xz(j ) is realization number j of element x; from the CS-Gaussian distribution.
It is possible to predict the mean and the median from each marginal distri-
bution. But since the marginal distribution depends of the full v-vector it will be

faster to generate &) from the joint distribution.

2.3.2 Spread statistics

The covariance and the quantiles are two spread statistics that are suitable for
characterizing the variability in the model. These statistics can be used to describe
the uncertainty in the predicted values and are defined as:

e Covariance, Cov(xz) = E ((x — E(x)(xz — E(x))’).

e Quantiles, the a-quantile, Q_(x) = [Q, (1), Q. (z2), .., Q. (z,)]’, where Q, (z;)
is defined by [ p(z;)dx; = a.

For the Gaussian distribution the covariance is given as the model parameter, >,
while the quantiles must be found by numerical methods. It would be useful to be
able to calculate these spread statistics for the CS-Gaussian distribution.

Covariance. The covariance is given as Cov(x) = E ((x — E(x))(xz — E(x)') =
E(za') — E(x)E(2’). So the covariance can be discussed from the first and sec-
ond moment. The first moment is already found and the second moment can be
calculated as

E(zx') =V*M,(5)|s—0
=Y+ pp’ + pun'TY + XTnp’ + STVATY,

9
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where

 V.V.0,(s;v,A 4T3

A
®,(0;v, A+ [SLY)

s=0
So the covariance of x is given as

Cov(z) =E(zz') — E(z)E(x)
=Y + XIVATY — XI"nn'TX

(Dominguez-Molina et al. 2003). It is not possible to compute the covariance
analytically for a high dimensional problem, so we need to use numerical approx-
imations.

Quantiles. First note that Q () is identical as the median. So inversion of the
CS-Gaussian cdf is required to obtain the quantiles. As for the median it seems
that a numerical approximation is best for computing the quantiles. Also here it
is natural to use stochastic simulation to calculate the quantiles.

2.4 Examples of CS-Gaussian Distributions

The CS-Gaussian distribution is closely related to the Gaussian distribution and
has therefore also many similar properties. To illustrate the characteristics of the
CS-Gaussian distribution some examples of the CS-Gaussian distribution will be
shown. We will first consider a CS-Gaussian x € R!, with a base case as

p=5 =9, I=1 v=0, A=0.05 (2.6)

Note that 3, I and A here are one dimensional matrices.

From Expression (2.3) we know that the CS-Gaussian distribution is propor-
tional to a product of a Gaussian pdf with variance ¥ and a Gaussian cdf with
variance A. A lower variance, A, will give more skewness in the model. A higher
variance, Y, for the Gaussian pdf will also lead to more skewness. This can be
demonstrated by considering the base case, but with three different values for X

and A:

Y, =9, A;=0.05
Yo=6, Ay=0.5
23 - 3, A3 - 5

10
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):1=9, A1=0.05
):2=6, A2=0.5
S ¥ =3,A=5
\ — = "3 773
/
/
0.2r /
/
/
/
= /
B 0.15F /
/
/
/
L /
0.1 /
/
/
/
L /
0.05 /
/
/
7/
’//
0 L o 1
1 2 3 4 5

Figure 2.1: Pdf for different > and A, and p =5, =1 and v = 0.

The pdf for these three cases are displayed in Figure 2.1.

The skewness in the model is not only determined by A and Y, it is also
influenced by v. For A very small and ¥ very large will there still not be any
skewness in the model if ¥ = —oo. This effect is demonstrated by considering
a CS-Gaussian = with the parameters given in Expression (2.6), but with three
different values of v:

V1:0
1/2:—3
V3:—9.

The three different pdfs are displayed in Figure 2.2. In the first case the pdf is very
skewed and in the third case the pdf is almost Gaussian. From these two examples
we observe that higher > will give longer tail on the right side and a small A will
give a short left tail. The CSN pdfs can be seen as a Gaussian pdf that here is cut

11
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0.25r

0.21

B 0.15F

01F 7/

v
0.051

Figure 2.2: Pdf for different v, and p =5, =9, '=1 and A = 0.05.

off at the left side. The position of the cut off is decided by v and the sharpness
is decided by A.

The parameter p is the only parameter that not will influence the skewness
in the model. In an equivalent way as for the p in the Gaussian distribution will
the p in the CS-Gaussian distribution only shift the location of the distribution.
The translation effect is demonstrated by considering a CS-Gaussian = with the
parameters given in Expression (2.6), but with three different values of p:

=9
pe =17
ps = 2.

All these three pdfs are identical except for a shift in the density, as displayed in
Figure 2.3.

12
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'~
0.251 ! \
\
| \
I \
| \
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I \
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B 0.15F |l
|
|
|
0.1F |
I
|
|
I
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|
|
/
0 Z | n !
1 2 3 4 5

Figure 2.3: Pdf for different y, and ¥ =9, '=1, v =0 and A = 0.05.

The same situations will occur for higher dimensional problems, and we will

here also study a particular CS-Gaussian distributed variable & with n = ¢ = 2,

and parameters
5 1 0.2 4 0 -2 10

My [7‘| ) 1 [02 4 ‘| ) 1 lo 5] 3 vy [ 6 ] 3 1 [0 1‘|

The pdf of this two dimensional CS-Gaussian distribution is shown in Figure 2.4

Another example is shown in Figure 2.5 with

4 0
Mo = Hq, E22217 FQZL) O]’ vy =Vy, A2:A1-

Note that the only difference between these two examples is one element in I's.
It is observed from Figure 2.4 and Figure 2.5 that there is more skewness in the
first example. By setting one diagonal element in I's to zero makes the element

13
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to almost uncorrelated with v, hence will the marginal of ¢5 be almost Gaussian
with mean 7. This shows that the I' controls the skewness in the model. It is also
observed that this small change in the I' also change the location of the distribution
in the zo-dimension. In the first example the mode is about (5,9) and in the second
example is it about (5,7).

These examples show that X, I', v and A all influence the location, spread and
skewness in the model. This makes the inference in the model quite complicated.

12r

10y

Figure 2.4: First bivariate CS-Gaussian example. Bivariate pdf and marginal pdfs.

14
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Figure 2.5: Second bivariate CS-Gaussian example. Bivariate pdf and marginal
pdfs.

2.5 Bayesian CS-Gaussian Inversion
Let & € R™ be the variable of interest and consider a linear model
d|lx] = Hzx + e, (2.7)

where d € R™ is measured data with error e € R"¢. The object is to assess x given
d, and there exists several methods to do this. Here we will consider Bayesian in-
version, so we assume a probability distribution for « and e. In Bayesian inversion
we are interested in the probability distribution of an @ given some observed data
d. Bayes’ rule gives the posterior model as

p(z|d) = c¢-p(d|z) - p(zx),

where ¢ is a constant, p(d|x) is the likelihood and p(x) represents the prior knowl-
edge about the variable of interest. The prior model for @ is defined as

T ~ CSNnx,qx (ll'aza Eza Fm Vg, Aa:)

15



CHAPTER 2. METHODOLOGY

The error, e, is assumed to be independent of & and distributed as
e ~p(e) = CSN,,, ,,(0,%.,T.,0,1),
where [ is the identity matrix of proper dimension. This gives
[d|x] ~ p(d|x) = CSN,,, ,,(Hz, %, T'.,0,1).
Then the posterior model p(x|d) is given by
[z|d] ~ p(z|d) = CSNu, g, +q4 (Hajas Zalds Ul Vald, Daja)-
Where the parameters are given in Karimi et al. (2009) as

Poja =t + S H'[HEH + 3] (d — Hps,)
Yoa =%, — S, H'[HE, H + X 'HE,

r.> r,>, H
o= """ —| *7® HY. H +X ] 'HY, | 27t

e l%] - [FIEIHl [HEH' + %] (d — Hp,)

0 r.%,
A, +T,%,T 0 r,,H r,,H
Ar — x x T+ x - x x HEIH/ Ze —1 x x
i l 0 1+rezerfj [ ) ][ = [ T, ]
- Fx\dzﬂdrgdd

This is a generalization of the traditional Bayesian Gaussian inversion, which
is presented in Mosegaard and Tarantola (1995) and in Buland and Omre (2003).
This can be seen by setting I'. = 0 in the likelihood and I', = 0 in the prior
model. In Bayesian Gaussian inversion the prior is Gaussian and the likelihood
is Gauss-linear. Then the posterior model will be Gaussian with parameters g,
and Yg4. The posterior model, p(x|d), can be used to predict & based on the
data, d.

All the three location statistics presented in Section 2.3 can be used as pre-
dictors for & given the data d, but we have chosen to use the median. Hence
the predictor of x is given as [a/:|:i] = Med{z|d} = Qys{x|d}. The median is,
as argued for in Karimi et al. (2009), a good choice since it is logically related to
the natural definition of the (1 — a)-prediction interval, [Q, o{x[d}, Q;_, o {x|d}].
The median is also a linear operator with respect to any monotone function h(-),

16



2.5. BAYESIAN CS-GAUSSIAN INVERSION

ie. Qus{h(z|d)} = h(Qys{x|d}). Then for example [z/|21] = exp{ajﬁl}, where
z = exp{x}. The median as a predictor is also robust with respect to deviations
in the tail of the posterior model p(x|d). Note that the median is frequently used
as a predictor for skew distributions instead of the mean, since the mean is less
robust towards long tails than the median.

