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Abstract

This thesis is concerned with the extension of the
theory and computational techniques of time-series linear
prediction to two-dimensional (2-D) random processes.

2-D random processes are encountered in image processing,
array processing, and generally wherever data is spatially
dependent. The fundamental problem of linear prediction is
to determine a causal and causally invertible (minimum-
phase), linear, shift-invariant whitening filter for a

given random process. In some cases, the exact power density
spectrum of the process is known (or is assumed to be known)
and finding the minimum-phase whitening filter is a deter-
ministic problem. In other cases, only a finite set of
samples from the random process is available, and the
minimum-phase whitening filter must be estimated. Some
potential applications of 2-D linear prediction are Wiener
filtering, the design of recursive digital filters, high-
resolution spectral estimation, and linear predictive coding
of images.

2-D linear prediction has been an active area of
research in recent years, but very little progress has been
made on the problem. The principal difficulty has been the
lack of computationally useful ways to represent 2-D
minimum-phase filters.

In this thesis research, a general theory of 2-D
linear prediction has been developed. The theory is based
on a particular definition for 2-D causality which totally
orders the points in the plane. By paying strict attention
to the ordering property, all of the major results of 1-D
linear prediction theory are extended to the 2-D case.

Among other things, a particular class of 2-D,
least-squares, linear, prediction error filters are shown
to be minimum-phase, a 2-D version of the Levinson algorithm
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is derived, and a very simple interpretation for the failure
of Shanks' conjecture is obtained.

From a practical standpoint, the most important
result of this thesis is a new canonical representation for
2-D minimum-phase filters. The representation is an ex-
tension of the reflection coefficient (or partial correla-
tion coefficient) representation for 1-D minimum-phase filters
to the 2~D case. It is shown that associated with any 2-D
minimum-phase filter, analytic in some neighborhood of
the unit circles, is a generally infinite 2-D sequence of
numbers, called reflection coefficients, whose magnitudes
are less than one, and which decay exponentially to zero
away from the origin. Conversely, associated with any such
2-D reflection coefficient sequence is a unique 2-D
minimum-phase filter. The 2-D reflection coefficient repre-
sentation is the basis for a new approach to 2-D linear
prediction. An approximate whitening filter is designed
in the reflection coefficient domain, by representing it
in terms of a finite number of reflection coefficients.

The difficult minimum-phase requirement is automatically
satisfied if the reflection coefficient magnitudes are
constrained to be less than one.

A remaining question is how to choose the reflection
coefficients optimally; this question has only been partially
addressed. Attention was directed towards one convenient,
but generally suboptimal method in which the reflection
coefficients are chosen sequentially in a finite raster scan
fashion according to a least-squares prediction error
criterion. Numerical results are presented for this ap-
proach as applied to the spectral factorization problem.

The numerical results indicate that, while this suboptimal,
sequential algorithm may be useful in some cases, more
sophisticated algorithms for choosing the reflection co-~
efficients must be developed if the full potential of the
2-D reflection coefficient representation is to be realized.

Thesis Supervisor: Arthur B. Baggeroer

Title: Associate Professor of Electrical
Engineering
Associate Professor of Ocean Engineering
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CHAPTER 1

INTRODUCTION

1.1 One-dimensional Linear Prediction

An important tool in stationary time-series analysis
is linear prediction. The basic problem in linear predic-
tion is to determine a causal and causally invertible linear
shift-invariant filter that whitens a particular random
process. The term "linear prediction" is used because if
a causal and causally invertible whitening filter exists,
it can be shown to be proportional to the least-squares
linear prediction error filter for the present value
of the process given the infinite past.

Linear prediction is an essential aspect of a
number of different problems including the Wiener filter-
ing problem [l], the problem of designing a stable recursive
filter having a prescribed magnitude frequency response [2],
the autoregressive (or "maximum entropy") method of spectral
estimation [3], and the compression of speech by linear
predictive coding [4]. The theory of linear prediction
has been applied to the discrete-time Kalman filtering
problem (for the case of a stationary signal and noise)
to obtain a fast algorithm for solving for the time-
varying gain matrix [5]. Linear prediction is closely
related to the problem of solving the wave-equation in a

nonuniform transmission line [6], [7].



In general there are two classes of linear pre-
diction problems. 1In one case we are given the actual power
density spectrum of the process, and the problem is to
compute (or at least to find an approximation to) the
causal and causally invertible whitening filter. We
refer to this problem as the spectral factorization problem.
The classical method of time-series spectral factoriza-
tion (which is applicable whenever the spectrum is rational
and has no poles or zeroes on the unit circle) involves
first computing the poles and zeroes of the spectrum,
and then representing the whitening filter in terms of the
poles and zeroes located inside the unit circle [1].

In the second class of linear prediction problems
we are given a finite set of samples from the random
process, and we want to estimate the causal and causally
invertible whitening filter. A considerable amount of
research has been devoted to this problem for the special
case where the whitening filter is modeled as a finite-
duration impulse response (FIR) filter. We refer to this
problem as the autoregressive model fitting problem. 1In
the literature, this is sometimes called all-pole modeling.
(A more general problem is concerned with fitting a
rational whitening filter model to the data; this is called
autoregressive moving-average or pole-zero modeling.
Pole-zero modeling has received comparatively little

attention in the literature. This is apparently due to



the fact that there are no computational techniques for
pole-zero modeling which are as effective or as convenient
to use as the available methods of all-pole modeling.)

The two requirements in autoregressive model fitting are
that the FIR filter should closely represent the second-
order statistics of the data, and that it should have a
causal, stable inverse. (Equivalently, the zeroes of

the filter should be inside the unit circle.) The two
most popular methods of autoregressive model fitting are
the so-called autocorrelation method [3] and the Burg algo-
rithm [3]. Both algorithms are convenient to use, they
tend to give good whitening filter estimates, and under
certain conditions (which are nearly always attained in
practice) the whitening filter estimates are causally

invertible.

1.2 Two-dimensional Linear Prediction

Given the success of linear prediction in time-
series analysis, it would be desirable to extend it to
the analysis of multidimensional random processes, that is,
processes parameterized by more than one variable. Multi-
dimensional random processes (also called random fields)
occur in image processing as well as radar, sonar, geo-
physical signal processing, and in general, in any situation

where data is sampled spatially.
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In this thesis we will be working with the class
of two-dimensional (2-D) wide-sense stationary, scalar-
valued random processes, denoted x(k,%) where k and 2
are integers. The basic 2-D linear prediction problem is
similar to the 1-D problem: for a particular 2-D process,
determine a causal and causally invertible linear shift-
invariant whitening filter.

While many results in 1-D random process theory are
easily extended to the 2-D case, the theory of 1-D linear
prediction has been extremely difficult, if not impossible,
to extend to the 2-D case. Despite the efforts of many
researchers, very little progress has been made towards
developing a useful theory of 2-D linear prediction. What
has been lacking is a computationally useful way to represent
2-D causal and causally invertible filters.

Our contribution in this thesis is to extend
virtually all of the known 1-D linear prediction theory
to the 2-D case. We succeed in this by paying strict
attention to the ordering properties of points in the plane.

From a practical standpoint, our most important
result is a new canonical representation for 2-D causal
and causally invertible linear, shift-invariant filters.

We use this representation as the basis for new algo-
rithms for 2-D spectral factorization and autoregressive

model fitting.
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1.3 Two-dimensional Causal Filters

We define a 2-D causal, linear, shift-invariant
filter to be one whose unit sample response has the sup-
port illustrated in Fig. 1l.1. (In the literature, such
filters have been called "one-sided filters" and "non-
symmetric half-plane filters," and the term "causal filter"
has usually been reserved for the less-general class of
quarter-plane filters. But there is no universally accepted
terminology, and throughout this thesis we use our own
carefully defined terminology.) The motivation for
this definition of 2-D causality is that it leads to sig-
nificant theoretical and practical results. We emphasize
that the usefulness of the definition is independent of
any physical properties of the 2-D random process under
consideration. This same statement also applies, although
to a lesser extent, to the 1-D notion of causality; often
a 1-D causal recursive digital filter is used, not because
its structure conforms to a physical notion of causality,
but because of the computational efficiency of the
recursive structure.

The intuitive idea of a causal filter is that
the output of the filter at any point should only depend
on the present and past values of the input. Equivalently
the unit sample response of the filter must vanish at all
points occurring in the past of the origin. Corresponding

to our definition of 2-D causality is the definition of



Fig. 1.1 sSupport for the unit sample response of a 2-D
causal filter.

12
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"past," "present," and "future" illustrated in Fig. 1.2
This definition of "past," "present," and "future" uniquely
orders the points in the 2-D plane, the ordering being

in the form of an infinite raster scan. It is this "total
ordering" property that makes our definition of 2-D
causality a useful one.

1.4 Two-dimensional Spectral Factorization and
Autoregressive Model Fitting

As in the 1-D case, the primary 2-D linear prediction
problems are 1) The determination (or approximation) of
the 2-D causal and causally invertible whitening filter
given the power density spectrum (spectral factorization) ;
and 2) The estimation of the 2-D causal and causally invertible
whitening filter given a finite set of samples from the
random process (for an FIR whitening filter estimate, the
autoregressive model fitting problem). Despite the
efforts of many researchers, most of the theory and computa-
tional techniques of 1-D linear prediction have not been
extended to the 2-D case.

Considering the spectral factorization problem,
the 1-D method of factoring a rational spectrum by com-
puting its poles and zeroes does not extend to the 2-D
case [8], [9]. Specifically, a rational 2-D spectrum
almost never has a rational factorization (though under

certain conditions it does have an infinite-order
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Future

A\

Associated with any point (s,t) is a unique

"past" and "future."

Fig. 1.2
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factorization). The implication of this is that in most
cases we can only approximately factor a 2-D spectrum.

Shanks proposed an approximate method of 2-D
spectral factorization which involves computing a finite-
order least-squares linear prediction error filter [10].
Unfortunately, Shanks method, unlike an analogous 1-D
method, does not always produce a causally invertible
whitening filter approximation [11].

Probably the most successful method of 2-D spectral
factorization to be proposed,is the Hilbert transform method
(sometimes called the cepstral method or the homomorphic
transformation method [8]1, [12}, [13], [14]). The method
relies on the fact that the phase and the log-magnitude of
a 2-D causal and causally invertible filter are 2-D Hilbert
transform pairs. While the method is theoretically exact,
it can only be implemented approximately, and it has some
practical difficulties.

Considering the autoregressive model fitting prob-
lem, neither the autocorrelation method nor the Burg algorithm
has been successfully extended to the 2-D case. The 2-D auto-
correlation method fails for the same reason that Shanks
method fails. The»Burg algorithm is essentially a
stochastic version of the Levinson algorithm, which was
originally derived as a fast method of inverting a

Toeplitz covariance matrix [15]. Until now, no one has
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discovered a 2-D version of the Levinson algorithm that

would enable a 2-D Burg algorithm to be devised.

1.5 New Results in 2-D Linear Prediction Theory

In this thesis we consider a special class of 2-D
causal, linear, shift-invariant filters that has not
previously been studied. The form of this class of filters
is llustrated in Fig. 1l.3. It can be seen that these
filters are infinite-order in one variable, and finite-
order in the other variable. Of greater significance
is the fact that according to our definition of 2-D
causality, the support for the unit sample response of these
filters consists of the points (0,0) and (N,M), and all
points in the future of (0,0) and in the past of (N,M).

The basic theoretical result of this thesis is that by
working with 2-D filters of this type, we can extend
virtually all of the known 1-D linear prediction theory to

the 2-D case. Among other things we can prove the following:

1) Given a 2-D, rational power density spectrum, S(zl,zz),
which is strictly positive and bounded dn the unit circles,
we can find a causal whitening filter for the random
process which is a ratio of two filters, each of the form
illustrated in Fig. 1.3. Both the numerator and the
denominator polynomials of the whitening filter are analytic

in the neighborhood of the unit circles (so the filters
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Fig.

1.3 A particular class of 2-D causal filters. The
support consists of the points (0,0), (N,M),
and all points in the future of (0,0) and in the
past of (N,M).

17
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are stable), and they have causal, analytic inverses (so

the inverse filters are stable).

2) Consider the 2-D prediction problem illustrated in

Fig. 1.4. The problem is to find the least-squares linear
estimate for the point x(s,t) given the points shown in

the shaded region. The solution of this problem involves
solving an infinite set of linear equations. This problem
is the same as that considered by Shanks, except that
Shanks was working with a finite-order prediction-error
filter, and here we are working with an infinite-order
prediction error filter of the form illustrated ih Fig. 1.3.
Given certain conditions on the 2-D autocorrelation function
(a sufficient condition is that the power density spectrum
is analytic in the neighborhood of the unit circles, and
strictly positive on the unit circles), we can prove that
the prediction error filter is analytic in the neighbor-
hood of the unit circles (and therefore stable) and that

it has a causal and analytic (therefore stable) inverse.

3) From a practical standpoint, the most important theoretical
result that we obtain is a canonical representation for a
particular class of causal and causally invertible 2-D
filters. The representation is an extension of the
well-known 1-D reflection coefficient (or "partial correla-
tion coefficient") representation for FIR minimum-phase

filters [18] to the 2-D case.
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[ ] (S,t)
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The problem is to find the least-squares, linear
estimate for the point x(s,t) given the points
shown in the shaded region. Given certain con-
ditions on the 2-D autocorrelation function, the
prediction error filter is stable, and it has a
causal, stable inverse.
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We consider the class of 2-D filters having the
support illustrated in Fig. 1.5(a). The filters them-
selves may be either finite-order or infinite-order. 1In
addition we require that a) the filters be analytic in some
neighborhood of the unit circles; b) the filters have
causal inverses, analytic in some neighborhood of the unit
circles; c) the filter coefficients at the origin be one.
Then associated with any such filter is a unique 2-D
sequence, called a reflection coefficient sequence, of the
form illustrated in Fig. 1.5(b). The reflection coefficient
sequence is obtainable from the filter by a recursive
formula. The elements of the reflection coefficient
sequence (called reflection coefficients) satisfy two
conditions: their magnitudes are less than one, and
they decay exponentially fast to zero as % goes to plus or
minus infinity. The relation between the class of filters
and the class of reflection coefficient sequences is
one-to-one.

In most cases, if the filter is finite-order, then
the reflection coefficient sequence is infinite order.
Fortunately, if the reflection coefficient sequence is
finite-order then the filter is finite-order as well.

The practical significance of the 2-D reflection
coefficient representation is that it provides a new
domain in which to design 2-D FIR filters. Our point is

that by formulating 2-D linear prediction problems (either
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Fig. 1.5 2-D Reflection Coefficient Representation;
a) Filter (analytic with a causal, analytic inverse),
b) Reflection coefficient sequence.
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spectral factorization or autoregressive model fitting)
in the reflection coefficient domain, we can automatically
satisfy the previously intractable requirement that the
FIR filter be causally invertible. The idea is to
attempt to represent the whitening filter by means of an
FIR filter corresponding to a finite set of reflection
coefficients, and to optimize over the reflection coef-
ficients subject to the relatively simple constraint that
the reflection coefficient magnitudes are less than one.
As we prove later, if the power density spectrum is analytic
in the neighborhood of the unit circles, and positive on
the unit circles, then the whitening filter can be ap-
proximated arbitrarily closely in this manner (in a uniform
sense) by using a large enough reflection coefficient
sequence.

The remaining practical question concerns how to
choose the reflection coefficients in an "optimal" way.
For the spectral factorization problem, a convenient (but
generally suboptimal) method consists of sequentially
choosing the reflection coefficients subject to a least-
squares criterion (In the 1-D case this algorithm reduces
to the Levinson algorithm.) We present two numerical examples
of this algorithm. For the autoregressive model fitting
problem a similar suboptimal algorithm for sequentially
choosing the reflection coefficients can be derived which,

in the 1-D case, becomes the Burg algorithm.
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It is believed that the full potential of the 2-D
reflection coefficient representation can only be realized
by using more sophisticated methods for choosing the

reflection coefficients.