2.5.1 Center of Likelihood Model.

The error term, e, of the likelihood model is not centered for all choices of pa-
rameters >, and I'.. It is normal to assume an error term with location measure
zero, and with I, = 0 the distribution is reduced to a Gaussian distribution with
location zero. Another way to make sure that the error term has zero median is to
introduce a centered error, e®. The centered error term has the same parameters
Y. and I'; as e, but includes an additional pt... The p . parameter should translate
the distribution such that median will be zero, and is therefore defined as

e = —Med(e).

The median of e must be obtained by a numerical method.
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Chapter 3

Simulation

Simulation based inference of the CS-Gaussian distribution will often be required.
In order to estimate the median and the quantiles as seen in Section 2.3 it is useful
to generate random values, x, from the multivariate CS-Gaussian distribution.
Even to make density plots as shown in Figure 2.4 and Figure 2.5, it is useful to
be able to simulate from the CS-Gaussian distribution, since it is computationally
hard to compute the density directly. In this chapter three different algorithms
to generate realizations from the multivariate CS-Gaussian distribution will be
presented. An empirical study will be done to compare the algorithms in the end
of the chapter.

3.1 Algorithm A: Brute Force Simulation

The simplest way to simulate, «, from a CS-Gaussian distribution is to generate
(t,v) from the multivariate Gaussian distribution as given in Expression (2.1) with
rejection sampling until v > 0.

Algorithm A: Brute Force Simulation

e Repeat until v > 0
t n Xy Iy
o T2 )

o xr«—1

Then x will be a realization of the CS-Gaussian distribution.

This algorithm is not efficient for p, < 0 and elements in v highly negatively
correlated, since it is very unlikely to generate v; > 0;¢ = 1,...,q at the same
time. When v is high dimensional it will be almost impossible to generate all
v; > 0;2 =1, ..., q simultaneously.
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CHAPTER 3. SIMULATION

3.2 Algorithm B: Two Steps Simulation

A more efficient algorithm is to first generate v until v > 0, and then generate t
conditional on v. Consider the joint distribution p(¢,v), then

p(olp > 0) = 22020

> (v > 0) =c-p(v)-I(v>0).

Where ¢ = [p(v > 0)]7! is a constant and I(-) an indicator function taking value
1 if the argument is true and 0 otherwise. Further we have that

p(t,v|v > 0) = W =c-p(t,v)-I(v>0).

Then the distribution of & can be written as
w:mvzmwpmvzmz/’p@mvzmm
:/ ¢ p(t,v)-I(v > 0)dv

:/Ooc -p(t,v)dv
0

We want to generate x from this distribution, and that will be the same as first
generate
v~ p(’U"U > 0)7

and then generate x as
x = [tlv] ~ p(t|v).

This is valid since x then is generated from

x ~ / p(t|v) - p(v|v > 0)dv :/_O:Op(t]v) ~c-p(v)-I(v > 0)dv
:/Oooc-p(t,'v)d'u
=p(tjv > 0).

Since p(t, v) is Gaussian will also p(¢|v) be Gaussian with mean and variance given
as

E(tlv) =p + T3, (v +v)
Var(t|v) =%, — [, 2, T,

20



3.3. ALGORITHM C: ITERATIVE SIMULATION

Then we can first generate v until all elements v;;7 = 1,...,q is greater than
zero, and so generate t from the corresponding Gaussian distribution. Hence we
reduce the rejection problem to a lower dimension. The algorithm is:

Algorithm B: Two Steps Simulation

e Repeat until v > 0
Generate v ~ N (—v, A+ TXI)

oz —tlo~N,(u+TpS  (v+v), S — T2 'T)

v

Then x will be a realization of the CS-Gaussian distribution.

This is a more efficient algorithm than the first algorithm, since we generate ¢ val-
ues instead of n + ¢ values for each step. But also this algorithm requires that
v; > 0 for all 7 happen simultaneously.

3.3 Algorithm C: Iterative Simulation

An even more efficient method can be constructed by sequential rejection sam-
pling combined with an MCMC approach. We will use the same principle as in
the previous algorithm, by first generate v > 0 and then generate t. But in-
stead of generating all v; > 0;72 = 1, ..., ¢ simultaneously will each v; be generated
sequentially by an iterative method.

To generate v; > 0 a rejection sampling approach, as described in Robert
(1995) is used. First we will present the general rejection algorithm to generate
realizations from h(w). Choose a distribution g(w) to be similar to h(w), but
such that it is easier to simulate from. Choose ¢ to be a constant such that
h(w) < ¢-g(w) for every w in the support of h(w). Then should a w be generated
from g(w) and an u from the uniform distribution between 0 and 1, U;(0,1). The
w will be a realization from h(w), when the w and u satisfies u < h(w)/(c - g(w)).

Let h(v;u+,ai,vo) be the truncated univariate Gaussian distribution with
truncation point vy, then the density will be

exp(—(v—p1)/203) > v
h(v; p, 0%, v0) = NY (14, 03, 0) = { (\]/EG+(1*‘P((UO*#+)/U+)) ! ;
, U Vo-

Where vy — —o0o gives the Gaussian distribution with mean .y and variance o2 .
In the rest of the algorithm description we assume with out loss of generality that
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CHAPTER 3. SIMULATION

pr = 0 and o2 = 1. Since vy can be updated as vy < (vo — p4)/0 and then the
algorithm can be performed with p, = 0 and o = 1, afterwards v is updated as
Ve iy +v-04.

A possible choice for the proposal function g() is a translated exponential
distribution with density

aexp(—a(v—vy)) , v >

0 , U < g.

g(v;a,vy) = {

Translated exponential distributed realizations can be generated by the inversion
method by v = —1/a-In(u)+wvg, where u is generated from the uniform distribution
Up(0,1). Where « is a parameter that must be set. For v > vy we have that

a > vy exp(a(v —vp)) exp(—v?/2) < exp(a?/2 —vpa) = ¢
o < vp: exp(afy — ) exp(—e/2) < exp(—()*/2) = ¢,

then

g(v)  Jexp(=v*/2 + (v — o) — ®/2 + awg) if & > wg
c¢-h(v) exp(—v%/2 + a(v —vy) — a?/2 + avy)  otherwise.
Then from Robert (1995) it is given that

vo 4+ /v3 + 4

o = 9

is the optimal factor, which will give the highest probability for acceptance. Hence
also the most efficient algorithm.

Then we have an algorithm to generate a value from a truncated univariate
Gaussian distribution, but we want to simulate from a truncated multivariate
Gaussian distribution. This can be done by an MCMC approach with a Gibbs
step, then v\ in state j is updated as

of ) ~ NT (E(vnfoy’™, 0§ 7, o), Var (oo™ o, 0 7Y) 00 )
véj) ~ N7 (E(02|v§j 7U'§7 Vo ((IJ ), Var(vz|v1 ,U:(g] 1),...,v((1j_1)),vo,2)

U((]j) ~ N?l‘r ( (Uq”UI 7’U§j)7 ...,U( ) Var(”Q’UI 71}5])’ ""Ué]—)l)’vo’q> ’

where v ; is the truncation point for element v;. Let v—; = [v1, .., Vi—1, Vit 1, ..., Ug)-
Then E(v;jv—;) = —v; + X! .51 _(v; +v-;) and

v 7,_|’L v, -1
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3.3. ALGORITHM C: ITERATIVE SIMULATION

Var(vilv;) = 02 ;= 3, ;5,1 80i, where B, ;- is the (¢ — 1) x (¢ — 1) matrix
derived from ¥, with elements agyij, by eliminating row 7 and column ¢. And X, ;-

is the (¢ — 1) vector derived from the ith column of ¥, by removing the ith row
~1

term. It is also important to note that it is possible to calculate ¥ without

performing a full inversion. Let V' = X! then >, i = Viini — VieyV/L, /vy, where
v;; is element (i,7) in V. So the inversion of ¥, in full dimension is the only
inversion that needs to be done. An initial state has to be chosen for v®, and
a natural choice is v(¥ = max{u,,vo} = mazr{—v,ve}. Where max{-,-} acts
component wise on the vectorial argument.

Then we have everything needed to define an efficient algorithm to generate

realizations from the CS-Gaussian distribution.
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CHAPTER 3. SIMULATION

Algorithm C: Iterative Simulation
o V31
e v =mar{—v,vo}
e [terate until convergence
o fori=1,..q

° Calculate X1 . «— V... — Vi, V! Vi

v, 1 i

. Calculate the mean of v;|v_;: py «— —v; + Z;ﬁiﬂ-Z;lﬂ-ﬁi(vﬂi +v_)

. Calculate the variance of v;|v_;: 02 «— X2, =%, S 1 5,

o Standardize vo: v «— (vo; — p+)/0+

. Calculate the parameter for the proposal distribution: « «— vy +

()

Repeat until u < exp(—(v — «)?/2) for vy < «
and u < exp(—(v — a)?/2) exp(—(vg — )?/2) else.
Generate v ~ exp(1/a) + vg
Generate u ~ Uy(0,1)

o v« puy+uvoyfori=1,..¢q
[ ] xr <—t|’U ~ Nn(u+FtUZ;1(v+V),Et—FwZ;lFQv)

Then  will be a realization of the CS-Gaussian distribution.

Contrary to the other algorithms that requires to generate v; > 0 for all 7 simul-
taneously, this algorithm generates v; > 0 one by one. But it require an iterative
method for each realization, which can be too computer demanding. It might
be possible to generate v simultancous and without iterations. For example with
rejection sampling from a multivariate exponential distribution as proposal distri-
bution, thus avoid using an MCMC method.

The number of iterations necessary for convergence will depend of the problem.
But in general it seems that the realizations have a relative low correlation. Since
it is only v¥) that depends on the previous state, and the variable of interest
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3.4. EMPIRICAL STUDY

x = [tlv > 0] is not directly dependent of the previous state, as displayed in
Figure 3.1. The truncated multivariate Gaussian distribution is unimodal, hence
we are avoiding problems due to convergence and several maxima in the MCMC
method. This is further discussed in the next Section and in Section 7.2.

o

Figure 3.1: Dependency graph.

3.4 Empirical Study

To compare the algorithms an inverse problem, as discussed in Section 2.5, is

parameters are chosen to p, =2, 02 =03, v, =1,0, =1, %, =10"*(HH +1),
[, = 0-1I and five different values of v, = {—1.5,1,0,1,1.5}. An exponential
dependency function is used, c¢(h) = exp{—h/5}. The H matrix in the likelihood

model is chosen to be
0.75 025 0

0.20 0.60 0.20
0 025 0.75

H

First reference values « is generated from the prior, then d € R? is generated as
[d|x] = Hx + e. The posterior model can be found as described in Section 2.5.
50000 realizations are simulated from the posterior model with algorithm A, B
and C, and the average time of repeating this for 50 different reference data sets
is used to compare the algorithms.

To study the convergence of the Iterative Simulation algorithm a traceplot of
the L2-norm of each step is presented in Figure 3.2. Three different initial states are
used: v = —p, VO =[-2 -2 -2 -2 -2 -2 and v(® = [4,4,4,4,4,4]'. As
seen in Figure 3.2 the algorithm appears to converge almost immediately. In Figure
3.3 the two first components of v (v, v9) are displayed, and also this confirms that
the algorithm seems to converge fast for this case. For the Iterative Simulation
algorithm a burn in period of 50 realizations are used to be sure that the algorithm
has converged.
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111,

0 10 20 30 40 50 60
Iteration number

Figure 3.2: Traceplot for the length of v.

1 1 1 1 1 1 1

Figure 3.3: Plot of v; and vy for the three different initial states.
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3.4. EMPIRICAL STUDY

v. | Brute Force Simulation Two Steps Simulation Iterative Simulation
-1.5 42s 30s 6.4s
-1 259s 191s 6.5s
679s 494s 6.5s
1 274s 204s 6.5s
1.5 42s 31s 6.5s

Table 3.1: Runtime in seconds (s) for the algorithms.

As seen in Table 3.1 the [lterative Simulation algorithm is the most efficient
one. As expected is it observed that the Brute Force Simulation algorithm has a
bit longer runtime than the Two Steps Stmulation algorithm. The runtime for the
Iterative Simulation algorithm appear as almost constant for these values of 7, .
For a higher dimensional problem the difference in runtime will be even greater.

The runtime of algorithm A and B is particularly influenced by

I L 1—v,02C,H(HS,H +%.)"'(d— Hp,)
|d 0 )
for 7., = 0, since —v,y < 0 will shift the density such that the probability
to generate v > 0 is low. The sign of the elements in v, is then given from
the sign of v, , e = d — Hp and of the value of v, . Some elements e; will be
negative and some will be positive, hence v,|q will have both positive and negative
values. For 7, < 0 will the density shift such that most elements in e is likely
to be positive. And for v, > 0 will most elements in e be less than zero. So a
low absolute value of v, will give that some v; are very unlikely to be generated
greater than zero. Then the Brute Force Simulation algorithm and the Two Steps
Simulation algorithm are expected to propose many times, before a realization is
accepted. The Iterative Simulation algorithm is not affected by this in the same
way, since the rejection sampling use a translated distribution for the proposal.
Then the proposal distribution will shift as v,4 changes. The algorithms give the
same predicted mean and median, but the realizations from algorithm C are not
independent as the realizations from algorithm A and B are. The estimated cdfs
and pdfs from these three algorithms are almost identical.
Since the Iterative Simulation algorithm is the fastest it is studied in more

detail to see how different parameters influence the runtime. It is shown in Figure
2

€.

3.4 that different values of 07 and o2 do not affect the runtime much. For ¢? and

afc‘ between 10~° and 5 the maximum change in runtime is only 1.4 seconds.
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5*10°-5

r 7.8

541074

5*10"-3

5*10"-2

5*107-1

5

6.6
5*10"-5 5*10"-4 5*10"-3 , 5*10"-2 5*10"-1 5 seconds
c

Figure 3.4: Runtime in seconds for algorithm C for different values of o7 and o2 .

The effect of different values of v, and 7. is displayed in Figure 3.5. The
runtime is highest when both |7, | and |7, | are large. The covariance of v|d is

Sya =A + TXT

e 'yiEx — f)/g'ExH’AHZ:c —Vz Ve X H' AY,
- — Yz Ve Lo H'AY, I+ ’yg Y. — 762' Y AY |

where A = [HY,H' + ¥.]7'. So when ~, and 7. have a high absolute value will
the correlation between v and v, be high. This causes higher runtime, but even
with very high values of 7, and 7. is the runtime only 1.5 seconds higher than
for the lowest runtime.

The runtime for the Iterative Simulation algorithm will increase as the dimen-
sion grows. Let T' = n, then ¢ = q, + q4 = 27T, so the total dimension is 37". Let
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17.5

6.5
20 40 60 80 100seconds

-100 -80 -60 -40 -20

Figure 3.5: Runtime in seconds for algorithm C for different values of v, and 7, .

all the parameters be as before with 7, = 3 and the H-matrix is extended as

[0.75 0.25 0 R 0
0.20 0.60 0.20 O 0
0 020 0.60 020 "-. 0

0 0 020 0.60 0.20
0 0 025 0.75]

Then we have a posterior model that can be scaled up to any dimension 7". To check
how the runtime of the algorithm change for different values of T" the average time
to generate 1000 realizations with 20 different data sets for T' € {20, 40, 60, ..., 420}
is used. It is observed that the runtime increases a bit faster than linear as a
function of T, as displayed in Figure 3.6. This can be a problem for an extremely
large trace or in a 3D-setting. The runtime of inverting >, is asymptotically
TlogT, and will be a problem for large T'. So an approximation should be done
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such that inverting of the full ¥, is avoided.

450

4001 4

0 50 100 150 200 250 300 350 400 450
T

Figure 3.6: Runtime as a function of the dimension, 7', of the problem.
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Chapter 4

Stationary Prior Models

A stationary prior will not change when shifted in space. So all the marginals,
bivariate pdfs and higher dimensional pdfs must be shift invariant. As shown
in Expression (2.4) there exists an one-to-one transformation between the CS-
Gaussian distribution for @ and the Gaussian distribution for (¢,v). Hence is it
possible to specify a prior model in the x-space and one alternative model in the
tv-space. So we will here present two different priors, and it is possible to extend
them to higher dimensional reference spaces. For both the priors we use a shift
invariant dependence matrix C' € R"**"* given as

1 c(l) ... ... c¢(n,—1)

c(n:c.—l) cee oo c(1) 1

Where ¢(i,j) = c(]i — j|) is a spatial positive definite dependence measure with
c(0) = 1. Here we assume that ¢(-) is parameterized with given parameters, but
in theory it should be possible to also estimate the parameters of the dependence
measure.

31



CHAPTER 4. STATIONARY PRIOR MODELS

4.1 x-space Prior
In this prior € R™ is assumed to be CS-Gaussian, as
T ~ CSNngc,qgc (IJ’];J Zzu P.T) Vg, Aw)

Let 1 be a vector containing only ones, then the parameters can be specified in
the x-space as:

My =z -1 €R™ By = fig -1 € R™

Exzai - e RMexne Et:Zx:Ui - e RMexne

,=7, - [ € R s Ty =T,>2, = ’7:]0,0'925' . C € Ri=Xxn

v, =1, -1 €R® n, =—v eR®

Ay =0, - I € Risx Sy = A, + 1,5, 1% =6, - T+9202 -C € RieXa,

Let n, = ¢, so the free parameters are the scalars pi, , 02 , 7, , vz, and 6, . The
parameters of the marginals can be calculated as described in Section 2.2:

xi NCSNI,QI (lu:l?l? 21'7;7 Fiﬂ” V:Eﬂ A(EZ)
fla; =b( 1y = Hla

1
Ay =D, + D8, — Y, b —-b,y S0
g

T

=0, 1 +7202C — 202 CiyyCly,

where C(;) is column 7 of the dependence matrix C. By transforming the distri-
bution to the corresponding Gaussian distribution of (t,v) we obtain parameter
values

Ti~ x4

=0, 1 + %3‘ o2C.

Since C{;) is almost identical for every ¢ except for some deviations caused by the
boundary, will the dominating elements be identical for the marginals for a high
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dimensional problem. The marginals will be almost identical, except for relatively
few variables close to the border. The marginal of x; is then

p(zi) = p(ti|v > 0).

So t; depends on all v;; j =1, ..., ¢, and not only v;.

It is possible to constrain the prior by setting v, = 0 and 0, = 1. This
gives a simpler prior, where the skewness can be controlled by 7, . Hence the free
parameters are fi, , ag’ and v, . For the model to be valid is it necessary to require
that 02 > 0. Note that the model is valid for all values of 7, and p, .

4.2 tv-space Prior

An alternative prior can be specified in the tv-space, where (t,v) € R"™ % ig
assumed to be Gaussian, as

m B ( lﬂ ’ L; FzD (4.1)

then the parameters can be specified in the tv-space as:

=1 €R™ n, =p 1l e R™

Zt:UzCEanxnz Ex:EtZUECERnIXTLI

th - ’th,I 6 quan p=— F;I? — %Cil 6 quxnz

p, = py 1 € R% v, =—p,1€R®E

S, =021 € Re-xa A, = 02] — .01 ¢ ReX
: o?