1.6 Preview of Remaining Chapters

Chapter 2 is a survey of the theory and computa-
tional techniques of 1-D linear prediction. While it con-
tains no new results, it provides essential background
for our discussion of 2-D linear prediction.

We begin our discussion of 2-D linear prediction
in Chapter 3. We discuss the existing 2-D linear prediction
theory, including the classical "failures" of 1-D results
to extend to the 2-D case, and we review the available
computational techniques of 2-D linear prediction. We
introduce some terminology, and we prove some theorems
that we use in our subsequent theoretical work. We dis-
cuss some potential applications of 2-D linear prediction.

' Chapter 4 contains most of our new theoretical
results. We state and prove 2-D versions of all of the 1-D
theorems stated in Chapter 2.

In Chapter 5 we apply the 2-D reflection coefficient
representation to the spectral factorization and auto-
regressive model fitting problems. We present numerical
results involving our sequential spectral factorization

algorithm.
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CHAPTER 2

SURVEY OF ONE-DIMENSIONAL LINEAR PREDICTION

In this chapter we summarize some well-known 1-D
linear prediction results. The theory that we review con-
cerns the equivalence of three separate domains: the class
of positive-definite Toeplitz covariance matrices, the class
of minimum-phase FIR prediction error filters and positive
prediction error variances, and the class of finite dura-
tion reflection coefficient sequences and positive predic-
tion error variances. We illustrate the practical sig-
nificance of this theory by showing how it applies to
several methods of spectral factorization and autoregressive

model fitting.

2.1 1-D Linear Prediction Theory

Throughout this chapter we assume that we are
working with a real, discrete-time, zero-mean, wide-sense
stationary random process x(t), where t is an integer. We

denote the autocorrelation function by
r(t) = E{x(t+1)x(t)} , (2.1)
and the power density spectrum by

S(z) = & r(o)z ¢ . (2.2)

T=—®
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We consider the problem of finding the minimum
mean-square error linear predictor for the point x(t)
given the N preceding points:

[&(t) |x(t-1),x(t=-2),...,x(t-N)] = I h(N;i)x(t-i) .

i=1

(2.3)
We determine the optimum predictor coefficients by apply-
ing the Orthogonality Principle, according to which the
least-squares linear prediction error is orthogonal to

each data point [16]:

E{[x(t) - _
1

h(N;i)x(t-1i)1x(t-s)}

™M=

1

= [r(s) - h(N;i)r(s-i)] = 0 , 1<s<N . (2.4)

=
'-l

i

These equations are called the normal equations, or the
Yule-Walker equations. We denote the optimum mean-

square prediction error by

h(N; i) x(t-i) 1%}
1

o
Il

E{[x(t) - .
1

I =2

[r(0) - h(N;i)r(-1)] . (2.5)

N =2

i=1

Writing the normal equations in matrix form we have



r(0) r(l) r(2) cee r(N) 1 PN
r(l) r(0) r(l) .o r(N-1) -h (N;1) 0
r(N) r(N-1) r(N-2) ... r(0) -h (N;N) 0
| 4 o B L
(2.6)

The matrix is a symmetric, non-negative definite Toeplitz

covariance matrix. The following theorem can be proved.

Theorem 2.1 (a): Assume that the covariance matrix in

(2.6) is positive definite. Then

1l) (2.6) has a unique solution for the filter coefficients,
{h(N;1),...,h(N;N)}, and the prediction error variance,

PN;

2) PN is positive;

3) The prediction error filter (PEF)
i

Hy(z) = [1 - h(N;i)z ] (2.7)

I~z

i=1

is minimum-phase (that is, the magnitudes of its poles

and zeroes are less than one) ([17], [18].

A converse to Theorem 2.1l (a) can also be proved:
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Theorem 2.1 (b): Given any positive P and any minimum-

Nl
phase HN(z), where HN(z) is of the form (2.7), there is

exactly one (N+1)Xx(N+l) positive-definite, Toeplitz covariance
matrix such that (2.6) is satisfied. The elements of the

covariance matrix are given by the formula

Z(T_l)PNdZ
213 HN(Z)HN(l/z) !
|z|=1

|T]<N . (2.8)

(71, [31, [19]

The normal equations are a set of (N+1l) simultaneous
linear equations. Using the Gaussian elimination technique
they can be solved with about N3/3 computations. Levinson
devised an algorithm for solving the normal equations,
taking advantage of the Toeplitz structure of the covariance
matrix, that requires only about N2 computations. The
algorithm operates by successively computing PEFs of in-

creasing order.

Theorem 2.2 (Levinson algorithm): Suppose that the co-

variance matrix in (2.6) is positive-definite; then (2.6)

can be solved by performing the following steps:

1) p(1) = £, (2.9)
h(1;1) = o(1) (2.10)
Py = r(0)[1 - p?(1)] ; (2.11)

1
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1 (n-1)
2) p(n) = 5 E{[x(t) - I h(n-1;i)x(t-1i)]
n-1 i=1
(n-1)
- [x(t-n) - T h(n-1;i)x(t-n+i)]}
i=1
1 (n-1)
=5 [r(n) - z h(n-1;i)r(n-1i)] , (2.12)
n-1 i=1
h(n;n) = p(n) , (2.13)
h(n;i) = [h(n-1;1) - p(n)h(n-1;n-1i)] ,
1<i<(n-1) , (2.14)
— 2 -
P =P [l -0°(m] ; (2.15)
2<n<N . [151, [20]

The numbers p(n), given by (2.9) and (2.12), are called
"reflection coefficients," and their magnitudes are always
less than one. (The term "reflection coefficient" is used
because a physical interpretation for the Levinson algorithm
is that it solves for the structure of a 1-D layered medium
(i.e., the reflection coefficients) given the medium's
reflection response [6]. The reflection coefficients are
also called partial correlation coefficients, since they

are partial correlation coefficients between forward

and backward prediction errors.)
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Equations (2.10), (2.13), and (2.14) can be

written in the more convenient Z-transform notation as

follows:
Hy(z) =1 , (2.16)
Ho(z) = [H _,(2) - p(n)z "B __;(1/2)] ,
1<n<N , (2.17)
2 -i
where Hn(z) = [1 - X h(n;i)z 1, 1<n<N . (2.18)
i=1

One interpretation of the Levinson algorithm is
that it solves for the PEF, HN(z), by representing the filter
in terms of the reflection coefficient sequence, {p(l),
p(2),...,p(N)}, and by sequentially choosing the reflection
coefficients in an optimum manner. This reflection coef-
ficient representation is a canonical representation for

FIR minimum-phase filters:

Theorem 2.3(a): Given any reflection coefficient sequence,

{p(1),p(2),...,p(N)}, where the reflection coefficient
magnitudes are less than one, there is a unique sequence
of minimum-phase filters, {Ho(z),Hl(z),...,HN(z)}, of

the form (2.18), satisfying the following recursion:

Ho(z) =1 , (2.19)
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-n
H (z) = [H _;(z) - p(n)z H _,@/2)1
1<n<N . (2.20)
Theorem 2.3(b): Given any minimum-phase filter, HN(z),

of the form (2.18), there is a unique reflection coefficient
sequence, {p(1),p(2),...,p(N)}, where the reflection
coefficient magnitudes are less than one, and a unique
sequence of minimum-phase filters, {Ho(z),Hl(z),...,

HN_l(z)}, of the form (2.18), satisfying the following

recursion:
p(n) = h(n;n) , (2.21)
B _,(2) : [H (z) + p(n)z "H_(1/2)] , (2.22)
n [1-p(n)]

N>n>1 . [18], [7], [3]

Theorems 2.1 and 2.3 are summarized in Fig. 2.1.

Finally, we want to discuss the behavior of the
sequence of PEFs, HN(z), as N goes to infinity. The basic
result is that by imposing some conditions on the power
density spectrum, the sequence HN(z) converges uniformly to
the causal and causally invertible whitening filter for

the random process.



{r(),r(1),ee.,x(N) ) |

Fiqg.

2.1

(2.8)

The correspondence among l1-D positive-definite autocorrelation
sequences, FIR minimum-phase PEFs and positive prediction error
variances, and reflection coefficient sequences and positive
prediction error variances.
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Theorem 2.4: If the power density spectrum, S(z), is analytic

in some neighborhood of the unit circle, and strictly posi-

tive on the unit circle, then

1) The sequence of minimum-phase PEFs, HN(z), converges
uniformly in some neighborhood of the unit circle to a

limit filter

lim HN(Z) = H_(2) ; (2.23)
N->co

2) H_(z) is analytic in some neighborhood of the unit circle,
it has a causal analytic inverse, and it is the unique (to
within a multiplicative constant) causal and causally

invertible whitening filter for the random process;

3) The reflection coefficient sequence decays exponentially

fast to zero as N goes to infinity

o (N) | < (l+€)-N ' e>0 ; (2.24)

4) The sequence of prediction error variances converges

to a positive limit

lim P

N>

1l
o

N [«

- exp[iTlT—j | j|£ 2! 1og s(z)dz] . (2.25)
z|=1

(211, [7]
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2.2 1-D Spectral Factorization

As we stated in the introduction, the spectral
factorization problem is the following: given a spectrum
S(z), find a causal and causally invertible whitening
filter for the random process. Equivalently, the problem
is to write the spectrum in the form

1

$(z) = g@yvear/D

(2.26)

where G(z) is causal and stable, and has a causal and
stable inverse. A sufficient condition for a spectrum
to be factorizable is that it is analytic in some neighbor-
hood of the unit circle, and positive on the unit circle.
In this section we discuss two approximate methods of
spectral factorization, the Hilbert transform method, and
the linear prediction method.

Considering first the Hilbert transform method,
if the spectrum is analytic in some neighobrhood of the
unit circle, and positive on the unit circle, it can be shown
that the complex logarithm of the spectrum is also analytic
in some neighborhood of the unit circle, and it therefore

has a Laurent expansion in that region [1]

log S(z) = z cnz—n ’ (2.27)

n=-—«
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_ _ 1 n-1
where ¢ =c_ = 3 % z log s(z)dz. (2.28)
lz]=1

(The sequence c, is called the "real cepstrum.")

Or log S(z) = C(z) + C(1/2z) (2.29)
- %o > -n
where C(z) = ( 5 + X c.z ) . (2.30)
n=1 o
Therefore,
s(z) = 1 (2.31)
G(z)G(1l/z) :
where G(z) = exp[-C(z)] . (2.32)

It is straightforward to prove that G(z) is causal and
analytic in the neighborhood of the unit circle, and that
it has a causal and analytic inverse.

While the Hilbert transform method is a theoretically
exact method, it can only be implemented approximately by
means of discrete Fourier transform (DFT) operations. The
basic difficulty is that the exact cepstrum is virtually
always infinite-order, and it can only be approximated by
a finite-order cepstrum. A finite cepstrum always produces
an infinite-order filter, according to (2.32), but again
this infinite-order filter is truncated in practice.
Consequently in using the Hilbert transform method, there
are always two separate truncations involved. Both trunca-

tions can distort the frequency response of the whitening
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filter approximation, and the second truncation can even
product a nonminimum-phase filter. These difficulties
can always be overcome by performing the DFTswith a
sufficiently fine sample spacing, but one can never predict
in advance how fine this spacing should be. Particular
difficulties are encountered whenever the spectrum has
poles or zeroes close to the unit circle.

The basic idea of the linear prediction method
of spectral factorization is to approximate the causal
and causally invertible whitening filter by a finite-
order PEF, HN(z), for some value of N. If the spectrum
is analytic and positive, then according to Theorem 2.1(a),
HN(z) is minimum-phase, and according to Theorem 2.4, this
approximation can be made as accurate as desired by making
N large enough. The principle difficulty is choosing N.
One possible criterion is to choose N large enough so that

the prediction error variance, P is sufficiently close

Nl
to its limit, P_ (which can be precomputed by means of

the formula (2.25)).

2.3 1-D Autoregressive Model Fitting

We recall that the problem of autoregressive
model fitting is the following: given a finite set of
samples from the random process, estimate the causal and
causally invertible whitening filter. 1In contrast to

spectral factorization which is a deterministic problem,
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the problem ofvautoregressive model fitting is one of
stochastic estimation. Two convenient and effective methods
of autoregressive model fitting are the autocorrelation method
[3] and the Burg alogrithm [3].

Given a finite segment of the random process,
{x(0),x(1),...,x(T)}, the autocorrelation method first uses
the data samples to estimate the autocorrelation function
to a finite lag. Then an N-th order PEF and prediction

. N A
error variance, HN(z) and P are computed for some

NI
N < T by solving the normal equations associated with

the estimated autocorrelation sequence. The autocorrela-
tion estimate commonly used is

l (T"lTI)

2(t) = L) tzo x(t+|t])x(t) |T]<T.

(2.33)

If the true autocorrelation sequence is positive definite,
then r (1) is positive definite with probability one, and
according to Theorem 2.1 (a), ﬁN(z) is minimum-phase and

ﬁN is positive. Furthermore, according to Theorem 2.1 (b)

the autoregressive spectrum,

S(z) = PN

HN(Z)HN(l/z)

(2.34)

is consistent with the autocorrelation estimate, E(T),
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for |1| < N. (The autoregressive spectrum is sometimes
called the maximum-entropy spectrum; it can be shown
that among all spectra consistent with r(t) for |T| < N,
the N-th order autoregressive spectrum has the greatest
entropy, where the entropy is defined by the formula

5%7 § 2zt 1og §(z)dz [31 . ) (2.35)

lz|=1
The Burg algorithm operates by successively fitting
higher order PEFs directly to the data. The basic idea
is to mimic the Levinson algorithm. The whitening filter
estimate, ﬁN(z), is found by sequentially choosing its
reflection coefficients subject to a particular optimality
criterion. Given the random process segment, {x(0),x(l),

«.+,x(T)}, the algorithm proceeds as follows:

1) ﬁo(z) =1 |, (2.36)

T
5 ox%(E) - (2.37)

2) At the beginning of the n-th stage we have ﬁn_l(z)
and ﬁn-l’ The only new parameter to estimate is the new
reflection coefficient, B(n). The PEF and the prediction

error variance are then updated by the formulas

Hy(z) = 8 _;(2) - Bz "R__; (1/2) (2.38)
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Pl

and Bo=B _ 11-3°m)1 . (2.39)

The new reflection coefficient is chosen to minimize the
sum of the squares of the n-th order forward and backward

prediction errors,

T
pottef 1%+ el we® (2.40)
t=n
where
(+) _ oA .
€ (t) = [x(t) = I hi(n;i)x(t-1)]1 , n<t<T ,
n i=1
(2.41)
n
and el () = [x(t) - I Rnii)x(e+i)]
n i=1
0<t<(T-n) . (2.42)
The expression (2.40) is minimized by choosing p(n)
according to the formula
T
(+) (=)
A 2 tin [En—l (t)][En_l (t-n) ]
T T 2, () 2
+) -
tzn {[en_l (£)17 + [e 1 (t-n)]
(2.43)

It can be shown that the magnitude of B(n) is less than

one, and therefore Hn(z) is minimum-phase and Pn is positive.
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The forward and backward prediction errors do not have
to be directly computed at each stage of the algorithm;

instead they can be recursively computed by the formulas

et ) = el W - bmell) w1,
n<t< T (2.44)
and eé~)(t) = [eé:l (t) - S(n)séfi (t+n)] ,
0<t<(T-n) .  (2.45)

The Burg algorithm has been found experimentally
to give better resolution than the correlation method in
cases where the final order of the PEF is comparable
to the length of the data segment [22]. This is apparently
due to the bias of the autocorrelation estimate used
in the correlation method.

Regardless of which method is used, the most
difficult problem in autoregressive model fitting is
choosing the order of the model. While in special cases
we may know this in advance, that is not usually the case.
In practice, the order of the model is made large enough
so that §N appears to be approaching a lower limit. At
present there is no universally optimal way to make this

decision.



CHAPTER 3

TWO-DIMENSIONAL LINEAR PREDICTION - BACKGROUND

3.1 2-D Random Processes and Linear Prediction

For the remainder of this thesis we assume that
we are working with a 2-D, wide-sense stationary random
process, x(k,%), where k and & are integers. x(k,%) is
further assumed to be zero-mean, real, and scalar-valued.

The autocorrelation function is denoted
r(s,t) = E{x(k+s,2+t)x(k, )} , (3.1)

and the power density spectrum is denoted

[oe] (o]
_ -s -t
S(zl,zz) = I z r(s,t)zl z, . (3.2)

S==—00 t==0
As stated in the introduction, the 2-D linear
prediction problem concerns the determination of a
causal, stable whitening filter for x(k,%) which has a

causal, stable inverse.

3.2 Two-dimensional Causality

As we mentioned in the introduction, our 2-D
linear prediction results are based on a particular
notion of 2-D causality. For any point (s,t) we define

the past to be the set of points

{(k,2) |k=s, 24<t; k<s,-w<f<w}

40
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and the future to be the set of points
{(k,2) |k=s, 0>t; k>s,-w<f<w} .

This is illustrated in Fig. 1.2. It is straightforward

to verify two implications of this definition:

1) 1£f (kl,ll) is in the past of (k2,22), then (kz,zz)

is in the future of (kl,Ql) ;

2) If (kl,ﬁl) is in the past of (kz,lz), and (k2,£2)
is in the past of (k3,£3), then (kl,zl) is in the past of

(k3,23).

In other words, our definition of causality totally orders
the points in the plane.
As a matter of notation, if (kl,ﬁl) is in the

past of (k2,22), we denote this by
(kpo%y) < (kyely)
or equivalently

(k2,£2) > (kl,zl) .

Therefore we define a causal 2-D linear, shift-
invariant filter to be one whose unit sample response
vanishes at all points in the past of the origin. Equiva-
lently, a 2-D filter, A(zl,zz), is causal if its Z-transform

can be written in the form
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oo e}

A(z),z,) = I a(o,z)z;2 + 33 a(k,z)zikz;“
=0 k=1 f=—o
_ “k -2

= LT a(k,JL)zl z, . (3.3)

(k,2)>(0,0)

The geometry of a 2-D causal filter is illustrated in

Fig. 1l.1.

3.3 The 2-D Minimum-phase Condition

We define a 2-D, stable, linear, shift-invariant
filter (either causal or non-causal) to be one whose unit
sample response is absolutely summable. Equivalently,
the Z-transform of a stable 2-D filter converges absolutely
on the unit circles (for Izll =1 = lzzl). It can be
shown that such a filter is stable in the bounded input,
bounded output sense; that is, if the input to the filter
is bounded, then the output is bounded as well [23].

We define a 2-D minimum-phase filter to be a 2-D

causal, stable, linear, shift-invariant filter which has

a causal, stable inverse. If a filter is minimum-phase

then it is easy to show that its inverse is unique.
Throughout this thesis we will be mainly con-

cerned with a special class of 2-D minimum-phase filters

that we call analytic minimum-phase filters. We define

a 2-D filter to be an analytic minimum-phase filter if

1) the filter is minimum-phase, 2) the filter is analytic

in some neighborhood of the unit circles (that is for
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some (l-e)<|z;|,|z,[<(1+e)), and 3) the inverse filter is
analytic in some neighborhood of the unit circles. (The
third condition is redundant, since any function which is
analytic and non-zero in a region has an analytic inverse
in the same region.) Not every 2-D minimum-phase filter

is analytic. Consider for example the filter

_ 1 -1, . 1 -9, 8
A(zl,z2) = {1 + 1o zl [ E —7-(22 +zz)]} . (3.4)
=1 2
Recalling the identity
o 2
p =T (3.5)
2=1 2

we see that A(zl,zz) is causal and stable. But (3.4)
diverges whenever z, is off the unit circle, so the filter
is not analytic. Nevertheless, it does have a causal,

stable inverse. Using a formal geometric series, we have

[« k =]

A l(zl,zz) ={z (-li [ Z lj (22£+z§)]kzlk} (3.6)
k=0 10 =1 2

where the series converges uniformly for [z,| = 1.

From a practical standpoint, 2-D minimum-phase
filters which are not analytic are of no importance. In
practice, rational 2-D minimum-phase filters are the only
type of 2-D minimum-phase filters that would ever be

implemented, and these filters are analytic.
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The 2-D minimum-phase condition is considerably
more complicated than the 1-D minimum-phase condition.
This is primarily due to the fact that 2-D filters are
characterized by an uncountably infinite number of poles
and zeroes. There is a great amount of literature devoted
to various algebraic minimum-phase tests for 2-D FIR
one-quadrant filters [10], [24], [25], [26]. This author
has shown how to extend these tests to the more general
class of causal 2-D FIR filters whose support occupies
more than one quadrant [27]. Another approach to testing
the 2-D minimum-phase condition is a numerical one based
on the cepstral representation for mininum-phase filters
[14]. However, we do not discuss any of the above tests,
since at no point in this thesis do we actually need to
test the minimum-phase condition for a particular filter.
What we do need is a theoretical tool that will enable us
to prove inductively the condition for a particular class
of filters. To that end we now state and prove a theorem

which is a 2-D extension of a well-known 1-D theorem [22].

Theorem 3.1: If A(zl,zz) is an analytic minimum-phase
filter, and 6(21,22) is a causal filter, analytic in some
neighborhood of the unit circles, whose magnitude is less
than the magnitude of A(zl,zz) when z, and z, are on

the unit circles,
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|6(zl,zz)l < IA(zl,zz)I ' Ile = l?zi =1 .
(3.7)

then the sum of the two filters is an analytic minimum-
phase filter. (Note that 6(21,22) does not have to be

minimum-phase.)

Proof: The sum of the two filters is analytic in some
neighborhood of the unit circles. Since the sum is non-
zero on the unit circles, continuity implies that the sum
is non-zero in some neighborhood of the unit circles.
Therefore the inverse filter is analytic in some neighbor-
hood of the unit circles. To prove that the inverse filter

is causal we proceed as follows:

[Alz),2,) + 6(z,2,)1 7"

=2z z) 11+ AT (2,2, 6 (22177

=2t (zy,2,) I LPATN(zzy) (2,291

n=0

(3.8)

where the series converges uniformly in some neighborhood
of the unit circles. It is easy to prove that a product
of 2-D causal filters is also causal. Therefore each

term in the series is causal, so the uniform limit is

causal.
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3.4 Properties of 2-D Minimum-phase Whitening
Filters

In this section we assume that a particular 2-D
random process has a minimum~phase whitening filter
(ignoring for the present the question of existence) and
we state and prove some properties of this whitening filter.
We denote the minimum~phase whitening filter by A(zl,zz),

and we denote its inverse by B(zl,zz). We then have

w(k,2) = X a(s,t)x(k-s,2-t) , (3.9)
(s,t)>(0,0)
and x(k,2) = PPN b(s,t)w(k-s,%~t) , (3.10)

(s,t)>(0,0)

. . . . . 2
where w(k, %) is a white-noise process with variance o :

2

) (3.11)

E{w(k+s, 2+t)w(k,2)} = o 8 -

(The generally infinite sums in (3.9) and (3.10) are
interpreted in the mean-square sense.) We can show the

following:

1) The minimum-phase whitening filter is related to the

power spectrum by the formula

zZ,) = 02
1’72 ; (3.12)

S(z
A(zl!zz)A(l/zlllﬁz)

2) A(zlqzz) is unique to within a multiplicative constant;
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3) A(zl,zz) is proportional to the least-squares linear
prediction error filter for x(k, %) given the infinite

past.

To prove (1) we substitute (3.9) into (3.11l) and we

obtain
ozasst = L3 P alky,L)alky,L,)
(ky 121> (0,0) (ky, 25)>(0,0)

Taking the z-transform of both sides of the equation,

we have

o” = S(zl,zz)A(zl,zz)A(l/zl,l/zz) ' (3.14)

which reduces to (3.12).
To prove (2) we assume the existence of some other

minimum-phase whitening filter, A'(zl,zz). We have

2 ,2
o _ o

1'%2) = R(z],2,)A(1/2,,1/2,) - A"z, 2,)A (/2,172 °

S(z
(3.15)

2 2
A'(zl,zz)o _ A(l/zl,l/zz)o'

Or A(z).,2,) A (1/z;,1/z,) °

(3.16)
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The left-hand side of (3.16) is a causal filter, and the
right-hand side is an anti-causal filter. Clearly (3.16)
can be true only if each side of the equation equals a

constant. Therefore,

A'(zl,zz) = cA(zl,zz) (3.17)

where ¢ is a constant.
To prove (3) we first normalize the whitening

filter as follows:

I
H(Zl,Zz) = —a-—(w A(erzz)

- [1 - 33 h(k,%)z;kzgg] . (3.18)
(k,2)>(0,0)
We then have
S(z.,z.) = P (3.19)
1'%2) T H(z;,2,)8(1/z,,1/z,)
2
where P = —o— . (3.20)
a%(0,0)

Our claim is that H(zl,zz) is the least-squares linear
prediction error filter for x(k,%) given the infinite
past, and that P is the prediction error variance. We

have
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_ P
H(ZI’ZZ)S(ZI'Zz) = H(l/erl/Zz) . (3.21)

Taking the inverse Z-transform of both sides of (3.21),

and using the fact that the right-hand side is an anti-

causal filter, we have

[r(s,t) - X h(k,2)r(s~k,t-2)] = PGSGt ’
(k,2)>(0,0)

(s,t)>(0,0) ' (3.22)

or

E{[x(u,v) - X h(k,)x(u-k,v-2)1x(u-s,v-t)}
(k,2)>(0,0)

=P8, . (s,t)2(0,0) . (3.23)

According to (3.23), H(zl,zz) operates on the random
process x(k,%) to produce a white-noise process that is
uncorrelated with all past values of x(k,%2). Therefore
the Orthogonality Principle is satisfied, so H(zl,zz)

has the linear prediction interpretation that we claim
for it. (Using (3.23) it is easy to prove that first,

no other PEF can perform better than H(zl,zz), and second,

that any PEF which performs as well as H(zl,zz) must be

equal to H(zl,zz).)

3.5 2-D Spectral Factorization

We recall that the problem of 2-D spectral factoriza-

tion is the following: given a 2-D spectrum, find the
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minimum-phase whitening filter. We begin by discussing
the 2-D Hilbert transform method of spectral factoriza-
tion. This is justifiably considered to be one of the
most significant results in 2-D systems theory. (The
ironic fact is that it was first reported in 1954 [8].
Apparently it was then forgotten until it was rediscovered
in recent years by several other researchers [12]1, [13],
[14].)

As a theoretical tool, the 2-D Hilbert transform
method is the means of proving sufficient conditions for
a 2-D spectrum to be factorizable, and as a computational
tool it is an approximate method of 2-D spectral factoriza-
tion which has some practical difficulties. The method
is applicable if the spectrum is analytic in some neighbor-
hood of the unit circles, and strictly positive on the unit
circles. We call any spectrum which satsifies these

conditions a positive analytic spectrum.

The 2-D Hilbert transform method is precisely
analogous to the 1-D Hilbert transform method. Given
a positive analytic spectrum, it can be shown that the
complex logarithm of the spectrum is analytic in some
neighborhood of the unit circles, and it therefore has a

Laurent series expansion in that region [14]:

l,22) = 7 z ck,ﬁzl Z, ’ (3.24)

k== Q==

log S (z



where
c_'k]—/Q; - ck,ﬂ,
- 1
(215) 2
| z
Or log S(zl,z2
where C(zl,zz) =
Therefore
S(zl’ZZ)
where H(zl,zz) =
and P = exp[c0
= exp[___
(27
log S(z

log s{(

Z

112
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2)dzldz2

(3.25)

) = CO,O + C(zl,zz) + C(l/zl,l/zz),

-k -2
NIDX ck,zzl 22

(k,2)>(0,0)

P

T Hlz{,2,)0(1/2,1/2,)

exp[—C(zl,zz)]

o0

1 n
nEO T [-C(zl,zz)]
(1 - o h(k,%)zikz
(k,2)>(0,0)
0]
1 -1 -1
52 % % “1 %2

|z, 1=1 |z,|=1

1’22)dzldz2]

2

-2

]

’

(3.26)

(3.27)

(3.28)

(3.29)

(3.30)
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Since C(zl,zz) is analytic it follows that H(zl,zz) is
analytic as well, and from the series expansion of the
exponential function in (3.29) we see that H(zl,zz) is
causal, since each term of the uniformly converging

series is causal. The inverse of H(zl,zz) is also analytic

and causal, since it can be written as

H_l(zl,zz) = exp[C(zl,zz)] . (3.31)

As an approximate computational method of 2-D
spectral factorization (implemented with 2-D discrete
Fourier transforms), the 2-D Hilbert transform method has
all of the drawbacks of the 1-D method. In particular
if the DFTs are performed with an insufficiently fine sample
spacing, the resulting filter may be an inaccurate approxi-
mation to the true whitening filter, and it may even be
nonminimum-phase.

As we mentioned in the introduction, the root
method of factoring a rational spectrum does not extend
to the 2-D case. Consider for example the rational

spectrum

= (5+ 2t + 2

-1
1 + z + z2) . (3.32)

S(z 1t %

17 %3)

If the spectrum had a rational factorization, then it

could be written in the form

S(zl'ZZ) = A(zl,zz)A(l/Zl,l/zz) ’ (3.33)
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N
where Az, ,2,) = [ Z A
12 2=0

-2 N N -k -3

v o Z + 3 X A zZ. Z |
0'2°2 k=l 9=—N k,271 72

(3.34)

for some finite N. But it can be shown that (3.33) cannot
be satisfied for any finite value of N; there are always
more constraints to satisfy than there are parameters to
choose [9]. This is by no means an isolated example; if

one chooses a rational 2-D spectrum "at random" then there
is virtually no chance of it having a rational factorization.

However considering (3.32), if z, is held con-

stant with its magnitude equal to one, then we have a 1-D
rational spectrum in zq. This suggests that we can find

a factorization which is finite-order in z,. Considering

1
in general a positive 2-D spectrum of the form

N oM “k -2
S(zl,zz) = I % r(k,SL)zl z, ’ (3.35)
k=-N 2=-M

we have the infinite-order factorization

S(zl,zz) = A(zl,zz)K(l/zl,l/zz), (3.36)

-k -
b M, 471 23" - (3.37)

(k,2)>(0,0)

where k(zluzz)

or Mzy,z,) = A_l(l/zl,l/zz)s(zl,zz) i (3.38)
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Denoting A—l(zl,zz) as follows:

-k_—%

-1
A T (z = D) uk,lzl z, ' (3.39)

r2,)
12 (k,2)>(0,0)

we have

-k

A(zl,zz) = [ X u_k’_zzl

-2

z, ]
(k,2)<(0,0)
N M

N L r(k,z)zlkzgll
k=-N 0=-M

-k_=-%

=0 Iz Mog-2%1 22 )

(k,%)<(0,0)

. 5T r(k,K)zikzgz] . (3.40)
(_NI_M)i(kl 'Q')f_(NIM)
Therefore, A(zl,z2) nmust be of the form
_ -k -2

A(zl,zz) = 19X Ak,zzl z, . (3.41)

(0,0)<(k,%)<(N,M)

S(zl,zz) and A(zl,zz) are illustrated in Fig. 3.1.

We conclude this section by discussing Shanks
method of 2-D spectral factorization. Until now there
has been no simple explanation as to why this method
fails. The basic idea of Shanks method is to approximate
the minimum-phase whitening filter by computing an FIR
least-squares,linear prediction error filter [10]. For

example, consider the linear predictor,
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[s\{(kl 'Q') ]x(kl Q'-l) Ix(k_ll ,Q,) Ix(k_ll Q/—l)]

= [h(0,1)x(k,2-1) + h(1,0)x(k-1,2) + h(1,1)x(k-1,2-1)]

(3.42)
The geometry of the PEF,
_ _ -1 _ -1 _ -1_-1
H(zl,zz) = [1 h(0,1)z2 h(l,O)zl h(l,l)z1 z, ] ,
(3.43)

is illustrated in Fig. 3.2(a). Applying the Orthogonality
Principle, we obtain the set of linear equations that the

filter coefficients and prediction error variance must

satisfy:

(r(0,0) r(0,1) r(1,0) r(l,1) 1] P |
r(0,1) r(0,0) r(l,-1) r(1,0) ~h(0,1) 0
r(1,0) r(l,-1) r(0,0) 1r(0,1) ~h(1,0) 0
r(1,1) r(1,0) r(0,1) 1r(0,0) ~h(1,1) 0

(3.44)

If the covariance matrix is positive-definite then there
is a unique solution for the filter coefficients and P,
and P is positive. But the PEF, H(zl,zz), is not always
minimum-phase [11]. Moreover, even if the PEF is minimum-
phase it can be shown that the transformation between the
covariance matrix, and the filter coefficients and P is

not invertible. Specifically, an infinite number of
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Fig. 3.2 (a) The FIR PEF is not always minimum-phase;
(b) The infinite-order PEF is minimum-phase, given certain conditions
on the autocorrelation sequence.