Let n, = ¢, so the free parameters are the scalars 11 , 07, Y., fto, and o2 . The

33



CHAPTER 4. STATIONARY PRIOR MODELS

parameters of the marginals can be calculated as described in Section 2.2:

€T; NCSNLQ;C (/1/;1;17 Eatia Fl‘i) V.Ti? AiDv)
Ha; :b/(i)p’z = Ht,
2
Exi :b/(i)Emb(i) = Utﬁ

1 ’th _ 1 ’)/tv
[, =I.Ybe— = —C ot Cbyy—5 = —-bpy,
i ()Utg o7 Oy, ()Utg o7 (4)
Vg, = — Ky,

1
Ot

2
P)/tv

‘bib/-,
O_t2 (1)%@)

:03[ —
By transforming the distribution to the corresponding Gaussian distribution of
(t,v) we obtain

F’Uti :FZ‘ZZLUZ - ’Yt’UA b(l)
S =0y, + Dy, 2y T

Ti+ x;
_ 2
=o, 1.

So

2
2 Jitv, 2 T,
x; ~ GSNyy | Oty 5 M, 0y =~ |-
o o

t.

The marginal of x; is then
p(z;) = p(ti|v > 0) = p(t;|v; > 0)

So each t; only depends of v;. Hence this prior model is also stationary, since
p(x;) = p(z;) and independent for all ¢ and j. It is possible to constrain the prior
by setting p, = 0 and 012,’ = 1. This gives a more simple prior, where the skewness
can be controlled by 7, . Hence the free parameters are i , 03 and vy, . For the
model to be valid is it necessary to require that

Uf C Yl
’}/tv_ [ [

is positive definite. This requirement can often be difficult to meet.
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4.3 Comparing the Priors

For the x-space prior t; is connected to all v, but for the tv-space prior is t; only
connected to v;. The latter provides a more logical constructed prior, hence will it
also be easier to understand the effects of the different parameters. The marginals
for tv-space prior have ¢ = 1, but the marginals for the x-space prior have ¢ = n,.
So the marginals for the tv-space prior are easier to calculate. But the x-space
prior has less complicated requirements for the parameter independence than the
tv-space prior. For the tv-space prior it is hard to specify valid parameters, since
a determinant has to be calculated to check if a parameter set is valid.
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Chapter 5
Parameter Estimation in Prior Models

For an inverse problem in an empirical Bayes spirit will we estimate the parame-
ters in the prior model from observations of a comparable phenomenon. Previous
work have considered parameter estimation of the one-dimensional skew-normal
distribution, see Pewsey (2000). In this paper “Method of moments” and “Max-
imum likelihood” methods are used to estimate the parameters. The “Method
of moments” is not working well for very skew distributed data sets. The “Maxi-
mum likelihood” method must be solved by a numerical approximation. In Pewsey
(2000) the problems of finding the global maximum are solved by a grid of different
initial values. Here we will present alternative methods to estimate the parame-
ters of the CS-Gaussian distribution for the two different priors presented in the
previous section. We will assume that observations x° € R"* of a comparable
one-dimensional phenomenon is available, for example observations along a well
trace.

5.1 x-space Prior

For the x-space prior we will present two different methods for estimation, and
compare them empirically. The first method, with a full likelihood model, requires
an exponential dependency function.
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CHAPTER 5. PARAMETER ESTIMATION IN PRIOR MODELS

5.1.1 Full Likelihood Model.

For the x-space prior the full likelihood (fL) is defined as:

L(jte .02 Y Ve 26 |2°) = [ @, (0315 1,6, T + 42 0%C)] (5.1)
Py (Vo (27 — e 1);v2. 1,0, 1)
G, (€% iy, 02 C)
= [0 (00 1,0, T+9202C)]

) H @1(71_(.7}? - ,ux.>§ Vx_aéx,)
’ ¢nz (mo; M, 1a 032;_ C)a

Here we have used that @, (7, (£° — p1, 1); v, 1,0, I) can be factorized as

B ®1(ve (29 — pe ); Ve, 0z ), since the covariance 0, I is diagonal. ¢, (-;-,-) is
analytically obtainable and ®;(-;-,-) is fast to approximate for a one dimensional
Gaussian variable. But the normalization constant @, (-;-,-) can in general be
computationally hard to obtain, so we will here look at the special case where an

efficient solution can be found. Then the maximum likelihood, ML, is given as

~ A2 A A 2 2 o
(/’L-T,?O-x'?"yxjyf,?(sﬂf,) = argmax L<M$,70z'771.7y$.75$.|w )
M. 70'% Y sV, 16:0,
Calculation of the normalization constant. The normalization constant is
given as

$,(0;0,6, - I +~202C)=p(z < 0)

0
:/ Gn(2;0,0, I+ 2 02 C)d.

where @ is Gaussian distributed as N, (2;0,0, I + ~2 02 C'), so the covariance
matrix can be written as ¥ = a- I + - C. Where a and (3 are constants and C' is
a correlation matrix. This is in general a very complicated problem, but we will
study the special case where C' is assumed to be constructed from an exponential
correlation function, c(|i — j|) = exp{—|i — j|/r}.

This case can be modeled with an z° and €, as shown in Figure 5.1, where
2’ ~N,(0,5-C), € ~N,(0,a-I) and (z°, €) are independent. Then

x=2"+e~N,(0,a-1+03-C).
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1

1
@

()

&

Figure 5.1: Dependency graph.

Define a likelihood model such that

0
yixiaei =
[yil @7, €] {07

1

Y

w?—i—eig()
ZE?+€¢>0.

Hence will ©,,(0;0,a- 1+ 3-C)=p(x <0)=p(y =1).
In Rybicki and Press (1995) it is shown that x° has Markov property such

that p(z®) = p(aplen_y) - .

- plagfat) - p(

(5.2)

). This require that C' is defined

from an exponential correlation function. The pdf, p(z9|z? ), for ¢ > 2 is the

conditional Gaussian distribution given as ¢1(20;exp(1/r) -2 |, 8 — 3 - exp(2/r))

and p(z)) = ¢1(23;0, 3).
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Then p(y) = p(y1, Y2, ---, Yn) can be written as:
D(Y1, Y2, s Un) =PWnly1, Y2, s Yn-1) - - - P(y2|tn) - D(1)
/ (Wnlyr, vz, o o1, 2°) - .- p(walyr, 2°) - p(y1|®) - p(2°)da”
= [, P(alat) - P(y2lat) - pynlat) - pladlat ) .
p(z5]7}) - p(af)da’

Lo POl ) (et e0) - plonlef ) - Dt )

-p(a3]y) - p(@]) - plen) - .. - Dle2) - p(er)deda’

- / / P(yala ea) - ple)des
Lo Sy Pkl ) el - plen)dendaf oo
L, /Eg Pl ) o)l
[, [, p@alat. ) - plan) - pler)derdatdat

In our case we want to calculate p(y = 1). Since p(y;|z?, €;) is zero for ¥ +¢; > 0,
as given in Expression (5.2), we get the following recursive expression:

y=1)= L % /€n<_x% p(en)de, L .
I

padlat ) [ plana)den
Pdled) - [ plede [ padled) - plad)
/61<  Plenn)derda ... daf
_/ ;; :0,1) /O lgbl(:pg;exp(l/r)-xﬁ_l,ﬁ—ﬁ-eXp(Q/T))
(a3 0.1) e [ , Or(asexp(1/r) a8 6 — 3 exp(2/r)
0,1 [, drlaie(1/r) a5 - 5 e(2/r))
- $1(29;0, 3) - @1 (29;0,1)dat - ... - da?

n

To calculate this a numerical approximation is needed, so let é(, -, +) be the discrete
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approximation of the normal distribution ¢(-;-,-). Hence

p(y=1)~ %:@1(%2; 0,1) OZ O1(ap; exp(1/r) - )y, B — B - exp(2/r))

Tp—1

<Dy (25 _130,1) - - Y i (2l exp(1/r) - 23, 5 — 3 exp(2/r)) - D (5;0,1)

: Zoj ¢1 (a3 exp(1/r) - 28,8 — B - exp(2/r)) - ¢1(2F; 0, B)) - 1(2;0,1)

£

The sums can be computed recursively and relatively fast, hence is it possible to
estimate ®,(0;0,a - I + SC) relatively fast. This gives a method to also calculate
other Gaussian quantiles, by changing the likelihood model given in Expression
(5.2). Hence can the method be very useful in many different situations. The
method presented here is much faster than simulate from the corresponding dis-
tribution and count the number of points in the desired region.

5.1.2 Localized Pseudo Likelihood Model.

Here we will approximate the likelihood with a pseudo likelihood given as:
PL(ly s 02 ey Vi, O |2°) = {CIJqI(O; ve 1,0, 1+ 73020)}—m

: H D, (%:.C(i) (27 — pa )i v 1,6, 1 + 7:%_‘720 - 73,050(%')0(1'))

i=1

T 612 e, 02).
=1

The high dimensional Gaussian quantile, @y, (v, Ci) (@9 — g ); v 1,0, I+72 02 C'—
73030(1-)0(’1,)), is hard to calculate. The method to calculate quantiles for the
Gaussian distribution presented in previous section does not work here. It is not
possible to express the x-variable as a Markov chain, even for a correlation ma-
trix C' constructed from an exponential correlation function. So an approximated
marginal need to be used. Consider the equivalent parameterization of (¢, v) for x,
as given in Expression (2.4). The marginal variable ¢; is normally mostly correlated
with v;, Vi1, V-1, Vi_2, V19, ..., in decreasing order, such that an approximation can
be defined by setting the correlation between ¢; and v; for |j —i| > |g¢}/2] to zero
for a given ¢f. Where |-] rounds the element to the nearest integer towards zero.
Thus can the marginal distribution be approximated as

CSNug, (o, 0%\ Lay s Vay Ar) & CSNugs (o 07 Ty v AL, (5.3)
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where

L5 =% | C0) | =%Cf) € RE,

Z5

AL =6, 1+ 02 C’*—%UC’ o € Re&=*%,
Hence can the marginals be approximated as

p([L‘Z) = p(tl|'v Z O) ~ p(tz|’U Lq;J Z O, Uit Z O,Ui Z 0,’Ui+1 Z 0, > O)
L Sy

Vit =
By using this approximated marginal distribution will the pseudo likelihood be

—Ng

DL (ttz .02 Yo s Va0 |2%) = [0 (032, 1,6 J+v§,a§,0*>}

H (I)qx V2. C z) — Hg );Ve 1,0, 1 + %%,O-;C* - 7§,O§_Ca)cé?))

’ H ¢1 (I‘?; Mg Ui)
i=1
Then the maximum pseudo likelihood, MpL, is given as

(o, 62 Aw 0,0, ) = argmax  pL*(ita, 02, Ve, Ve, 0 |2°)

M. ’U%, Yz, Ve, ,631

It is observed that this MpL is not defined for all possible choices of parameters,
and this problem is avoided by requiring 62 > 0 and 6 > 0. Then from the defi-
nition of the CS-Gaussian distribution we know that 4, I +4262C—A4262 C»yCp
must be positive definite if C' is positive definite. Then a CS- Gaussmn distribution
will be defined for the estimated parameters. A numerical method can be used
to solve the optimization to determine the parameters, and with the constrained
prior, v, =0 and 0, = 1, is it possible to find the global maximum. The localized
pseudo likelihood will work for every dependency functions, ¢(-), so a exponential
dependency function is not required as for the full likelihood.
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5.1.3 Empirical Test for fL. and Localized pL

We have constructed a test example with p, =0, 02 =1 and 7, = 3 to compare
the two presented estimators. For different range parameters, r, have we generated
100 data points and the estimated parameters are compared in Table 5.1. The tests
are repeated 100 times for each parameter set, and used to estimate an empirical
90% confidence interval.

For the case with » = 0.00001 the estimated parameters are identical, which
is natural since the data points are almost independent. Hence will the pseudo
likelihood be almost identical to the full likelihood. For a higher range parameter
will the full likelihood give better results than the pseudo likelihood. That is also
expected since the approximation of independency in the pseudo likelihood will be
less correct for higher range parameter. The p, parameter seems to be biased for

the pseudo likelihood and highly correlated data. For the case with » = 30, the
2

x.

correct value of i, is not in the empirical confidence interval. The ¢ parameter
is estimated quite reliably for all range values, but the precision is lower for the
higher range parameters. The skewness parameter, v, , is estimated with a high
bias and low precision with the pL estimator. For the pL. with range parameter
larger than 1 the correct value of 7, is not in the empirical confidence interval.
It is natural that also the full likelihood will be less correct for a higher range
parameter, since there are less information in a highly correlated data set than in
an uncorrelated data set. Note that when the distance between two points is 3r,
the correlation is still about 5%. So the practical range with r = 30 is usually

considered to be 90, hence the data is highly correlated.
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Real values
pra =0 |02 =1 | 7. =3
r = 0.00001
fl | i, =0.02  [-0.17,0.19] | 62 =0.98 [0.65,1.33] | 4, = 3.18 [1.96,4.50]
pL* | i, =0.02  [-0.17,0.19] | 62 =0.98 [0.65,1.33] | 4, = 3.18 [1.96,4.50]
r=1
fl | . =017  [-0.10,0.38] | 62 =0.85 [0.52,1.17] | 4, = 2.87 [0.83,5.04]
pL* | fi, =—0.06 [-0.21,0.08] | 62 =1.18 [0.89,1.50] | 4, =5.52 [3.07,9.91]
r =10
fl | fi. =—0.12 [-0.49,0.21] | 62 =0.95 [0.77,1.13] | 4, = 2.78 [0.70,5.61]
pL* | fi, =023  [-0.01,0.55] | 62 =1.45 [0.85,2.18] | 4, =6.14 [4.13,8.40]
r =30
fL | i, =—029 [-1.05,0.19] | 62 =0.95 [0.73,1.15] | 4, =2.49 [0.63,4.49)
pL* | i, =043  [0.18,0.73] |62 =0.99 [0.54,1.57) | 4, =6.90 [4.26,11.52]

Table 5.1: Estimated parameters form 100 data points with exponential correla-
tion, C(i,j) = exp{—|i — j|/r}. The estimation is repeated 100 times for each
case, and the empirical mean of the parameters are presented with an empirical
90% confidence interval.

5.2 tv-space Prior

For this prior we will also define a full likelihood and a pseudo likelihood for
parameter estimation.

5.2.1 Full Likelihood Model.

For the tv-space prior is the full likelihood given as:

-1
L(Ht ) O-t? y Yt s Mo 0-2A ‘mo) = [(I)qsc (Oa o, 1a 0-12;1)]

(5.4)
o V2
o (Lo = )0t - o)

g ' (o

O, (2% 111,07 O)
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The problem here is to evaluate @, (ig Cte(x® =y - 1);—pp 1,021 — f%"C’*).
There is no Markov property with this covariance, hence is the earlier presented
method for Gaussian quantiles not working here. So we need to use a pseudo
likelihood approach.

5.2.2 Pseudo Likelihood Model.

For the prior specified in the tv-space we have to approximate the likelihood with
a pseudo likelihood:

pL(Ht ) O-t? s Vv s Ho s O-QA |mo) = [@1(0’ M, 0’3)} o

Ng 2
,ytll. o 7 v
'Hq)l < 2 (xz _Mt);_/iv.aag - t2‘>
=1

ot O,

: H ¢1<xfu He 0162)
=1

Note that this pseudo likelihood can be calculated without any approximations,
since this pL factorize, as is required with the previous prior. A numerical method
is used to solve the optimization to determine the parameters, but it is often
difficult to ensure that the global maximum is identified. Therefore a constrained
pseudo likelihood approach with p, = 0 and ag‘ = 1 can be used as described in
Section 4.2. It is observed that this pL is not defined for all possible choices of

42
parameters, and this problem is avoided by requiring 62 > 0 and 62 — 1% > 0.
. : 2

With 02 = 1 it is sufficient to require 67 > 42, > 0. This ensures that the
marginals have valid parameters. But to be sure that the simultaneous distribution
has valid parameters, is it necessary to require that

laf C vl 1

5.5
/Ytu I 0-12{ ] ( )

is positive definite.
Then the maximum pseudo likelihood, MpL, is given as

A A2 A A A2\ 2 2 |,,0
(:utﬁ Ut_ s Yiv. s Ho O-v,) - argmax pL(ﬂ’t. ) O-tA y Yt Mo O-vA |$ )
16,07 Yo, b, 02,

With g , 03 and 7y, as the free parameters, this is almost the same problem as
described in Pewsey (2000). The numerical methods to find the maximum of the
pL requires initial values for the parameters, but instead of having a grid of initial
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values we will here present an alternative algorithm to find the global maximum.
It seems that there often will occur two maxima for the log-pseudo likelihood. One
gives an almost Gaussian fit (74, ~ 0) and one with skewness. To understand this
we will first look at the log-pseudo likelihood:

0;0,07))

2
’thu o ’th
0 __ . 1— .
< ( Z; Mt.)voa 0_3 ))

o. 2
[Ei 3 Mt O-t'))

log (pL<,Ut 7Ut » Vv, s Hv 5 Oy |a3 )) = —nglog

(o
—l—Zlog(
+§m@<

=n, log (2)

—i—Zlog( <%§ (7 — . ); 0, 1_1%‘))

t.

—1§:< ) — nglog(y/27 - 0F)

Empirically study shows that 7%, log ((131 <%” (¢ — g ); 0,1 — ?” >) is unimodal.

1

The last part, —1 > (a’” = )2 — ng log(y/27 - 07), is recognized from the Gaus-
sian log—likelihood and is unlmodal. So the log pseudo likelihood seems to have
two modes.

If there exist two modes the parameters can be estimated by initiate p; and
af_ with the standard estimators for the Gaussian distribution. Since 74, is lim-
ited between o, and —o; we will run the numerical method twice with Gaussian
estimates for (p , crf_ ) and the two extreme values of 74, as initial values.
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Algorithm: Maximum pL(u , 07,7, ,0,1|x°)

e Initiate the parameters:

~ _ 1 n o
* fle 0 = 5o Dim1 T

Nax

)

s 1 A2
* 0p 0= mg Li (7 — fir0)

* Ytv.,0 = O0t.0

e Do the optimization to identify (fi, 67 ,%w.)

*. Make sure that the pa-

rameters meet the positive definite requirement given in Expression (5.5).

e Initiate the parameters fi; o, 6,? o and Ay, 0 = —01 o

e Do the optimization to identify (fi;, 67, Y )~

. Make sure that the pa-

rameters meet the positive definite requirement given in Expression (5.5).

e Choose the parameter set with highest likelihood, (fi¢ , 67, 4t

The two maxima is illustrated by an example in Figure 5.2, where a likelihood

for a profile between the two maxima is displayed. The two maxima are found by
the given algorithm, and the value of the likelihood on a linear transect between

these maxima is calculated. Note that the non-Gaussian maximum has the highest
likelihood and also is the solution closest to the correct values of the example which

is u, =0, 03 =2 and vy, = —0.75.