LS
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different positive-definite covariance matrices can
generate the same PEF and prediction error variance. This
is easy to see; referring to (3.44), the covariance matrix
contains five different parameters, while the PEF and P
together consist of only four parameters. (The five
parameters of the covariance matrix are not completely in-
dependent since the matrix is required to be positive
definite.) We can summarize the failure of Shanks method
by saying that Theorem 2.1 fails to extend to 2-D FIR
PEFs.

If we examine Shanks method explicitly in terms of
our definition of 2-D causality, we can obtain a very
simple interpretation for the failure of the method.
Essentially we can show that 2-D FIR PEFs are the 2-D
analogs to a class of 1-D FIR PEFs which are not guaranteed
to be minimum-phase. The predictor (3.42) utilizes three
points in the past of x(k,%), {x(k,%1),x(k-1,2),

x(k-1,2-1)}, and the points are ordered as follows:
(k=1,8-1) < (k-1,2) < (k,2-1) < (k,%) . (3.45)

The predictor does not use the infinite number of points

lying between x(k,%-1) and x(k-1,2):
{x(s,t);(k-1,2)<(s,t)<(k,2~1)} .

Therefore the data sequence in this prediction problem is

"discontinuous." The analogous 1-D situation occurs in
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the case of the "discontinuous" predictor,

[R(t) [x(t-1),x(t-3) ,x(t~4)]

= [h(1)x(t-1) + h(3)x(t-3) + h(4)x(t-4)] ,

(3.46)

where the PEF,
H(z) = [L - h()z L - h(3)z™3 - ha)z™41 , (3.47)

is not guaranteed to be minimum-phase.

Our point is that in view of the ordering of points
in the plane, 2-D FIR PEFs are not the "natural" 2-D analogs
to 1-D FIR PEFs, so we should not be surprised that
Theorem 2.1 fails to extend to 2-D FIR PEFs. As we prove

in Chapter 4, the PEF,

-k =%
H(z,,z,) = [1 - DX h(k,2)z,72,57] '
172 (0,0)<(k,2)<(1,1) L 2

(3.48)

illustrated in Fig. 3.2(b), is minimum-phase if the auto-
correlation function satisfies certain conditions. The
distinguishing feature of this PEF is that it uses the
"continuous" data sequence, {x(s,t); (k-1,2-1)<(s,t)

<(k,2)} to predict x(k,%).
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3.6 Applications of 2-D Linear Prediction

In this final section we briefly describe some
potential applications of 2-D linear prediction. We
discuss the problem of 2-D recursive filter design and the
2-D Wiener filtering problem which are applications of
spectral factorization, and we discuss 2-D autoregressive
spectral estimation and linear predictive coding of images
which are applications of autoregressive model fitting.

l. 2-D Recursive Filter Design: We have a specified

magnitude-squared frequency response, SD(Zl'ZZ) and the prob-
lem is to design a stable, recursive filter with approxi-
mately the same magnitude-squared frequency response.

2-D recursive filters are of considerable interest in both
image processing and array processing. Denoting the filter

input by yi(k,z), and the filter output by yO(k,%), we have

Yolks®) = I I his,t)yy(k-s,%-t) + /P y,(k,2),
S

z
t
(3.49)

where H(zy,z,) = [1 - I I h(s,t)zIsz;t] (3.50)

s t
is a minimum-phase, FIR filter. (Given appropriate boundary
conditions, the difference equation, (3.49), can be
recursively solved [13].) The transfer function of the

recursive filter is
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Yo (21:2)) /B

. (3.51)
Therefore the design problem is a spectral factorization
problem:

. P
- H(zl,zz)H(l/zl,l/zz) y

SD(Zl’ZZ) (3.52)

2. The 2-D Wiener Filtering Problem: We observe

a signal, x(k,%), which is the sum of a message, a(k,?%),
and noise, n(k,%). We model the message and the noise as
wide-sense stationary random processes, and we assume that
the power density spectra are known. The problem is to
design a filter, G(zl,zz), which will give the optimum
least-squares linear estimate for the message. The problem
is illustrated in Fig. 3.3(a). 2-D Wiener filtering

is of interest in image processing as well as array
processing.

The classical solution to the problem involves
first finding the minimum-phase whitening filter for the
observed signal by solving the corresponding spectral
factorization problem:

_ b
- H(zl,zz)H(l/zl,l/zz) :

Sx(zl'ZZ) (3.53)

The idea is that the optimum filter, G(zl,zz),can be

represented as the product of the whitening filter and
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H(zl,zz) == G (21,22)
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Fig. 3.3 a) the 2-D Wiener filtering problem;
b) the classical whitening filter solution;
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some other filter, G'(zl,zz). This is illustrated in
Fig. 3.3(b). Since the minimum-phase whitening filter
is causally invertible, no loss in information is in-
curred by performing the whitening operation. The re-
maining problem is to design G'(zl,zz); this is con-
siderably easier than the original problem, since we are
now working with a white-noise process.

In some cases G(zl,zz) is required to be causal,
and in other cases G(zl,zz) can be non-causal. If we
further assume that the message and noise are uncorrelated,
and that the noise is white with variance Ny then we can
find G(zl,zz) explicitly in terms of the whitening filter.
In the case where G(z,,z,) is causal (the filtering
problem), we have

No

G(zl,zz) = [1 - P H(zl,zz)] . (3.54)
In the case where G(zl,zz) is allowed to be non-causal
(the smoothing problem), we have

N
G(zy,2,) = (1 - 59 H(zy:2,)H(1/2,,1/2,)]1 . (3.55)

3. Autoregressive Spectral Estimation: We are

given a finite set of samples from a random process,
x(k,2), and the idea is to estimate the power density
spectrum by modeling the minimum-phase whitening filter

as an FIR minimum~-phase filter. 2-D autoregressive spectral
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estimation would be especially useful in many array
processing problems where we wish to find a high-resolution
frequency-wavenumber spectral estimate. Equivalently

the problem is to fit the following autoregressive model

to the data,

x(k,2) = % £ h(s,t)x(k-s,%~t) + w(k,?) , (3.56)

X
s t

t

where H(z ﬁ(s,t)zisz; ] (3.57)

Iz) []-"Z
1772 s

X
t
is an FIR minimum-phase filter, and where w(k,%) is
modelled as a white-noise process with variance P.
Having obtained the model parameters, the autoregressive

spectral estimate is given by the formula

A B P
S(zl,zz) = . (3.58)

ﬁ(zl,zz)ﬁ(l/zl,l/zz)

4. Linear Predictive Coding of Images: We have

a sampled image, x(k, %), and the idea is to obtain auto-
regressive models for the image over relatively small
regions of the plane. Each piece of the image is then passed
through its approximate whitening filter, the whitened

image is then transmitted over a communciations channel,

and the original image is reconstructed at the other side

of the channel. The motivation for using a whitening

filter for source encoding is that it removes linear

redundancy. The scheme is illustrated in Fig. 3.4.
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CHAPTER 4

NEW RESULTS IN 2-D LINEAR PREDICTION THEORY

In this chapter we discuss the new 2-D linear
prediction theory that has been developed in this thesis
research. We extend all of the theorems of Chapter 2 to
the 2-D case.

We begin by proving that a particular class of 2-D
PEFs is always minimum-phase if the power spectrum is posi-
tive analytic. Unfortunately, these filters are infinite-
order in z, so they cannot be implemented in practice.
Nevertheless, we show that any such PEF can be approximated
arbitrarily closely by an FIR minimum-phase filter which,
in turn, can be represented in terms of a finite set of
numbers that we refer to as reflection coefficients.

The practical implication of these theoretical
results is that approximate 2-D minimum-phase whitening
filters can be designed in the 2-D reflection coefficient
domain. We show that if the reflection coefficient
magnitudes are less than one, the difficult minimum-phase
requirement is automatically satisfied.

4.1 The Correspondence between 2-D Positive-

Definite Analytic Autocorrelation Sequences
and 2-D Analytic Minimum-phase PEFs

We begin by considering the following least-

squares linear prediction problem
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[R(k, %) |{x(s,t); (k-N,2-M)<(s,t)<(k,2)}]

= 2 h(N,M;s,t)x(k-s,2-t) , (N,M)>(0,0)
0<(S,t)i(NIM)

(4.1)

The geometry of the problem is illustrated in Fig. 1.4.

We denote the prediction error variance by PN M’ and we
denote the PEF by
-k -2
Hy M(zl'ZZ) = [1 - )P h(N,M;k,SL)zl z, 1 .
’ (0,0)<(k,2)<(N,M)
(4.2)

The PEF is illustrated in Fig. 1.3.

We apply the Orthogonality Principle to obtain the
normal equations that the filter coefficients and PN M
I
must satisfy:

[r(S,t) - PPN h(N,M;k,Q)r(s—k,t_g)] =P 5 6 ,
(0,0)<(k,8)<(N,M) N,M's"t

(0,0)<(s,t)<(N,M) .

(4.3)

The normal equations are an infinite set of linear equa-
tions, and unless we impose certain conditions on the
autocorrelation sequence, there is no guarantee that there
is a stable solution. To obtain our results we require

that the 2-D autocorrelation sequence be positive-definite
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and analytic. We say that the autocorrelation sequence,
{r(k,2); (0,0)<(k,2)<(N,M)}, is positive-definite and

analytic if

1) r(k,%) decays at least exponentially fast to zero as

% goes to plus or minus infinity;

2) the following Toeplitz matrix is strictly positive-

definite for [z,| = 1:
B N
RO(Z2) Rl(l/zz) Rz(l/zz) - RN-l(l/zz)
R, (z,) R, (2,) R (1/2y) ... Ry ,(1/z))

| Bn-1(22) Ryp(Z) Ry 3(z3) ... Ry(z) )

(4.4)

©

-L
where Rk(zz) = z r(k,JZ,)z2 ; (4.5)

A==
3) the prediction error variance associated with any FIR
PEF having the same support as HN M (zl,zz) has a positive
14

lower bound.

We note that the first condition implies that the Rk(zz)
are analytic in the neighborhood of the unit circle. For
|22| = 1, the Toeplitz matrix (4.4) is Hermitian. Finally

we observe that a sufficient (but not necessary) condition
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for the autocorrelation sequence to be positive-definite
and analytic is that the power density spectrum of the
random process is positive analytic.

We can now state the following theorem.

Theorem 4.1(a): Given a positive-definite analytic auto-

correlation sequence, {r(k,%); (0,0)<(k,2)<(N,M)}, then:

1) the normal equations (4.3) have a unique solution for
HN,M(Zl'ZZ) and PN,M;

2) PN,M is positive;

3) 22) is analytic and minimum-phase.

HN,M(Zl,

Outline of Proof: The fact that PN M is positive follows
14

trivially from the assumption that the autocorrelation

sequence is positive-definite and analytic. The unigqueness
part of the theorem is easy to prove; the existence of
more than one solution to the normal equations would imply
the existence of a PEF with zero prediction error.

The difficult parts of the proof are the existence
proof, and the proof that the PEF is analytic minimum-
phase. The outline of the proofs is as follows (the

details are in Appendix Al):

1) We first prove that a solution for a lower-order PEF,

HN,—Q(Zl,z2) = Hn-1,+w(zl’22) ' (4.6)



70

exists, and that the PEF is analytic minimum-phase. Due
to the simple structure of the filter, the solution can

be obtained by working with transforms in z,.

2) We constructively prove, for all sufficiently small

values of m (m*-«), that there is an analytic solution

for HN m(zl,zz). The solution is a Neumann series solu-
4

tion involving the lower-order PEF, H (2,,2,).
N,-m l 2

3) As part of the Neumann series solution, we prove

that the sequence of PEFs, (zl,zz), converges uniformly,

HN,m
in the neighborhood of the unit circles, to the limit

filter, (z,,2,), as m goes to minus infinity:
Hy,-=217%)
lim HN,m(zl'ZZ) = Hy _» (21’22) . (4.7)
I>—co !

Applying Theorem 3.1 we can then prove that for all suf-

ficiently small values of m, H (zl,zz) is analytic

N,m
minimum-phase.
4) Finally, using a 2-D version of the Levinson algorithm,
we precursively obtain a solution for HN m(zl,zz) for all

14 . -
m<M. Using Theorem 3.1 in conjunction with the 2-D Levinson
algorithm, we inductively prove that the HN,m(zl’ZZ)

are analytic minimum-phase.

Theorem 4.1 (a) has a converse.
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Theorem 4.1(b): Given any positive P and any analytic

N,M’

mimimum~-phase filter, N M(zl,z ), for a particular (N,M)

where

M(zl,zz) = [1 - % h(N,M;k,%)z.

Y1,
(0,0)<(k,2)<(N,M) 1%

(4.8)

there is a unique positive-definite analytic autocorrelation
sequence, {r(k,%); (0,0)<(k,2)<(N,M) , such that the
normal eugations (4.3) are satisfied. The autocorrelation

sequence is given by the formula

rik,2) = ——l——i % % zi—lzg_l
(2m3)
|zl|=l lz,[=1

N Mdzldz

HN,M(Zl’z )HN, (l/zl,l/zz)

(0,0) <(k,2)<(N,M) . (4.9)

Outline of Proof: The existence part of the proof is

trivial; the quantity

PN,M

HN,M(Zl’ZZ)HN,M(l/zl'1/22)

(4.10)

is a positive analytic spectrum which is already in factored
form. Therefore Hy M(Zl'ZZ) is the minimum-phase whitening
14

filter for a random process having the spectrum (4.10).
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Recalling the linear prediction interpretation for the
minimum-phase whitening filter it is clear that (4.9)
is satisfied.

The uniqueness part of Theorem 4.1(b) is comparatively

difficult to prove, and it is discussed in Appendix Al.

An interesting interpretation of Theorem 4.1 is
that it specifies a method of extrapolating a particular
class of 2-D autocorrelation sequences. We begin with the
positive-definite analytic autocorrelation sequence,
{rk,2); (0,0)<(k,2)<(N,M)}, and we compute Hy m(21025)
and PN,M by solving the normal equations. We then form
the spectrum (4.10). The inverse Z-transform of this
spectrum is an autocorrelation function, r(k, %), which
is equal to the original autocorrelation sequence for
(0,0)<(k,%)<(N,M), and which is an extrapolation of the

autocorrelation sequence for (k,%)>(N,M). The extrapolation

is the maximum-entropy extrapolation; it can be shown that

of all spectra which agree with the original autocorrela-
tion sequence, the spectrum (4.10) has the greatest
entropy, where the entropy is given by the formula

1 -1 -1
m % % Zl 22 lOg S(zl,zz)dzldzz .

|z =1 |z,|=1

(4.11)
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As we mentioned earlier, an important step in the
proof of Theorem 4.1 depends on a 2-D version of the

Levinson algorithm.