16846

-1.6848 |-

-1.685

16852~

Log-pL

-1.6854 |

-1.6856[

-1.6858

I
(4,=0.08, 67=2.09, 1, =-0.78)

I
(1=-0.54, 67=1.70, y,,=0.00)

Figure 5.2: Log-pL for an example with real values: p; = 0, 0'3 =2 and v, =

—0.75.
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5.2.3 Empirical Test for pL

The estimation procedure was tested on the same parameters as in the empirical
test for the x-space prior in Section 5.1.3, but it seems to be impossible to a have
very skew data with a high correlation, and meet the requirements in Expression
(5.5). So we will study another test example than for the x-space prior. We have
constructed a test example with 100 data points with 4, = 0 and o7 = 4 and
range parameter r = 3. We have done parameter estimation with different values
of v, between —0.8 and 0.8. The test is repeated 100 times for each parameter set.
The empirical mean of the parameter estimation is shown in Table 5.2, with an
empirical 90% confidence interval. All parameter estimates ensures the constrain
in Expression (5.5).

Real values

pe. =0 o =4
Y = 0.8 (Real value)

fi. =0.01 [-0.76,0.62] | 62 =3.96 [2.11,5.95] | 4, =0.75  [0.30,0.96]
Y = 0.5 (Real value)

fi. =021  [-0.65,1.40] | 67 =3.93 [2.35,5.53] | 4, = 0.22  [—0.90,0.94]
Y. = 0.1 (Real value)

fir, =—0.03 [-1.07,1.11] | 62 =4.24 [2.90,5.93] | 4, =0.18  [-0.92,0.97]
Yw. = —0.1 (Real value)

fir, =0.02  [-1.32,1.14] | 62 =4.16 [2.73,5.53] | A4 = —0.12 [—0.96, 0.89]
Y = —0.5 (Real value)

fir. =—0.19 [-1.35,0.87] | 67 =4.10 [2.66,5.93] | 4, = —0.16 [—0.94,0.91]
Yo, = —0.8 (Real value)

fir. =0.01  [-0.77,0.76] | 67 = 3.81 [2.61,5.22] | 4, = —0.72 [—0.93,0.10]

Table 5.2: Parameter estimation with different values of v, . 100 data points with
pe. =0 and o7 =4 and r = 3.

It is observed that for data with low skewness the precision in the estimation
is very low. Specially the v, seems to be hard to estimate. For small values of
|7t | the value of the pL for the two maxima are often close to each other. Hence
will the wrong maxima (74, = 0) be chosen more often for small values of |, |.
But the answer for small values of |y, | will not be affected so much as for higher
values of |y, |. So it seems that the cases with 74, = 0.5 and v;, = —0.5 will be
influenced most.
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5.3 Closing Remarks

For parameter estimation it seems to be hard to fulfill the requirements in Ex-
pression (5.5) for the tv-space prior. Specially to combine high skewness and high
correlation seems to be really difficult. So it seems that the x-space prior with the
full likelihood estimator is the best choice, since the requirements for the parame-
ters are easier to fulfill. The full likelihood also takes into account the correlation
in the data. But the full likelihood requires a exponential correlation measure. For
other correlation functions must the pL be used. It will also be possible to let the
range parameter be a free parameter, and then optimize the likelihood with respect
to fiz, 02, ¥, and r. The optimization will be much more computer demanding.
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Chapter 6

The CST-distribution

In Karimi et al. (2009) is the inversion done for the elastic material properties: P-
wave velocity, S-wave velocity and density. The results shows that the distribution
of the P-wave velocity has a bit heavier tails than the CSN-distribution. Therefore
it would be useful to have a skew distribution with heavier tails. To meet this
requirement the multivariate closed-skew (CS) T-distribution is defined.

The CST-distribution is a generalization of the T-distribution. In a similar
way as the CS-Gaussian distribution it adds skewness into the model. First we
present some properties of the multivariate T-distribution:

6.1 Multivariate T-distribution

The multivariate T-distribution is a generalization of the Student’s t-distribution
and a random vector y € R" is multivariate T-distributed

y~T,(p,Q,n)

if the pdf is

_ n+n
2
2

1) (g-m)m

where T'(+) is the gamma function, g € R™ is a centering vector, 2 € R"*" is a

n+n)

To(Ys 1, 0, 1) = al /2|Q|‘% <1+717(y—u)’9‘1(y—u)>

positive definite dependence matrix and n € R, is the degree of freedom.
Some relevant characteristics are given in Roislien and Omre (2006):

1. Special case of the T-distribution:

To(p, 1) "= Ny (g, Q)

51



CHAPTER 6. THE CST-DISTRIBUTION

2. Moments of T-distribution: Let & ~ T, (u,Q2,n) then

E(@)=p; n=>2

Ui
:7-9' >
Cov(x) PRt n>3

3. Linear combinations of T-distributed random variables are also T-distributed.
Let & ~ T, (w,2,7n) and A be a deterministic [ X n matrix then

[Az] ~ Ty(Ap, AQA" 1)

4. T-distributed random variables conditional of the components are also T-
distributed. Let & ~ T,(w,,n), with z; € R* and x, € R"* being two
subvectors of & = [@], x})’. Further let the parameters associated with the

Hq Qyy Fw]
= y Q p— .
H [HJ [Fm Qo

subvectors be:

Then

[y [a2] ~ T (g + D120 (T2 — ), () - (1 — T1225, Ton),m + 1 — k)

where

B 1
- n—k
1+ Tl

() (1 Ha oyt (ee - )

5. Components of T-distributed random variables are non-independent. Let
x = [z}, x| be as above, then

Tn(l-l’a Qﬂ?) 7é Tn(l'l’la Q11777) : Tn(u’Qv Q22777); n <00

for all eligible (u,€2). Even for the particular case where I'j5 and I'y; being
a zero-matrix this holds. The subvectors @; and x5 will not be independent
even if €2 is a block matrix. When 1 — oo we get the multivariate Gaussian
case and independence can be obtained.

6.2 The CST-distribution

The closed-skew T-distribution adds skewness into the T-distribution. The most

convenient way to define the CST-distribution is to consider a random vector
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t € R" and a random vector v € R?. Let the joint pdf of (¢,v) be multivariate

T-distributed as
t l’l’t Qt Ft’v
~ T .
BRI
Then the CST-distributed variable of interest € R™ is defined as
x = [tjv > 0].

Let p(x) be the generic term for a pdf of the argument, and the term p(x|d)
represents the conditional pdf of  given d. The pdf of @ is then given as:

p(v > 0t)p(t)
p(v > 0)
:[1 - IZJ(O’ Iy, Q,, 77)]_1 [1 - 7:1(07 o)t Qv|ta n+ n)} Tn(t; 222 Q, 7))7

x ~p(z) =p(tlv > 0) =

where

Hoje =, + Dot (E — 1)

1 1 _ _
Qe :1 +n <1 + E(t - .ut)/Q l(t - Ht)) (Qy — T2y 1Ftv)

n

Here 7,(-; i, €2, 1) is the g-dimensional cumulative T-distribution. The closed-skew
T-distribution can be parameterized as:

CST,q(p, 0T, v, A n) = [T,(0; v, A+TQT 0)] T, (D(x—p); v, A, n+n) 1 (2 1, Q, 1)

with p=p,, Q=Q, I =T, Q' wv=—p, and A = Qe
The transformation between the CST-distribution for & and the T-distribution
for (t,v) is one-to-one given by:

@ = [tfo > 0] ~ CST, (1, AT, v, A, ) & m ~ Ty ( M , [“ F“’] m)
’ v v th Qv

(6.1)
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with
p=p €R pe=pER
Q=Q, e R O, =Q e R
[ =T, R = I, =107 =TQecRX"
v=—un, cR? p, = —v cR?
A=Q,-T,0'T, € Rrxd Q, = A+TQI" € RIx4

6.3 Properties of the CST-distribution

Some favorable characteristics of the CST-distribution that are relevant for inver-
sion problems are given here and proven in Appendix A:

1. Linear combinations of components CST-distributed random variables are
also CST-distributed random variables. If @ ~ CST,, ,(p, 2, I, v, A, n) and
A is a deterministic [ X n matrix with (I <n). Then

[y = Ax] ~ CSNy4(p,, Q. Ty vy, Ay, my),

where
py, =Ap,
Q, =AQA,
r, =I4'a",
v, =v,
Ay =A+TQI" —IQA'Q, ! AQT
Ty =1

So the CST-distribution is closed under linear transformations. This is
proven in Appendix A.1. Note that a result is that also marginal pdfs will
be CST by choosing A = b’(i) with by an n x 1 vector with entries zeros
except for element number i, so that x; = b'i)af:.

2. Components of CST-distributed random variables are presumable non-independent.
From property 5 in Section 6.1 we know that components of T-distributed
random variables are non-independent, hence is unlikely that there is possible
to construct a CST-distributed random variable with independent compo-
nents. We have not been able to prove this.
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3. CST-distributed random variables conditional of the components are also
CST-distributed variables. Let @ ~ CST, ,(u,Q, T, v, A n), with z; € R*
and xy € R"* being two subvectors of & = [z}, z,]. Further let the param-
eters associated with the subvectors be:

Hq Q1 Qo
- ) Q= 5 =T ,F .
# L‘j [921 922] P )

Then
[@1|xs] ~ CSTk,q(Nma Dj2, Tip, vip, Ao, 771\2)-

Where

Pajy =Hy + Q1285 (22 — py),
Qe =r(n)(Qu1 — Q12055 Qa1),

Iy =TIy,

Vi =V — (FQ + F1912Q2_21> (T2 — py),
Aqjp =k(n)A

M2 =1

This is proven in Appendix A.2. So the CST-distribution is closed under linear
transformation and conditioning.

6.4 Examples of the CST-distribution

The CST-distribution is closely related to the CSN-distribution and the T-distribution.
To illustrate the characteristics of the CST-distribution some examples of the dis-
tribution will be shown. We will first consider a CST-distributed x € R, with the
similar base case as in Section 2.4 with

p=5 Q=9 TI=1 v=0, A=0.05 (6.2)

Note that 2, I' and A here are one dimensional matrices. In Figure 6.1 are the
density displayed for four different degrees of freedom, 7. For n = oo we have a
CSN distribution and the same density as displayed in Figure 2.1. It is observed
that lower degrees of freedom gives heavier tails.
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—_—c

——1=3

Figure 6.1: Pdf for different degrees of freedom. =5, Q2 =9, I'=1, v =0 and
A = 0.05.

The same situations will occur for higher dimensional problems, and we will
here also study a particular CST-distributed variable & with n = ¢ = 2, and
parameters

S S e S ¥

The pdf of this two dimensional CST distribution is shown in Figure 6.2. The CSN-
distribution with n = oo is displayed in Figure 6.2a and the CST-distribution with
n = 2 is displayed in Figure 6.2b. It is observed that the distribution with n = 2
has heavier tails than the other.

56



6.4. EXAMPLES OF THE CST-DISTRIBUTION

Figure 6.2: Bivariate pdf and marginal pdfs for a CST-distributed «.

57



CHAPTER 6. THE CST-DISTRIBUTION

6.5 Bayesian CST Inversion
Let & € R™ be the variable of interest and consider a linear model
d=Hx

where d € R™ is measured data, ny < n,. Note that there can not be an error
term, e. From property 2 in Section 6.3 we know that it probably not is possible to
specify a multivariate CST-distribution of independent vectors Hax and e. Hence
is it not possible to have an independent error term in the model. The prior model

for x is defined as
T ~ CSTnm,qm (ll:gm Qa:7 Vg, Aza 77)

Let this define a T-distributed vector as:

¢ wl [ on  ar
r=Ht| ~T, tnytq | |Hit|, | HQ HQH' HQ, I N
v -V, r,Q, r,Q.H A,+T0,Q.1I"
where
x=[tlv>0], teR"™ uecR"
d=[rlv>0] reR" veRM
Then
t|r My ‘| [Qt|r Ftvr‘| >
~ Tnz T |r 9 9 + n )
L)h'] i (L”vlr thl” Q15|7’ 7 ¢
where

poyr =t + QH' (HQH') ™ (r — Hpy)

Moy = — Vo + DG H'(HQH') ™ (r — Hp,)

Qjp =k + na) (Q — QH'(HQ,H') " HQ,)

Qupp =r(n+na) (D + T QT — TQH(HQ,H) (1,0, H'))
Tope =k + na) (TeQ — T H'(HQ,H') 7).

Then from the definition of the CST-distribution we have:

{w‘d} = [t"", v Z 0] ~ CSTnz,qz (Mm|d7 Q:I?|d7 Fm|d7 Vx|d7 Am‘da n + ng + Qx)
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6.5. BAYESIAN CST INVERSION

where

e QIHI(HQ:CH/>_1(T — Hpy,)

Quja =k(n+ ng + ¢2) (0 — QH'(HQH') THQ,)
o =k(0 + 14+ ¢2) (TaQe — T H' (HQH) ) Q)

Vg =Vy — Do H' (HQ, H) Y(r — Hp,)

Agja =K1+ na + qx) (Ag + 00,1, — T QH'(HQ,H') (D0, H'Y)

In the limit n — oo we get k() — 1 and the parameters are identical as
presented in Section 2.5 for the CS Gaussian distribution. Note that there is only
one parameter for the degrees of freedom, such that there is not possible to have
different degrees of freedom for different marginals. It might be possible to make

a CST-distribution with a vector of degrees of freedom, but we have not had time
to study this here.

59






Chapter 7

Inversion Case Study

In Buland and Omre (2003) Bayesian Gaussian inversion is used on data from the
Sleipner st field in the North Sea. The Sleipner @st field is a gas condensate
field in the southern part of the North Sea. The depth of the reservoir is in the
range of 2270 to 2500 meter sub-sea. The prior model is inferred from elastic
properties in a well, and the assumptions for a Gaussian model are justified by a
probability plot. The data do not fit a Gaussian model very well, but the authors
states that assuming a Gaussian prior model is necessary to make the inversion
analytically tractable. In Karimi et al. (2009) it is shown that a CS-Gaussian
approach makes it possible to capture the skewness in the data and still obtain
analytical tractability.

The same data set that is used in Karimi et al. (2009) is used here to generate
realizations from the posterior model and to test the efficiency of the simulation
algorithms. Then the algorithms can be tested with real data and real parameters.
The two different prior models and the different parameter estimators are tested
with real data.

We have limited our study to consider the CS-Gaussian distribution. The
CST-distribution is more general and could possibly give even better results.

7.1 Seismic Inversion Model

The data is collected from a seismic vessel, generating waves that propagates
through the water and the seabed. In the layers in the seabed the properties of
the medium change, and portions of the waves are reflected to the surface where
hydrophones on the seismic streamers behind the vessel registers the amplitudes
of the reflected waves. This results in a set of stacked seismic data. This gives a
convolved linear relation between the data and the reflection coefficient, r,

d=Wr+e,
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where W is a wavelet matrix shown in Figure 7.1. The seismic observation error is
defined as e = We; + ey, where e; and es are independent Gaussian distributed
with mean zero and variance 2. Hence e is wavelet colored with mean zero and
variance ¥, = o2(WW’+1). Since the CS-Gaussian distribution is a generalization
of the Gaussian distribution e is also CS-Gaussian distributed as CSN(0, %, -, -, -),
where the three latter parameters are unspecified since ¢ = 0.  The reflection

Wavelet
25

20

Figure 7.1: Wavelet

coefficient for layer j can be written as r; = ajr) / a§-i), where agr) is the reflected
amplitude of the wave and ay) is the amplitude of the incident wave between layer
j and j + 1. Let v; be the velocity of the P-wave and let p; be the density in
layer j, as shown in Figure 7.2. Then will the impedance, z;, in layer j be v;p;.
The parameters v and p from a well at the Sleipner @st field is used to calculate
the impedance, 2z, and the resulting data are displayed in Figure 7.3. The depth
interval used is [2050,2378] milliseconds with two milliseconds sampling interval
making the number of data, T' = 165.

For normal incidence Zoeppritz’ equations reduce to a simple form as described
in Sheriff et al. (1995). This gives

g Y VPl T VPG Eil T
I Tm) =
o) vtz
Az; 1
~ —L ~ ~Aln(z;).

T2 2
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@y
Layer j Pj

Vj41
Layer j + 1 Pj+1

Figure 7.2: Layer 7 and j + 1.

Where In(+) is the natural logarithm and Alnz; = Inz;1; —In z;. Then the linear
relation between d and r becomes

d=Wr+e=WDIlhz+te
= Hx + e, (7.1)

where x =Inz, H = WD and D is given as

1 1 0 -+ .o 0]

o -1.1 0 -0

N :
D=->
2

o --- . 0 -11

0 - - 0 0 0

Then the model is on the same form as in Expression (2.7). From the model
described in Expression (7.1) and the observed impedances, synthetic seismic data,
d, can be created. The error variance is set to 02 = 5-107° as used in Karimi et al.

(2009). The observed impedance, z° is displayed in Figure 7.3 and the synthetic
seismic data is displayed in Figure 7.4.
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P-Wave Velocity Density Impedance
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2100 2100 2100
2150+ 2150 2150
’g 2200 g 2200 g 2200
= = =
2250+ 2250 2250
2300 23001 2300
2350 2350 2350
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Figure 7.3: Material property observations from a well.
Seismic data
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Figure 7.4: Synthetic seismic data.
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7.1. SEISMIC INVERSION MODEL

In order to solve the inverse problem a prior model for  must be determined.
It is natural to assume a stationary prior as described in Section 4.1. The used
dependency measure is c(h) = exp{—h/15}. The empirical correlation function
and the used dependency measure are displayed in Figure 7.5. As described in

1

0.9 b

0.8 * b

0.7 i

Correlation
o o o o
w S (6] [}
T T T T
*
*
L L L

o
o
T
/o*
*
*
I

0 10 20 30 40 50 60 70

Figure 7.5: Fitted correlation function of the log-impedance In(z).

Chapter 4 are there three different priors that can be used. For the x-space prior
with the pseudo likelihood estimator is g} set to 3. The results from the different
priors are:

X-space prior:
fL: g, =15.85, &
pL*: fi, =15.78, &
tv-space prior:
pL: fi; = 15.61, &, =0.0110, 43, = —0.019,
Gaussian prior:
pL: i, = 15.59, 67 = 0.0109.

- =0.0351, 4, =—15.32
=0.0398, 4, =—32.73

The different prior models are displayed together with the observations in Figure
7.6. Because of the high range parameter and the positive definite restrictions in

65



CHAPTER 7. INVERSION CASE STUDY

15.2 15.3 15.4 15.5 15.6 15.7 15.8
Lnz

Figure 7.6: Estimated CS-Gaussian model and histogram of the log-impedance
In(z). Solid line (—) is with the fL and the x-space prior. Dashed line (— — —)
is the pL* with x-space prior. Doted line, (---), is pL with the tv-space prior.