Theorem 4.2 (2-D Levinson algorithm): Suppose that we

have a positive-definite analytic autocorrelation sequence,
{r(k,2); (0,0)<(k,2)<(N,M)}. We further assume that we

have the solution to the normal equations for H (z,,2,)
n,m-1"'"1"72

and Pn =1 for some (n,m-1) where (0,0)<(n,m-1)<(N,M),
14

and that H (z,,2,) is stable. Then the solution for
n,m-1'"1""2

14

Hn,m(zl’zz) and Pn,m 1s given by the formulas

By ,m(?1r2p) = Hy o4 (zy02))
- p(n,m)zInz;mHn'm_l(l/zl,l/zz)] ,
(4.12)
and P_ = p 1 - o%(n,m)] |, (4.13)
n,m n,m-1

where
p(n,m) = 53—+ — E{[x(k,2) - L2 h(n,m-1;s,t)x(k-s,8-t) ]

n,m-1 (0,0)<(s,t)<(n,m-1)

* [x(k-n,%-m) - ZZ h(n,m-1;s,t)

(0,0)<(s,t)<(n,m-1)

 x(k-n+s,2-m+t) ]}
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= 5——l—— [r(n,m) - Z h(in,m-1;s,t)r(n-s,m~-t)] .

n,m-1 (010)<(slt)i(nlm_l)

(4.14)

Furthermore, if Hn,mel(zl'zz) is analytic minimum-phase,

then Hn (zl,zz) is also analytic minimum-phase.

’m

Proof: Equation (4.12) can be written algebraically as

follows:

h(n,m;n,m) = D(n:m) ’ (4.15)

h(n,m;k, %)

[h(n,m-1; k,2) - p(n,mh(n,m-1;n-k,m-2)1 ,
(OIO)<(k12’)i(nlm-l) .

(4.16)

The key idea of the 2-D Levinson algorithm is that the

"new" PEF, Hn m(zl,zz), is equal to a linear combination
4

of the "old" forward PEF, H (zl,zz), and the "old"

n'm-l
—n -—

delayed backward PEF, Zq ZZmHn,m-l(l/Zl’l/zz)’ The

geometry of the recursion is illustrated in Fig. 4.1.

Given that H (zl,zz) and Pn

n,m-1 satisfy the

'm_l
"old" normal equations,

[r(s,t) - 2¥ h(n,m-1;k,8) r(s-k,t=-2)]
(0,0)<(k,2)<(n,m-1)

=Py m-1%s%: ¢ (0,0)<(s,t)<(n,m-1) , (4.17)
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it is a matter of straightforward substitution to show
that the solution given by (4.12), (4.13), and (4.14)
satisfies the "new" normal equations,

[r(s,t) - LI h(n,m;k,%) r(s-k,t-2)1 =P 8.8 _ ,
(0,0)<(k,2)<(n,m) n,ms t

(0,0)<(s,t)<(n,m) . (4.18)

The number p{(n,m) is called a "reflection coefficient,"
and its magnitude is always less than one; this can be
seen from (4.13) and the fact that P and P are
n,m-1 n,m

positive. (Alternatively, we see from (4.14) that p(n,m)
is a partial correlation coefficient.)

Considering (4.12) we see that for all values of
zq and z, on the unit circles,

| B

-n_-m
nym-1¢%1022) > letaimiz "2 0, L (L/2,,1/2,) |

(4.19)

Therefore if Hn,m—l(zl’zz) is analytic minimum-phase, then
Theorem 3.1 implies that H (z,,2,) is also analytic
n,m "1"72

minimum-phase.

As we pointed out in section 2.1, the 1-D Levinson
algorithm has a physical interpretation related to the
propagation of a wave in a layered medium. Unfortunately

there is no such physical interpretation for the 2-D
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Levinson algorithm. While it should be possible to find
-a formal scattering theory interpretation for the 2-D
Levinson algorithm, it would not correspond to any physical
scattering mechanism because the propagation would follow
an infinite raster scan.

4.2 A Canonical Representation for 2-D
Analytic Minimum-phase Filters

Recalling the 2-D Levinson algorithm, and in
particular equation (4.12), we expect to find a reflection
coefficient representation for 2-D analytic minimum-phase
filters. The basic idea of the representation is that
associated with every analytic minimum-phase filter,
HN,M(Zl’ZZ)’ is a unique 2-D reflection coefficient se-
quence, {p(k,%); (0,0)<(k,2)<(N,M)}, where the reflection
coefficient magnitudes are less than one, and the reflection
coefficients decay exponentially fast to zero as % goes
to plus or minus infinity. Conversely, given any such
reflection coefficient sequence, there is a unique analytic
minimum~-phase filter. The geometry of the filter and
the reflection coefficient sequence is illustrated in
Fig. 1.3 and Fig. 1.4.

The importance of the 2-D reflection coefficient
representation cannot be overemphasized. As we demonstrate
later, it is a computationally useful representation for

2-D minimum-phase filters.
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Theorem 4.3(a): Given any 2-D reflection coefficient

sequence, {p(k,%); (0,0)<(k,%)<(N,M)}, such that

[p(k,2) ] < (l+€)_[2l , e>0 (4.20)

there is a unique 2-D sequence of 2-D analytic minimum-

phase filters, {Hn m(Z1725) i (0,0)<(n,m)<(N,M)} ,

14

of the form

-k -2
H (z,,2,) = [1 - 22 hin,m;k,)z, z,71] ’
nymoTlt2 (0,0)<(k,2)<(n,m)  + 2
(4.21)
such that:
1) HO,O(Zl'ZZ) =1 ; (4.22)
2) By om(Zpr2p) = Wy o (2702))
-n_-m
- enymz iz H) (120,172,501
(0,0)<(n,m)<(N,M) ; (4.23)
3) Hn’_w(zl,zz) = Hn—1,+w(zl’22) ’ l<n<N (4.24)
4 lim H ’ = ’ <n<N-
) m+12 n,m(zl 22) Hn,+w(zl 22) , 0<n<N-1

(4.25)

(the convergence is uniform in some neighborhood of the

unit circles);
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5) 1lim H
n

m> -

,m(zl,zz) = Hn,-m(zl’zz)' 1<n<N ; (4.26)

(the convergence is uniform in some neighborhood of the

unit circles).

Theorem 4.3(b): Given any analytic minimum-phase filter,

HN,M(zl’zz)' of the form (4.21), there is a unique reflection
coefficient sequence, {p(k,%); (0,0)<(k,2)<(N,M)}, and a
unique 2-D sequence of 2-D analytic minimum-phase filters,
{Hn,m(zl’zz); (0,0)<(n,m)<(N,M-1)}, such that equations

(4.20) - (4.26) are satisfied.

Given the reflection coefficient sequence, we can

compute the filter sequence, (Zl'ZZ)' recursively (at

Hn,m
least conceptually); the order in which the filters are

computed follows an infinite master scan. We first

recursively compute the H (zl,zz) beginning with

O,m
HO,O(Zlsz) = 1, and ending with H0,+w(zl’22)' using

(4.23). We then recursively compute the H (z,,2,)
1,m*"1"72

beginning with the initial condition, Hl,—w(zl'zz)
H0,+w(zl,zz), and ending with H1'+w(zl,zz). The remainder
of the recursion follows in exactly the same manner.

A particularly interesting situation occurs when
the reflection coefficient sequence is finite-order. 1In
that case, the recursion follows a finite raster scan,

all of the Hn m(zl,zz) are finite-order, and the entire

14
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recursion can be performed with a finite number of
computations.

Given the filter, (zl,zz), the reflection

coefficient sequence and the filter sequence, {Hn m(zl,zz);
’
(0,0)§(n,m)<(N,M)}, can be recovered by running (4.23)

"backwards." It is straightforward to show that
p(n,m) = h(n,m;n,m) , (0,0)<(n,m)<(N,M) ,

(4.27)

and 1
H (z,,2,) =
17720 152 (n,m) ]

n,m-1 [Hy n(z1:2; + o(n,m)

z "z
172

T, o (1/20,1/2,)1 , (0,0)<(n,m) <(N,M).
(4.28)

Using (4.27) and (4.28), H (z,,2,) and p(n,m) can be
n,m ~"1"72
recursively computed. Again, the recursion follows an
infinite raster scan. In this case, however, the recursion
begins with (n,m)=(N,M), and it propagates backwards
towards the origin.
We pointed out that if the reflection coefficient

sequence is finite-order then H (zl,zz) is also finite

N,M

order. Unfortunately, the converse is not true: 1if

HN M(zl,zz) is finite-order, then the reflection coefficient
7

sequence is almost always infinite-order.
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Before we outline the proofs of these theorems

it is instructive to consider two numerical examples.

Example 4.1: This example illustrates the important

property of the 2-D reflection coefficient representation that if
the reflection coefficient sequence is finite-order then

the corresponding minimum-phase filter is finite-order,

and it can be obtained from the reflection coefficients

by a finite number of computations. We begin with the

following reflection coefficient sequence:

1/2 r (k,R) = (Oll)

-1/4 , (k,2)

(1,-1)
p(k,2) =
1/3 , (k,%) = (1,0)

0 ' elsewhere .

According to Theorem 4.3(a) we generate a 2-D sequence

of 2-D minimum~phase filters as follows:

1) HO,O(zl’ZZ) =1 ; (4.29)
— _ -1
2) HO,l(lezz) - HO’O(lezz) p(oll)zz HO,O(l/Zl’l/ZZ)
1 -1
(1 - 5 22 ) ; (4.30)
3) H (z,,2z,) = H (z,,2,) (1 - 1 z_l)
n,m ' “1’'°2 0,171’2 2 °2 !

(0,2)<(n,m)<(1,-2) ; (4.31)
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4) Hy _1(zy025) = Hy _5(2;7,2,)
- p(1,-1)z-tz.m (1/z.,1/2.)
' 1 %oty o (1/zy.1/2,
1 -1 1 -12 1 -1
(1 - 52,7 —g2,72, +72,72,)
(4.32)
5) Hy o(21025) = H) _;(zy,2))
~0(1,0)z 1n (1/z.,1/z.)
0)z)"Hy 4 (1/zy,1/2,
.7 -1.1 -2 _ 1 _-12
=l-q932, * 3572, 3232
5 -1 1 -1
+ 17 Zl 22 - —j Zl ) . (4-33)

The reflection coefficient sequence and Hl O(zl,zz) are
[4

illustrated in Fig. 4.2.

Example 4.2: The following example illustrates the fact

that the reflection coefficient sequence associated with
a 2~D FIR minimum-phase filter is almost always infinite-

order. We begin with the minimum-phase filter

1 -1 -1

_ 1
Hl,O(zl'ZZ) = (1 + 7 %o + 7 21 ) . (4.34)

According to Theorem 4.3(b), there is a unique reflection

coefficient sequence associated with this filter. We
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2 - 2
N \
o) 1
o Ly
—, T ST m
A R
1 1 -1
I3 l ~ k |3 l >k
il kL
] -1 |
R B
- 4 -+
|- |
(a) (b)

Fig. 4.2 The finite-order reflection coefficient sequence (a)
generates the minimum-phase filter (b).
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obtain the reflection coefficient sequence by means of
(4.27) and (4.28). Applying these formulas to the filter

(4.34) we have

1) 0(1,0) = h(1,0;1,0) = - 3 ; (4.35)

1
H . (z,,z,) = (H (z,2,)
1,-1t%1r%2) T T Ty et

-1 1 1
+ p(l,O)z H (_‘ ’ —“)]
11,0 zq Z,
= (1 + %g z;l - %— lezz) ; (4.36)
T 1
p(l,-1) = h(1,-1;1,-1) = i5 (4.37)
3) 1
H (z-,24) = [H (z,,2,)
- 2
1,-2'%1 (102 (L,-1)] = l.,-17717%2
-1 1 1
+ p(ll l)zl zzHll—l(Ei_ 4 22)]
= (1 + %% zgl + %— zilzg) ; (4.38)
0(1,-2) = - & (4.39)
I 56 ’ -
4) We can show that for all m<-2,
02 (1,m+1)
p(l,m) = ’ (4.40)

o (1, m+2) [1-p2 (1, m+1) ]
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so clearly p(l,m) is non-zero for all finite values of m

less than or equal to zero.

5) In the course of deriving (4.40) we can show that

1 -1 -m

Hl'm(zl,zz) = [1 - h(l,m;O,l)z; - h(l,m;l,mz"z, 1
m<0 . (4.41)
Therefore p(0,%) =0 , 2>2 . (4.42)

6) Finally, employing the constructive argument that we
use to prove the existence part of Theorem 4.3(b), we can

show that

p(0,1) = (VY3 - 2) . (4.43)

The filter, and its reflection coefficient sequence are

illustrated in Fig. 4.3.

Outline of Proof of Theorem 4.3(a):

Given the reflection coefficient sequence,
{p(k,%); (0,0)<(k,%)<(N,M)}, the key idea of the proof
is to work with a "truncated" reflection coefficient

sequence,
(o™ (k,0); (0,0)<(k,0)<(N,M} , LM , (4.44)

where
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ifninite-order reflection coefficient sequence (b).



87

plk,2) , [&|<L
o™ (x,2) =

, 0 ' elsewhere . (4.45)
The geometry of the truncated reflection coefficient se-
quence is illustrated in Fig. 4.4. Associated with the
reflection coefficient sequence (4.44) is a 2-D sequence
of FIR minimum-phase filters, {H(L)(z ¢/2,); (0,0)<(n,m)

n'm 1 2 -
<(N,M)}, which, as in Example 4.1, can be obtained by a
finite number of computations. We can prove that as L
goes to infinity, the sequence of filters, HéL;(zl,zz),
’
converges uniformly in the neighborhood of the unit
circles to a limit sequence, H (z,,z,). Specifically
n,m 1’72

we prove that for any 6>0 there is a number L such that
for all L,>L, L,>L, and for all (1l-g) <|z

1

where € is a number independent of §,

ll'lzzl<(l+€)

(L) (L)

2
|8, o (29023) = By o (2902,) <6 . (4.46)

The details of the proof, and the proof for the uniqueness

part of the theorem are in Appendix A2.

Outline of Proof of Theorem 4.3(b): The existence part of

Theorem 4.3(b) is almost a direct consequence of

Theorem 4.1. Given an analytic minimum-phase filter,
HN,M(Zl’ZZ)' we can choose some arbitrary positive PN,M'
According to Theorem 4.1 (b), there is a unique positive-

definite analytic autocorrelation sequence associated with
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= =

< (N_llL)

\

N

(NI_L)

Any analytic minimum-phase filter, Hy m(z1,22),
can be approximated arbitrarily closeiy by an FIR
mininum-phase filter generated by the truncated
reflection coefficient sequence shown here.
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PN,M and HN,M(zl'ZZ)' Solving the lower-order normal
equations associated with this autocorrelation sequence,
we obtain a 2-D sequence of 2-D analytic minimum-phase
filters, Hn’m(zl,zz), and a 2-D reflection coefficient
sequence related by the 2-D Levinson algorithm. The

remaining details of the proof, and the uniqueness part

of the proof are in Appendix A2.

To summarize the results of this section: we have
shown that there ia a one-to-one relation between a
class of 2-D analytic minimum-phase filters and a class
of 2-D reflection coefficient sequences. If the filter is
finite-order, then the reflection coefficient sequence
is almost always infinite-order. Fortunately if the
reflection coefficient sequence is finite-order then the
filter is also finite-order. 1In cases where the reflection
coefficient sequence of a particular filter is infinite-
order, the filter can be uniformly approximated by a
minimum-phase FIR filter corresponding to a finite-order
reflection coefficient sequence.

The practical significance of the 2-D reflection
coefficient representation is that it provides a new domain
in which to design 2-D minimum-phase FIR filters. By
designing 2-D FIR filters in the reflection coefficient

domain, the difficult minimum-phase requirement is
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automatically satisfied merely by constraining the reflec-

tion coefficient magnitudes to be less than one.

4.3 The Behavior of the PEF H
for Large values of N

N, ME]__'__Z_z)_

So far in this chapter, we have established, for
finite values of N, the equivalence of three separate
domains: the class of positive-definite analytic auto-
correlation sequences, {r(k,%); (0,0)<(k,%)<(N,M)},
the class of analytic minimum-phase filters and positive

prediction error variances, {P Hy M(zl,zz)}, and the
r

class of positive prediction error variances and reflec-

tion coefficient sequences, {P p(k,2),(0,0)<(k,R)

N, M’
<(N,M)}. The relations among the three domains are
illustrated in Fig. 4.5. Now we want to investigate
there results for large values of N.