Expression (5.5) is it not possible to capture the skewness in the data with this
tv-space model. Hence is the parameters with the tv-space prior almost Gaussian.
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7.2 Inversion Results

To predict the impedance, z, from the seismic data the posterior distribution of
x is found as described in Section 2.5. As displayed in Figure 7.7 the [terative
Simulation algorithm appears to converge after 15 iterations, because of the fact
that the distribution is unimodal as discussed before. After the burn in period are
1000 realizations generated from the posterior model. Realization number 100,
400, 700 and 1000 are displayed in Figure 7.8 with parameters from the x-space
prior and fL. The median of z is calculated from these 1000 realizations. Then
the impedance is calculated as [z/]?l] = exp([aj\:l]) = exp(Qos(x|d)). In Karimi
et al. (2009) is the prediction from the posterior done by an approximation, since
they are not able to generate from the full posterior distribution. But with the
Iterative Simulation algorithm presented in this thesis it is possible to generate
realizations from the full posterior distribution. In Figure 7.9 the true impedance
is compared with the predicted impedance for the x-space prior with fL, and it
is observed that the predicted values fit the true data quite good. The generated
realizations are also used to make 80%-prediction interval as displayed in Figure
7.10 for the x-space prior with the fL. estimator. The results seems to fit the real
values very good. In Figure 7.11 the results for the x-space prior with the pL*
estimator is displayed, hence is it observed that the result is heavy shifted.

100
~ T T
/
oo--* \
80
70

60

IH,

50

40

30

20

oL L L L L L L L L L
0 5 10 15 20 25 30 35 40 45 50

Itteration number

Figure 7.7: Traceplot for convergence of v.
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Impedance Impedance
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2400 , , , , , ) 2400 , , , , , , )
45 5 55 6 6.5 7 7.5 45 5 55 6 6.5 7 7.5 8
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(a) Realization number 100. (b) Realization number 400.
Impedance
|
2050~ mpedance 2050 -
2100t 21001
2150 2150
2200+ __ 22001
/(-n\ (2}
€ E
g £
= =~
. 2250+ 2250
2300+ 2300+
[ -_—
o350L % 2350
2400 . . . . . ) 2400 . , . , , , . )
45 5 55 6 6.5 7 4 4.5 5 55 6 6.5 7 7.5 8
kg/m® m/s x10° kg/m® m/s x 10°

(¢) Realization number 700.

(d) Realization number 1000.

Figure 7.8: Realizations from the posterior model. The x-space prior and the full

Likelihood estimator is used.
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Impedance
2050 T
2100 q
2150 q
2200t ,
@
£
T
£
[
22501 T
23001 T
23501 4
2400 : : : : ‘ ‘ :
4 45 5 5.5 6 6.5 7 75 8
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Figure 7.9: Inversion results from Bayesian CS-Gaussian inversion. The true
impedance and the predicted impedance. The x-space prior and the full Like-
lihood estimator is used.
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21501

__2200F
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4 . . .
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Figure 7.10: 80%-prediction intervals (thin dotted) and predictions (thick solid).
The x-space prior and the full Likelihood estimator is used.
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Impedance

2050

2100+

2150

2200

Time(ms,

2250

2300+

2350

2400

kg/m3 m/s

Figure 7.11: 80%-prediction intervals (thin dotted) and predictions (thick solid).
The x-space prior and the pseudo Likelihood estimator is used.

In Table 7.1 is the fraction of correct values that lies below the corresponding
quantiles listed. The x-space prior with fL. estimator gives the best results, but
the predicted interval is a bit too wide. The predicted impedance is not centered

for the x-space prior with pL*. That can be a result of the approximation for

the parameter estimation and a too low ¢;. To use a higher ¢} requires that a ¢}-

dimensional Gaussian cdf is evaluated for every step in the numerical optimization.

The tv-space prior with pL. estimator gives almost the same results as the Gaussian

prior. The bias is a bit higher than for the x-space fL. estimator, and the predicted

interval is wider.

Theoretical: 0.1

Estimated, x-space prior fL: 0.048
Estimated, x-space prior pL*:  0.006
Estimated, tv-space prior pL:  0.036
Estimated, Gaussian prior pL: 0.036

0.5
0.482
0.030
0.619
0.590

0.9
0.956
0.446
0.960
0.970

Table 7.1: Fraction of observations below predicted quantiles.
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The Iterative Simulation algorithm use only about 35 seconds to generate 1015
realizations and estimate the median, but the Brute Force Simulation algorithm
and the Two Steps Simulation algorithm were not able to generate one single
realization during three weeks.
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Chapter 8
Closing Remarks and Further Work

In this thesis the properties of the CS-Gaussian distribution have been studied,
with a special focus on Bayesian inversion. Bayesian inversion and parameter
inference from data is more complicated than for the Gaussian distribution, there-
fore it is necessary to generate realizations from the CS-Gaussian distribution.
An efficient simulation algorithm to generate realizations from a high dimensional
problem has been obtained. In contrast to Karimi et al. (2009) is it here possible
to generate realizations of the posterior model without any approximations. Dif-
ferent stationary prior models and different methods to do parameter estimation
have been developed. For an exponential dependence structure is it possible to
use a full-likelihood estimator, hence also capture the dependency in the data.

The simulation algorithm for the CS-Gaussian distribution were implemented
and shown to work well on synthetic seismic data inspired by the Sleipner @st field.
Also the different prior models and estimators for the CS-Gaussian distribution
are tested on the data set. The full-likelihood estimator seems to be the best
estimator for data with exponential dependence structure.

A skew distribution with heavy tails, CST-distribution, is presented with some
properties and examples. But it is still much to study about this distribution.
A sampling algorithm should be developed, and it would also be useful to have
different degrees of freedom for each dimension of the CST-distribution. The
Bayesian CS-Gaussian inversion could also be extended to handle 3D problems.
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Appendix A

Proof of Properties for the
CST-distribution

A.1 Closed Under Linear Transformations

Let & = [t|jv > 0] ~ CST,, ,(p, 2, T, v, A1), and let A be a deterministic [ x n
matrix with (I < n). If we do the transformation of & to the tv-space as given in
Expression (6.1) we obtain

o~ () far arar] )

Hence will the distribution of (At, v) be as given in property 3 by Section 6.1:

At o Ap] [AQAT  ATQ
v Ha\ | _pl lora’ A+Tor|)

Then we can do the transformation back to the x-space and we obtain:
y = Az = [At|v > 0] =~ CSleq(p,y, Q,, Ty vy, Ay ny),
where the parameters are given as

p, =Ap,

Q, =AQA,

r, =reA'Q "
v, =V,

A, =A+TQI" —TQA'QTAQL
Ty =1-



APPENDIX A. PROOF OF PROPERTIES FOR THE CST-DISTRIBUTION

A.2 Closed Under Conditioning

Let @ ~ CST,, ,(p, Q, T, v, A n), with £; € R* and @, € R"* being two subvec-
tors of & = [@], x})’. Further let the parameters associated with the subvectors

be:
Hq Q11 Qo
= s Q = 5 F — F ,F .
H [Mg] lQm Q22] [ ! 2]

If we do the transformation of @ to the tv-space as given in Expression (6.1) we

obtain

ty J Q4 Qo QI + QoI

ty| ~Thig Mo |, Qg Qo QoI + QoI | 7

v bt %4 FlQn + FéQQl Flle + FQQQQ A + ror’
Hence will the distribution of (1, v)|t2] be as given by property 4 in Section 6.1:

o -“t1|t2‘|
ll’ v -
favlta _/"'l’v|t2

[ M P —1
_—Vj [FQQQQ + F1912] 2 (b = p12)

_ oy + Q1o (b — pay) 1
|—v1 A+ (D + D110 ) (E2 — o)

and the correlation matrix of (¢1,v) given t, is

Q . Qtlltg Ftlv‘tg
t1’U|t2 - F Q
’Ut1|t2 U|t2

—r(n) <[ Oy QI+ ler‘/g]

FlQH + FQQQl A+ ror’

SN
o9 + 11 Qg | 2% Doy + T Q10

—r(n) O QM+ QI
PArQy + 100y A+ TQIY
B l 1955 O Q15T + Q19955 Qo T 1)
FQQQl -+ Flglggglegl FQQQQF/Q + FQQQlFll -+ Flngf’Q -+ FIQHQEQIQ21F/1

Then we can do the transformation back to the x-space and we obtain
[@1]22] ~ CSTk,q(Muz,QuQ,FumV1\27 A2, M1j2)-
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A.2. CLOSED UNDER CONDITIONING

Where

K2 =Hyi e, = P + Q1292_21 (152 — ,ug),
Ql|2 :Qtﬂtz = ”(77)(911 - Q1292_21921>,

K
F1|2 :th1|t29;|1t2 = ,‘QEZ;(FIQH + FgQQl — FQQQl — F19129;21Q21)(911 — 91292721921)71

:1"1
Vip = — Py, =V — (T2 + 110005, ) (z2 — py),
Atz =ity — Doty 12t 12Tt 0]t
=k(N) (A + T1Q1 T + T1Q12T% + ooy I + ToQdoo T
— ToQolh, — T9Qoi T — T Q0o — T1019055 Qo T
—I4 QT — 91292—;921rg))
=r(n)A
M2 =1
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