Suppose that we have a positive analytic power
density spectrum, S(zl,zz). As we saw in section 3.5,
the spectrum has the following factorization:

_ P
- H(zl,zz)H(l/zl,l/zz) ’

S(zl,zz) (4.47)
where H(zl,zz) is the analytic minimum~-phase PEF for the
present value of the random process given the infinite
past, and P is the prediction error variance. We in-
tuitively expect that the sequence of analytic minimum-
phase EEFs, HN,M(Zl’ZZ)’ converges to H(zl,zz) as N goes to

infinity.



(4.3) o

- /'//\ — - \ / - - \

N \
\ (4.9) {p
Téf”ﬂ_ﬂﬂ“ﬂ_ﬁ {

(21'22)}

+H
N,M""N,M

{r(k,2); (0,0)<(k,®)
< (n,M)} i

\
{p p(k,L), ]
|

N,M;
(0,0)<(k,2)<(N,M)} |

The correspondence among 2-D positive-definite analytic autocorrela-
tion sequences, 2-D analytic minimum-phase filters, and 2-D reflection

coefficient sequences.

Fig. 4.5

16
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Theorem 4.4: 1If S(zl,zz) is a positive analytic spectrum,

then

1) The sequence of analytic minimum-phase PEFs, HN M(zl’ZZ)’
14
converges uniformly in the neighborhood of the unit circles

to the analytic minimum-phase limit filter, H(zl,zz),

lim H

N->o

N,M(zl,zz) = H(zy,2,) (4.48)
2) The reflection coefficient sequence, p(N,M), decays

exponentially fast to zero as N goes to infinity

IN| | m]

lp(N,M)| < (1+e) (1+e) >0 ; (4.49)

3) The sequence of prediction error variances converges

to the positive limit

;ig PN,M =P . (4.50)
Since we do not require this theorem for any of our sub-
sequent work, we do not present a proof for it in this
thesis. A complete proof can be found in [28].

What we do want to prove is that if a 2-D random proc-
ess has a positive analytic spectrum, then its minimum-
phase whitening filter can be uniformly approximated by an
FIR minimum-phase filter corresponding to a finite number
of reflection coefficients. While this can be argued by
means of Theorem 4.4, there is a much more direct way to

show this.
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If the minimum-phase whitening filter, H(zl,zz),
is truncated to obtain the following filter, for a particular

(N,M) :

1 - 53 h(k,ﬁ)zikz—z (4.51)

b

(0,0)<(k,%)<(N,M)
this truncated filter converges uniformly to H(zl,zz)
in some neighborhood of the unit circles as N goes to
plus infinity. Moreover, Theorem 3.1 implies that the
truncated filter is minimum-phase for all sufficiently large
values of N, so it can be uniformly approximated by a minimum-
phase FIR filter corresponding to a finite number of
reflection coefficients.

Consequently, any 2-D analytic minimum-phase
whitening filter can be uniformly approximated by an FIR
minimum-phase filter corresponding to a finite number of
reflection coefficients. Therefore we have established that
the 2-D reflection coefficient representation is a potentially

useful tool in 2-D linear prediction problems.



94

APPENDIX Al

PROOF OF THEOREM 4.1

Al.l Proof of Theorem 4.1(a) for‘HN_1,+wiElL§2L

Given the positive-definite analytic autocorrelation
sequence, {r(k,%); (0,0)<(k,%)<(N-1,+~) , we want to prove
the existence of an analytic minimum-phase PEF, HN—l,+w(zl’22)'
In this section we derive a constructive procedure for ob-
taining the PEF.

We begin by solving a related (but different)

prediction problem:

[%(k,%) | {x(k-s,2-t); 1<s<(N-1),-co<t<w}]

N-1 o
= I z f(N-1;s,t)x(k-s,8-t) . (Al.1)
s=1 t=-w

The filter coefficients, f(N-1;s,t), are chosen to satisfy
the following orthogonality conditions:
N-1

E{[x(k,%) - = r f£(N-1;s,t)x(k-s,8=-t)]lx(k-u,2-v)} =0
s=1 t=-=

14

1<u<N-1,-co<y<e | (Al.2)

We claim that we can then solve the original prediction
problem as follows:
[ﬁ(k,R)I{X(k-S,%-t); (0,0)<(s,t)<(N-1,+=)}]

= Lz h(N=-1,+»;s,t)x(k-s,2-t)
(0,0)<(s,t)<(N-1,+x)
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N-1 =
= I z f(N-1;s,t)x(k-s,2-t)
s=1 t=-c

+

o8

g(N-1;1) [x(k,8-T)

=1

N-1
- I z f(N-1;s,t)x(k-s,8~1-t)] . (Al. 3)
s=1 t=-

Because of (Al.2) the orthogonality conditions,

E{[x(k,2) - X h(N-1,+»;s,t)x(k~-s,2~t) Ix(k-u, 2-v)
(OIO) <(Slt)i(N_ll+°°)

=0 ’ (OIO)<(uIV)i(N—lI+OO) ’ (Al-4)

are automatically satisfied for {liuiN—l,-m<v<w}. The
remaining orthogonality conditions for {u=0,v>0} are
satisfied by choosing the g(N-1;1) appropriately. If

we can find a stable solution for the f(N-1;s,t) and the
g(N-1;1), then we will have found the unique, stable solu-
tion for HN—l,+w(zl’22)'

Our method of solving for H (21'22) is motivated

N-1,+»
by a fundamental result from linear estimation theory.
Suppose that we are given two zero-mean random variables,

Yq and Yor and that we wish to find the least-squares,

linear estimate for another random variable, x:

[§|yl,y2] = ay¥; * oy, -



al and az

orthogonality conditions:

can be found by choosing them to satisfy the

E{(x_alyl—a2y2)yl} =0
and E{(x—alyl—azyz)yz} =0 .

A different method of solving the same problem
begins by finding the least-squares, linear estimates for

X and Y, given y,:

where Bl and 82 are chosen to satisfy the following

orthogonality conditions:

E{ (x-8,y;,)y;} =0 ,
and E{(Yz'Bzyl)Yl} =0 .
It can then be shown that

[R]y,,v,]1 = [Rlyg] + (&l (y,- 19,1y, 1)]

where 83 is chosen such that

E{[x-81y1-83(y2-62y1)](yz-Bzyl)} =0 ,

96
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or equivalently

Referring to the error expression, (y2—[§2|yl]), as the

innovation of Yy with respect to yqr we have that the least-
squares linear estimate for x given Yq and Yo is equal to
the sum of the least-squares, linear estimate for x given
Yqr and the least-squares, linear estimate for x given
the innovation of Yo with respect to Yq- Although we have
only stated this result for random variables, it can easily
be extended to random vectors and random processes.
Therefore, reconsidering (Al.3) in light of the
above discussion, we formally have that the least-squares,
linear estimate for x(k,%) given {x(k-s,%-t); (0,0)<(s,t)
<(N-1,+»)} is equal to the sum of the least-squares, linear
estimate for x(k,%) given {x(k-s,%-t); 1<s<N-1,-o<t<w},
and the least-squares, linear estimate for x(k,%) given
the innovation of the 1-D sequence, {x(k,2%-T); 1>1}, with
respect to {x(k-s,f-t); 1<s<N-1,-o<t<o},

In Z-transform notation, (Al.3) becomes

HN—l,+w(Zl'zz) = GN—l(ZZ)FN—l(Zl’ZZ) (Al.5)

1 -
%

where GN—l(ZZ) =

Il ™ 8

q(N-l;z)z;Q (Al.6)
1
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-k
and FN-l(Zl'Z2) 1 - E FN—l;k(z2)zl
k=1
N-1
=1- I z f(N—l;k,Q)zlkzzg .
k=1 f=-e

(A1.7)

We claim that both Gy _, (z,) and Fy_1(zyr2,) are analytic

minimum~phase, and therefore that H (zl,zz) is analytic

minimum-phase.

We first show how to solve (Al.2). We have

N-1
[r(u,v) - X X f£(N-1;s,t)r(u-s,v-t)]l
s=1 t=-w
= q(N—l;V)(Su ’ 0<u<(N-1) ,-®<y<e (Al.8)
where
N-1
g(N-1;v) = E{[x(k,2+V) - I z f(N-1;s,t)x(k-s,4+v-t) ]
s=1 t=-w
N-1 o
« [x(k,2) - £ & f£(N-1;s,t)x(k-s,2-t)]}
s=1 t=-o
N-1
= BE{[x(k,2+Vv) - I X f(N-1;s,t)
s=1 t=-»
« x(k-s,2+v-t)1x(k,2)} . (A1.9)

Taking the transform of both sides of (Al.8) we have
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N-1
[(Ry(z) = I Fyop,s(22) Ry g ()]
s=1
= _;(z)8  ,  O<un-1 (A1.10)
where Q_;(z,) = % qON-1iR)z;" . (Al.11)
==

Writing (Al.10) in matrix form we have

— — — — —
FEQ(Z2) Rl(l/zz) .-+ Ry ;(1/2,) 1 Q-1 (22}
Rl(zz) RO(Z2) .o RN—Z(l/ZZ) -FN-l;l(ZZ) 0
( ... R ( -F (z,) 0
| Fn-1(22) Ryp(2)) 0lz2) | Tn-1n-1t®2’ ) ]
(Al.12)

We recall that the above Toeplitz matrix is Hermitian
positive-definite for all z, on the unit circle, and

that the Rk(ZZ) are analytic functions. Consequently

the determinant of the matrix is an analytic function of
z,. Since the determinant is non-zero for z, on the unit
circle, it must be non-zero for z, in some neighborhood of
the unit circle. Therefore the matrix is invertible for
all z, in the neighborhood of the unit circle, so there

is a unique solution for Fy-1(2172,) and Qy-1(25)» and

FN—l(Zl’ZZ) and QN_l(zz) are analytic. Since the matrix



100
is Hermitian positive-definite for all z, on the unit
circle it follows that Qu-1 (Z5) 1is strictly positive on
the unit circle.

To prove that FN—l(zl’ZZ) is minimum-phase we
solve (Al.1l0) by a recursive procedure analogous to the

1-D Levinson algorithm. The recursion is as follows:

1) Fo(zl,zz) =1 ; (A1.13)
Qo (2y) = Ry(zy) (A1.14)
2) Fo(zy02y) = F_1(zy,2,) = p (2,)2]"F _1(1/2,,1/2,),
(A1.15)
Q (z,) = Q-1 (z,) [1 - Pn(z5)e (1/2,)1 (Al.16)

l<n<N-1 .

The "reflection coefficient function," pn(zz), can be
shown to be an analytic function. Since Qn-l(ZZ) and
Qn(zz) are both positive for all z, on the unit circle,
the magnitude of pn(zz) must be less than one for all z,
on the unit circle. Therefore considering (Al.15) we can
use Theorem 3.1 to argue inductively that FN—l(zl’z2)
is minimum-phase.

To find GN-l(ZZ) we impose the orthogonality con-

ditions (Al.4) for {u=0,v>0}. Considering (Al.3) we have
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[d(N-1;v) -

o8

g(N-1;1) g (N-1;v-1) ]

=1

S

= Pyl 4aly ¢+ V20 . (A1.17)

But solving (Al.17) is equivalent to performing the

following 1-D spectral factorization:

0 (z,) = PN-1,+00
N-1""2 Gy-1(22)6Gy_; (1/25)

(Al1.18)

Since QN—l(ZZ) is a positive analytic spectrum, we know
that the factorization can always be performed, and that

GN—l(ZZ) is analytic minimum-phase, and P is positive.

N—l,+°°

Al.2 Proof of Theorem 4.1 (a) for H

N, miZ1225)

Given the positive-definite analytic autocorrelation
sequence, {r(k,%); (0,0)<(k,2)<(N,M)}, we want to prove
the existence of the analytic minimum-phase PEF, HN,M(zl'ZZ)'
A key part of the proof involves showing that for suf-

ficiently small values of m (m*-») we can find a solution

for HN,m(zl’zz) of the form

By,m(Z1722) = By q(Z)Hy g 4 (21,2))

-N_-m
- BN,m(l/zz)zl z, HN—1,+w(l/zl’l/22) ’

(Al1.19)
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where AN,m(ZZ) and BN,m(ZZ) are analytic functions.

Furthermore we can show that

lim (z,) =1 (al.20)
S AN,m 2 !
d l' = L ] L]
an mﬁfz BN,m(ZZ) 0 (Al.21)

(The convergence of both sequences of functions is uniform
in some neighborhood of the unit circle.) Therefore

HN m(zl,zz) converges uniformly in some neighborhood of
14

the unit circles to the limit filter, H (z,,2,)
N,-m l 2

= Hy_1,40(23r2)) - But since Hy ; ., (2;,2;) is minimum-

phase, we can apply Theorem 3.1 to argue that for all

sufficiently small values of m, HN m(zl,zz) is minimum-
14

phase. Finally applying the 2-D Levinson algorithm we can

prove inductively that a solution for H (zl,zz) exists

N,M
and is analytic minimum-phase.
In order to obtain (Al.19), we first try a solution

for HN,m(zl'z2) of the form

He,m(Z1722) = [BAg n(2)Fy_;(2,2))

BN'm(l/zz)z1 Z, FN_l(l/zl,l/zz)] '

(Al.22)
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8

where Al (z,) = [1 - a'(N,m;z)z;“] (Al.23)

=1

b'(N,m;z)z;2 ) (AL.24)

N~ 8

L —
and BN,m(ZZ) =

2=0

(FN-l(zl'ZZ) is defined by (Al.7)) Equivalently, we have

[R(k,%) | {x(k~s,2-t); (0,0)<(s,t)<(N,m)}]

= LZ h(N,m;s,t)x(k~s,2~t)
(0,0)<(s,t)<(N,m)

N-1
= I X f(N-1;s,t)x(k-s,2-t)
s=1 t=-w
) N-1 )
+ ¥ a'(N,m;t) [x(k,%-T) - X % f(N-1;s,t)
=1 s=1 t=-o

e x(k=-s,8-1-t)]

+ I b'"(N,m;T) [x(k-N,-m+T1)
=0
(N-1) o
- p L f(N-1;s,t)x(k-N+s, L-mt+1+t) ]
s=1l t=-»
(Al.25)
Recalling (Al.2), we see that the normal eguations,
E{[x(k,%) - ZZ h(N,m;s,t)x(k-s,2-t) I1x(k-u,2-v)}

(0,0)<(s,t)<(N,m)

=0 ’ (OIO)<(uIV)i(NIm) ’ (Al.26)
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are automatically satisfied for {1<u<N-1,-w<y<w} if the
prediction problem is formulated in the form (Al.25).
The sequences a'(N,m;t) and b' (N,m;T) need only to be
chosen to satisfy (Al.26) for {u=0,v>1} and {u=N,v<m}.
1f stable solutions for a' (N,m;t) and b' (N, m;T) can be

found, then we will have found the unique, stable solution

for HN,m(Z

l,22).

The innovations interpretation for (Al.25) is that
the least-squares, linear estimate for x(k,%) given
{x(k-s,8-t); (0,0)<(s,t)<(N,m)} is equal to the sum of the
least-squares, linear estimate for x(k,%) given {x(k-s,%-t);
1<s<N-1,-=<t<e}, and the least-squares linear estimate for
x(k, %) given the innovations of the two sequences,
{x(k,2-1); 1>1} and {x(k-N, 2-m+7); >0}, with respect to
{x(k-s,8-t); 1<s<N-1,-co<t<w},

Recalling (Al.5),

H (z

N-1,+ llzz) = GN—l(ZZ)FN—l(Zl’ZZ) r (Al.27)

we see that (Al.22) reduces to (Al.19) where

_l g “,Q,
— ] —_ - .
AN,m(zz) = AN,m(zz)GN_l(zz) = [1 zil a(N,m;2)z,"]1
(Al1.28)
and
B (z,) = B! (z )G“l (z,) ; b (N m-z)z-z (Al.29)
N,m" %2 N,m “2/®N-1"1%2 =0 mit)zy .
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Using (Al.19) with (Al.28) and (Al.29) we can write the

prediction error resulting from H (zl,zz) operating on

N,m
x(k,2) in the form:

2™ N,mik, ) = 27 (8-1, 43k, 1)

- 5 am,mn) ™) (N-1, 43k, 2-1)
=1
- £ bN,mT)%") (N-1,+®;k-N, 2-m+1)
=0
(Al.30)
where, for all (0,0)<(n,m)<(N,M) ,
) (n,mk,2) = [x(k,2) - $% h(n,m:s,t)x(k-s,o-t)]
(0,0)<(s,t)<(n,m)
(AL.31)
and ) (n,m;k,2) = [x(k,2) - £% h(n,m;s,t)
(0,0)<(s,t)<(n,m)
e x(k+s,8+t)] . (Al.32)

The advantage of considering the prediction problem in
the form (Al.30) is that for fixed values of k, the 1-D
stationary random processes, {i(+)(N-l,+w; k,8) ,=o<<=},
and {i(_)(N—l,+w; k-N,%) ,~»<f<»} are both individually
white (though they are correlated with each other).

Specifically, using (Al.4), it is easy to show that
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() o . = (+) (N1 goos =
E{x (N=-1,+ ,k,%l)x (N-1,+ rkl'Q'z)} - PN—]_,+006,Q,1-912 !
(Al.33)
and
E{;((_) (N-1,+=; k=N, 2 )S’((-) (N-1,+»;k-N, 2 )} =P Y
’ 7 1 & ’ ! r~9 N=1,+w Zl-Qz :
(Al.34)

We denote the normalized cross-correlation between the two

processes by A(N;T):

A1) = o B{& ) (1, ek, ) %) (-1, 4 ke, 0) )
N-1,+o
1 1 % % N-1 t-1.2
= 4 V4 H_ oo(z IZ)
Pyl +m (2192 1 %22 Hy_1,4e(Z3r2;
lzl|=l |22[=l
- [ LI r(s,t)zisz;t]dzldz2 , —o<T<m .

(—N,—m)i(s,t)i(N,m)

(Al.35)

Since A(N;t) is the inverse Z-transform of a function in
Zy analytic in the neighborhood of the unit circle, it
follows that A(N;t) decays exponentially fast to zero as
T goes to minus infinity. Applying Schwartz's inequality
we see that the magnitude of A(N;t) is less than one.
Therefore we have the bound

[A(N;T)] < (l+€0)_ITI P TSmel>0 (Al.36)



107

To obtain the optimum values for a(N,m;T) and

b(N,m;T) we apply the following orthogonality conditions:

e(x ™ mik, 0% (-1, 40k, 0-v )b =0, vl

1-—
(Al.37)
and
% (+) . > (=) v N 0 -
(Al.38)

Choosing a(N,m;t) and b(N,m;t) to satisfy (Al.37) and
(Al1l.38) is equivalent to choosing them to minimize the
variance of the right-hand side of (Al1.30). But since
there is a one-to-one relation between AN,m(ZZ) and A&’m(zz),
and between BN,m(ZZ) and Bﬁ,m(ZZ)' it follows that this is
equivalent to optimizing AN,m(ZZ) and BN,m(ZZ)'

Using (Al.30), (Al.33), (Al,34), and (Al.35) we

have

0 = [-a(N,m;v,) = I Db(N,m;t)A(N;m-v.-1)] , v,>1 ,
1 =0 1 1=
(Al. 39)
and
0 = [A(N;m-v,) = I a(N,m;T)A(N;m-v,-T) - b(N,m;v,)]1,
2 =1 2 2

szo . (A1.40)
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Substituting (Al.39) into (Al.40) we have

b(N,m;v) = [A(N;m-v) + X l)

. A(N;m—v-Tz)A(N;m—T ’ v>0 . (Al.41)

17T ]

We solve this equation iteratively; the procedure leads to
a so-called Neumann series solution. (The same technique
is used in the theory of Fredholm integral equations.)
We obtain the following formal solution:

(e 0]

b(N,m;v) = Z w_(N,m;v) , v>0 , (Al.42)
g=1 1

where wq(N,m;v) satisfies the recursion:
wl(N,m;v) = A(N;m~-v) , v>0 , (Al.43)

and

co [s 0]
wq(N,m;v) = X X

Tl=0 T2=l

wq_l(N,m;Tl)A(N;m—v—rz)A(N;m—Tl-Tz) '
v>0,g9>2 . (Al.44)

We need to show that the series (Al.42) converges absolutely
and uniformly. Applying the bound (Al.36) to (Al.43) and
(Al.44), and assuming that m<0 (which involves no loss in
generality since we will need to let m approach minus

infinity) we have
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le(N,m:v)|<(l+eo)m_v , V20 (Al.45)
and
v (N,miv) < £ % |w._.(N,mpty) | (Lte,) (PRTVITIT2T,)
q - -1 a-1 1 0
7.=0 1,=1
1 2
-2
P~ o (1+e,)
= I |w _l(n,m;Tl)I(l+eo)(2m V=T, 0 =T
=0 4 [1-(1+ey) 7]
q>2,v>0 . (Al.46)

It can be verified by successive substitution that

)m—l 2 (q_l)
0
1-(1+¢

(1+¢

© (Leg) ™V

qu(N,m;v)l < =

o)
g>1,v>0 . (Al.47)

Inspecting the bracketed quantity in (Al.47) we see that
the bound can be made exponentially decaying in g by making
m small enough. Specifically there is a negative integer,

m., such that for all m<m

0’ 0’

(l+€0)m—l

— <1 . (Al.48)

1-(l+eo)

Therefore, for all mimo, the Weierstrass M-test can be
applied to show that the series solution (Al.42) converges

absolutely and uniformly.
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Applying the bound (Al.47) to (Al.42), we have

o

|b(N,m;v)| < & qu(N,m;V)|

< : TSz ¢ W<mg,v>0 . (AL.49)

Applying the above bound to (Al.39) we have

o

la(N,m;v)| < I |b(N,m;t)]||A(N;m-v=-1) |

=0
(2m-v)
+
< - Eo) m<m,,v>1
1 - 9 [1—(1+eo)"2]
l-(l+eo)

(A1.50)

Consequently, for all mﬁmo, AN,m(ZZ) and BN,m(ZZ) (defined

by (Al.28) and (Al.29)) are analytic in the neighborhood

.

at the unit circle (in fact, in the region |22|>(l+€0)-
Moreover, (Al.49) and (Al.50) imply that as m goes to
minus infinity, AN,m(ZZ) converges uniformly to one and
BN,m(z2) converges uniformly to zero in the neighborhood
of the unit circle.

Therefore in this section we have proved that

there is some number m, such that for all m<m, we can find
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a solution for the PEF, H m(zl,zz), analytic in the
I

N

neighborhood of the unit circles. (zl,zz) converges

H,m
uniformly to the analytic minimum-phase filter,
HN,—w(Zl'zz) = HN—l,+w(zl'ZZ)’ as m goes to minus infinity.
The remainder of the proof of Theorem 4.1 (a) has already

been discussed.

Al.3 Proof of Theorem 4.1(b) for H

N-1,+wlB11Z5)

Given an analytic minimum-phase filter

Hy-1, 4w (Z172p) = [1 - ZI h(N-1,+=;k,2)z] 2,71

(0,0)<(k, Q’)i(N-ll+m)

(Al.51)

and a positive number P r we want to prove that there

N-1,+o
is a unique positive-definite analytic autocorrelation
sequence, {r(k,%); (0,0)<(k,%2)<(N-1,+»)}, such that the
normal equations (Al.4) are satisfied. The existence part
of the proof was discussed in section 4.1.

To prove the uniqueness part of the theorem we
assume the existence of two positive-definite and analytic
autocorrelation sequences, {r(k,%); (0,0)<(k,%)<(N-1,+=)}
and {r'(k,%2); (0,0)<(k,2)<(N-1,+=)}, both of which generate
H

(21'22) and P via the normal equations. 1In

N-1’+m b]'-]."'l"<x>

each case the normal equations can be solved by means of
the constructive procedure derived in section Al.l.

Therefore working with {r(k,%2)} we first solve (Al.10) to
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obtain F_,(z;,z,) and O  ;(z,). We then perform the 1-D

spectral factorization (Al.18) to obtain P and

N-1,+e
GN-l(ZZ)' The PEF is then given by the formula

Hyo1,+0(21725) = Gy_1(25)F 4 (29,2,) . (Al.52)

Likewise, working with {r'(k,%)} we solve (Al.10) to
. t \ 8
obtain FN-l(zl’ZZ) and QN—l(ZZ)' and we solve (Al.18)
. . .
to obtain PN—l,+m and Gg_,(z,). We obtain the PEF by the
formula

HN—l,+w(Zl'ZZ) = Gﬁ-l(ZZ)Fﬁ—l(zl’zz) . (Al1.53)
Comparing (Al.52) and (Al.53) we have
GN—l(zz)FN—l(zl'zz) = Gﬁ_l(zz)F&_l(zl,zz) ' (Al.54)

or

N-1

. -k

N-1 x
I Fy_1,x(z0z 1 . (Al1.55)

=Gl ,(z,) 1 -
N-1'%2 o1

Comparing similar coefficients of Z, in (Al.55) we see that

1

GN_l(zz) = Gﬁ_l(zz) ’ (Al.56)
and FN-l(Zl'ZZ) = Fﬁ_l(zl,zz) . (A1.57)

Considering (Al.18) we have
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P
Oy-1(%3) = GN_l(zz;é;f:(l/zz) ' (Al.58)
PN-1, 4w
and Q'N_l(zz) = Gﬁ—l(zz)Gé-l(l/zz) . (A1.59)
Using (Al.56) we see that
On-1 (25) = On-1(25) - (Al.60)

Therefore we see that {r(k,%2)} and {r'(k,%)} both generate
the same Fy-1(2172,) and Qy-1 (z2) via (Al.10). Writing

(Al.10) for both cases we have

N-1
[Ru(ZZ) - sil FN—l;s(ZZ)Ru—s(ZZ)] = QN-l(22)6u !
0<u<(N-1) ,  (Al.61)
and
N-1
[R)(z5) - ooy TN-1;5(Z2) Ry (201 = Oy g (2506,

O<u<(N-1) .  (Al.62)

But as we observed in section Al.1l, for all values of z,

on the unit circle, the (Al.10) are merely the normal

equations for a 1-D predictor. Therefore since FN—l(zl'ZZ)
1 for all fixed z,

on the unit circle, and since QN—l(ZZ) is strictly positive

is a 1-D minimum-phase filter in z

for all z, on the unit circle, the complex version of
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Theorem 2.1(b) implies that
Ry (z,) = Ry(z,) ,  0<k<(N-1) , [z,[=1 .
(Al.63)

Taking the inverse Z-transform of both sides of (Al.63)

(with the integration contour on the unit circle) we have

that

rk,2) =1r'(k,2) , (0,0)<(k,2)<(N=-1,+x) . (Al.64)

mlZy25)

Al.4 Proof of Theorem 4.1(b) for HV

Given an analytic minimum-phase filter,

-k_—-%

HN,M(ZI'ZZ) = [1 - X h(N,M;k,2)21 z, 1 (Al.65)

(0,0)<(k,2)<(N,M)

and a positive number P M’ We want to prove that there
14

N
is a unique positive-definite analytic autocorrelation
sequence, {r(k,%); (0,0)<(k,2)<(N,M)}, such that the
normal equations, (4.3), are satisfied. We concentrate
here only on the uniqueness part of the proof, since the
existence part was discussed in section 4.1.

We assume the existence of two positive-definite
analytic autocorrelation sequences, {r(k,%); (0,0)<(k,%)
<(N,M)} and {r'(k,%); (0,0)<(k,2)<(N,M) both of which

generate Hy M(zl,zz) and P via the normal equations.
4

N’M

In both cases the normal equations can be solved by the
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method derived in sections Al.l and Al.2. Therefore working
with {r(k,%2)} we generate a sequence of analytic minimum-
phase PEFs {HN'm(zl,zz); -o<m<M} and positive prediction
error variances, {PN,m; —w<miM}, related by the 2-D Levinson

recursion:

_ _ N, -
Hy,m(Z102) = [Hg o0 (23,2,) = p(Nym)z] 2z By o0 (1/2),1/2,] ,
m<M (Al. 66)

2
and PN,m - PN,m—l[l - p"(N,m)} , m<M . (Al.67)

Likewise working with {r'(k, %)} we generate a sequence at
analytic minimum-phase PEFs {Hﬁ m(zl,zz); m<M} and positive
, <
prediction error variances {P& m’ miM}, related by the 2-D
14

Levinson algorithm:

‘ -N -
= ' -
By, (210%p) = [y g (202)) = 0t (Nymz 2 By oy (1/2)01/2,) ),
m<M (Al.68)
. = pr _ 12

where

HN,M(Zl'z2) = HN,M(zl'ZZ) r (Al.70)
and

p! = P . (Al.71)

Using (Al.70) we have that
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p' (N,M) h' (N, M;N, M)

h(N,M;N,M) = p(N,M) . (Al1.72)

Therefore using (Al.69), (Al.71), and (Al.72) we see that

p! = P

N,M-1 = Pn,mM-1 - (Al.73)

Since the reflection coefficient magnitudes are less than
one, the recursions (Al.66) and (Al.68) can be "run back-

wards" as follows:

1
H. . (2,,2,) = (B, (z.,,2,)
N,m-1"“1"%2 (1-02 (N, m) ] ,m417%2

+omzyz,Hy | (1/2,1/2))]1 , mM

(Al.74)
and

1
1 -—
Hy m-1(21:23) =

11-p% (N, m) ]

By o(2q02,)

+ p' (N, m)zl 2 N m(l/zl,l/z Yyl ., m<M .
(Al1.75)
Using (Al1.70), (Al.72), (Al.74), and (Al.75) we see that

) —
By, M-1(21722) = By, pog (21025) - (Al.76)

Therefore we can argue inductively that
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m<M , (A1.77)
and P! = P ’ m<M . (A1.78)

Taking the limit as m goes to minus infinity, we have

that

t —
HN—l,+w(zl'22) = HN-l,+w(zl'22) ' (A1.79)

! =
and PN-1,+0 = Pyl 4w - (A1.80)

But as we proved in the previous section, this implies
that
r'(k,2) = r(k,2) ’ (Olo)i(klz)i(N_ll-’-m) .
(Al.81)

To obtain the remainder of the proof we write the

normal equations for HN’M(zl,zz):

[r(s,t) - (O’O)<(kfi)ggg:ﬁ;k,Q)r(s—k,t—z)] = PN,Mdsat ’
(0,0)<(s,t)<(N,M) , (A1.82)

and

[r'(s,t) - X h(N,M;k,&)r'" (s-k,t-2)] =P §_¢ '

(0,0)<(k,%)<(N,M) N,M's"t

(0,0)<(s,t)<(N,M) . (Al.83)
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Subtracting the two equations, and using (Al.81) we have

for s = N:

2=1
(Al.84)
where Ar(N,t) = r(N,t) - r'(N,t) . (Al.85)
We claim that the filter,
(e o] _l B
[l - I hN,M0,8)z,7] = HN,M(zl,zz)] o (Al1.86)
2=1 Z. =0
1
is minimum-phase. This is easily seen since we have
H,o  (z,,2.) ] e 1Y (zo,2)] =1 (A1.87)
N,M "1"72 7 = N,M*"1'72 z. = :
1

Considering (Al.84), if we interpret the sequence Ar(N,t)
as the input to the filter, [1 - I h(N,M;0,2)z;"]

=1
then the output of the filter is zero for all t<M. But

14

since the filter is minimum-phase, this can only mean that
Ar(N,t) =0 , t<M , (A1.88)

which completes the proof.
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APPENDIX A2

PROOF OF THEOREM 4.3

A2.1 Proof of Existence Part of Theorem 4.3(a)

We are given a 2-D reflection coefficient sequence,

{p(k,2); (0,0)<(k,&)<(N,M)}, where

2]

lptk,2) [ < (L+ey) ™ (a2.1)

and €9 is some positive constant, and we want to prove the
existence of a 2-D sequence of 2-D analytic minimum-phase

filters, {Hn (21’22)7 (0,0)<(n,m)<(N,M)}, satisfying

;M
equations (4.21)-(4.26). As we indicated in section 4.2,
this is trivial to prove if the reflection coefficient
sequence is finite-order. To prove the existence part
of the theorem for the general case where the reflection
coefficient sequence is infinite-order, we work with a

finite-order truncated reflection coefficient sequence,

1o (k,2); (0,0)<(k,2)<(N,M)}, where

p(k,2) , | 2] <L
o (x,0) =
0 ' [2]>n .

Associated with this truncated reflection coefficient

sequence is a 2-D sequence of 2-D FIR minimum-phase

filters, {HéLg(zl,zz); (0,0)<(n,m)<(N,M)}. We then prove
4

that as L goes to infinity, the sequence of filters
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{HéL%(zl,zz)} converges uniformly, in the Cauchy sense,
14
to a limit sequence of analytic minimum-phase filters,
{Hn,m(zllzz) }.

We first write the equations needed to obtain the
filter sequence, {H(L)(z +Z,)}. The filter sequence is

n,m ~“1"'72

computed recursively, the ordering of the recursion being
a finite raster scan. The recursion begins as follows

(we assume that L>|M|):

aen)

0 0(zl,zz) =1 , (A2.2)
Bt (2y02) = B(Y) (212 - 00ma) (M) (/2172
1<m<L . (A2.3)

The next column of the recursion begins as follows:

(L)

Hy o (n+1)

(z,2,) = H(L)(zl,z )y . (A2.4)

For the remainder of the column we have:

B (202 = By (202 = eLmz e () sz 1/2)
-L<m<L . (A2.5)

In general, within each column of the recursion we have

(L)(Z (L) -m (L)

llzz) = H l(zllz ) - p(N m)Z 2 H l(l/zlll/zz) ’

{1<n<N-1,-L<m<L},{n=N,-L<m<M} . (A2.6)
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The equation for the transition between adjacent columns

of the recursion is

(L) _ (L)
Hn,—(L+l)(Zl'22) = Hn—l,L(zl'zz) ’ 1<n<N . (A2.7)
Finally, for |m|>L we have
EY (2,2 = 58T (2,2 (n,L)<(k,m)<(n+l,-L) , 0<n<N-1
k,m l' 2 n,L l, 2 ! ! ! ! ! - :
(A2.8)

Theorem 3.1 can be applied to (A2.3) and (A2.6) to prove
inductively that all of the filters are minimum-phase.
We now prove that as L goes to infinity, the filter

(L)
sequence {Hn,m(z

l,22)} is uniformly bounded in some neighbor-

hood of the unit circles, and for all {(0,0<(n,m)<(N,M) }.

We confine zq and z, to a particular neighborhood of the

unit circles, {(l+€l)_l<[zl|,[zzl<(l+€l)}, and we denote

the least upper bound for the magnitude of the filter

(L)”
m

(L
Hn,;(zl’z2) by HHn, where

)|,(l+€l)-l<|zl|,[22|<(1+el) .
(a2.9)

Considering (A2.3) we have
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PadBh < 1adBh 1+ e o,m | (uvep) I
l+e,\-|m|
< ||H5LA-1” (1 + <T¥Eg> 1 , 1l<m<L. (A2.10)
! 1

Using successive substitution, it can be verified that

m 1+e,\-| 2|
Ned™ ) < 1o+ (——0 ]
O,m o=1 1+sl

L I+ey\-| 2]
< NI+ s 1,  l<m<L . (A2.11)
2=1 1

Considering (A2.8) for n=0, we have that

l+€O

ﬁ 1+ ( )—IKI] (0,0) <( )<(1,-L-1)
< ’ ’ n,m LT
2=1 l+€l — -

(L)“

13: S

(A2.12)

Similarly, using (A2.6) for n=1, it can be shown that

1+e \-| 2]
(L) (L) o 0
”Hl,mH < IlHl’_(L+1)H QE-L[l + (1+€l)<IIEI) ]
L 1+e,\ -] 2]
(L) 0
gl e e (529
-L<m<L . (A2.13)

Combining (A2.12) and (A2.13) we have that
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L 1+e,\-| 2]
(AT n o +(I;59) 1}

= 1
. L (1+€0 -1 2] ,
« {0 [1+ (Q+ey)|——— 1y,
0=-1 1 l+el
(0,0)<(n,m)<(1,L) . (A2.14)

Using the same type of arguments, it can be shown in-

ductively that

L 1+e,\-| 2]
I < (o« (——-9) 1}

- l+el
N-1 L l+e,\-| 2]
- {T T I[l+ (1+el)k(ﬁgg 1}
k=1 =-L 1
M 1+e \-| 2|
{1 [1+(1+€1>N<I¢EQ) 1t
==L 1
(0,0)<(n,m)<(N,M) . (A2.15)
If we now choose & so that
0<el<€0 ’ (A2.16)

we claim that the right-hand side of (A2.15) is bounded
as L goes to infinity. We need only to show that the

infinite products converge. We demonstrate this for the

first term. We have
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© (l+so -] 2] © l+e0 -1 2]
log T [1 + : ] = Z 1logll + |54/ ]
9=1 l+€l =1 l+€l
@ [l+e, -1 2]
< I < o (A2.17)
=1 1+el

where we have used the fact that for nonnegative x,

log(1+x)<x. Therefore we have the following uniform bound:

) < kg < e, (0,0<mmemm

(A2.18)

where K0 is a constant independent of L, n, and m.

We now want to prove that the filter sequence,
{Hé?;(zl,zz)}, converges uniformly in the Cauchy sense to a
limit filter sequence. We consider the filter sequence

for two wvalues of L, Ll and L2, where Ll>L2' We denote

(Ly) (L2)

n,m n,m (zl’ZZ)‘I

the least upper bound for |H (zl,zz)—H

in the neighborhood {(l+el)_l<|zl|,[22|<(l+el)} by
L L
IIH( l)-H( 2)

|| + where
n,m n,m
(L) (L,) (L)  (L,)
1 1 2
IHn,m (zl’ZZ)_Hn,m (21’22)l < lIHn,m “Hoom I
(Lre ) Th<lz |z, < (4e) . (A2.19)

We want to prove that the least upper bound (A2.19) con-
verges uniformly to zero, for all (0,0)<(n,m)<(N,M),

as Ll and L, go to infinity (with Ll>L2). To prove this,
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. | (L)) (Ly)
we need to consider the propagation of IlHn,m “H) [l
in two regions: for |m[<L,, and for Ly+1<|m|<L,.

First considering (A2.2) and (A2.3) we have that

(L) (L,)
e, = -m, 2|

o,m “Hom Il =0 , Osm<i, . (A2.20)

Next, using (A2.6) we have that

(Ll) (L,) (L

[Hn’m (zl,zz) - Hn’m (zl,zz)] = [H

(L)
n,mn-1

1)

n,m—l(zl'ZZ)"H

(leZZ)]

(L) (L,)

-n_-m
[Hn,m-l(l/zl'l/z?-) - Hn,m-l(l/zl’l/ZZ)] ’

—p(n,m)zl z,

{1<n<N-1,-L,<m<L,}, {n=N,-L,<m<M} . (A2.21)

Or

(L) (L) (L) (Ly) l+ey\-|m]
N R LN N T (z—) 1

1

{1<n<n-1,-L,<m<L,}, {n=N,-L,<m<M} . (A2.22)

By successive substitution, we have that

|| (Ll)_ (L2)H H(Ll) _H(Lz) H
n,m n,m n,-(L2+l) n,—(L2+l)
m 1+e,\-] 2]
. I [1+(l+e )n(}__g) | B
2=-L, 1 l+€l

{1<n<N-1,-L,<m<L,}, {n=N,-L,<m<M} . (A2.23)
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Finally using the worst-case values for n, m, and L

2
in (A2.23), we have that
N T e LR L
n,m n,m 1 n,=(L,+1) n,=(L,+1) !
{1<n<N-1,-L,<m<L,}, {n=N,-L,<m<M} , (A2.24)

where Kl is a constant independent of n, m, Ll’ and L2:

w nf1+eg\-12]

Kl = E_“}l+(l+€l) TIEI ] < o (A2.25)
(L) (Ly)

We now consider the propagation of ||H -H Il

n,m n,m
in the region (L.,+1)<|m]|<L,. Considering (A2.3) and
2 ==

(A2.6), we have that

) (L) _y - (Ly+l)
Hn,(L2+1)(Zl’22) = Hn,Lz(zl,zz) = p(n,Ly+l)z z,
(L)
. Hn,Lz(l/zl'l/ZZ) , 0<n<(N-1) ,

(A2.26)
and

(L) (L)

~ (L. +2)
_ n 2
n, (L,+2) (#17%y) = H

H n,(L2+l)(zl'z2) - p(n,L2+2)zl z,

(L)
By, (nye1) (/2101/25)  0snc(N-1) .

(A2.27)



Adding the two equations, we have that

) (L)) (Lp*2) (
H Z.:2,) = H (z.,2,) - z p(n,Q)
n,(L2+2) 172 n,L2 172 2=(L2+l)

(L))
-n_=4% 1
21 23 Hp,(g-1) (1/21:1/23)

It can be shown inductively that

(Ll) (Ll) m

-n_-%
H (z,,2,) = H (2z,,2,) - X o(n, z n
n,m 1772 n,L2 1772 2=(L2+l) 1 °2
(L)
* Hn' (24_1) (l/zlll/zz) r
0<n<(N-1) ’ (L2+1)§m§Ll .
Similarly, it can be shown that
(Ll) (Ll) m
Hn+l,m(zl'22) = Hn+l,—(L +1)(Zl'22) _Z p(n+l,R)
1 Z——Ll
(L)
-(n+l) -2 1
Zl 22 Hn+l’2’_l(l/zlll/22) r

0<n<(N-1), (Ly<m<- (L,+1)

Using (A2.8) we have that

14

127

0<n< (N-1).

(A2.28)

(A2.29)

(A2.30)
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Hn,m (zl’zz) = Hn,L2 (Zl'ZZ) d
0<n<(N-1), (L,y+1)<m<Ll, (A2.31)
(L,) (L,)
and fntl,m(Z17%2) = Hpey, -+ F10%2) o
0<n<(N-1), -L;<m<- (Ly+1) . (A2.32)
Using (A2.29) and (A2.31), we have
(L) (Ly) (L) (Ly)
HHn m Fn,m Il < HHn L, 'n,L
14 1 4 2 [4 2
m n<l+€0>—|2t
+ K ) (l+e,) | +—
0 2=(L2+l) 1 l+€l
(L) (L,)
1 2
< IIHn L -Hn L ]
=2 r=2
L o1\ -1 2]
+ K X (14, ) | =——— '
0 2=(L2+l) 1 l+€l
0<n<(N-1), (L,+1)<m<L; (A2.33)

Using (A2.30) and (A2.32), we have

(L)) (Ly) (L

(L,)
n+l,m_Hn+l,mlI =

n+l,—(Ll+l)_Hn+l,—(Ll+l)”

m l1+e \-|2]
Ky T (l+€l)(n+l)<l+eo
L=-L 1

1

1R:!
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"y H

| H n+l, - (L, +1)

n+1,—(Ll+1)'H

= (Lp*l) N(1+so -2
+ K )X (l+e,) | 747 .
0 Q=—1, 1 1+€l
1
0<n<(N-1), -L;<m<-(L,+1) . (A2.34)
Using (A2.8), we have that
g 22— e 2y
k,m k,m n,L n,L !
1 1
(n,Ll)i(k,m)i(n+l,-Ll—l), 0<n< (N-1) . (A2.35)

Combining (A2.33), (A2.34), and (A2.35) we have

I I P L
k,m k,m n,L2 n, L,
Ly o1\ -1 2]
+ 2K X (1+e,) | 54— ’
0 2=(L2+l) 1 l+el

0<n<N-1, (n,L2)<(k,m)<(n+l,—L2) . (A2.36)
(L) (L,)

The behavior of ||H -H || is completely

n,m n'm
described by (A2.20), (A2.24), and (A2.36). Combining

(A2.20) with (A2.36), for n=0, we have
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L
(L) (%,) 1 1+e,\-| 2]
1 2 N 0
|| B -H | < 2K, (1+e.) z <__*_ ,
k,m k,m 0 1 £=(L2+l) 1+€l
(0,0)<(k,m)<(1,-L,) . (a2.37)

Combining (A2.37) with (A2.24) for n=1, we have

L
(L;)  (L,) 1 [l+e \-|2]
1 2 N 0
H -H < K, [2K, (1+€e.) z | I
18y, By, 1 [2Kg Ul*ey £=L2+1(1+€1>
(0,0)<(k,m)<(1,L,) . (A2.38)

Successively using (A2.24) and (A2.36), it can b shown

that
L
(L.,) (L.) N 1 [l+e,\-| 2]
1 2 S N 0
lIHn,m By m < I Ky) 2K, (1+ey) z <l+e ) !

(0,0)<(n,m)<(N,M), L,>L,>|M| . (A2.39)

1

The bound goes to zero as Ll and L2 go to infinity, so we

have proved the uniform Cauchy convergence of the filter

(L)

sequence H
d ce, { n,m

(lezz)}-
All that remains to be proved is that Hn m(zl,zz)
converges uniformly to limit filters as m goes to plus

and minus infinity, and that Hn m(zl,zz) is minimum-phase.
14

To prove that H (z,,2,) converges uniformly to
n,m " ~"1"72

Hn +w(zl’22) as m goes to plus infinity we proceed as follows:

14
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L L
S E N o0 [ (LA |
L L
< Ny v 0+ ey ()
+ llHé?im-HéL$|| ., 0<n<N-1 . (A2.40)

Using (A2.3), (A2.6) and (A2.8) we can show that, for all

L greater than m,

éle(zl,z ) = (L)(zl,z )
L
(L)
= H (z;,2,) - L p(n,Q)
n,m 1772 L=m+1
zInzzzH(L) L (1/2),1/2,) . (A2.41)

Substituting (A2.41) into (A2.40) we have

”Hn,+m_Hn,m“

_ (L) (L)
ity s L+l om0
L 1+e,\-| 2|
+ 3 (1+el)n<1159 IB: éL; Al o
2=m+1 1

(A2.42)

Letting L go to infinity, we have
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n o [lteg | 2]
IIHn,+m_Hn,mH < KO(1+81) z I+e, :

L=m+1
(A2.43)
Therefore,
lim ||H -H_ _|| =0, O0<n<N-1
n,+® "n,m - =
m—oo
(A2.44)

In precisely the same way we can prove that

Hn,m(zl’zz) converges uniformly to Hn'_w(zl,zz) as m goes

to minus infinity, for 1<n<N.
We now prove that the Hn'm(zl,zz) are minimum-

phase. Although H (z 2) is the uniform limit of a

1'%

sequence of analytlc minimum-phase filters we cannot
directly infer from this that Hn m(zl,zz) is minimum-phase

(though we can infer that H (z 12, ) is analytic). We

1
first prove that H (z,,2 ) is non-zero on the unit
n,m 1772

(L) (5

circles. In the same way that [H_ 17%,) | was upper-

bounded, it can be shown that:

IH(LQ(Zl'Zz)I > ﬁ [l—lo(o,z)luNﬁl ﬁ [1-]p(k,2)]1)
o 2=1 k=1 %=-L
M
- (D [1-lew,) |1,
==L

(0,0)<(n,m)<(N,M), lzll=|zzl=l . (A2.45)
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We claim that as L goes to infinity, the right-hand side
of (A2.45) converges to a positive number. We need to show
that the infinite products are non-zero. We demonstrate

this for the first term. We have

log T [1-{p(0,2)|] = £ logll-|p(0,8)]]
2=1 =1
o lp(0,2) |
= -2 log(l +
2=1 (1-|p(0,2)])
o [o(0,2)]
> - I . (A2.46)

2=1 (1-]p(0,2)])

The denominator of the series is lower-bounded, and the

numerator is exponentially decaying; therefore

[ee]

log I [1-]|p(0,2)]|] > - . (p2.47)
=1
Therefore H (z,,2,) is non-zero on the unit circles,
n,m"1"72
and because of continuity it must be non-zero in some
neighborhood of the unit circles. Consequently, H;lm(zl,zz)
7

exists and is analytic in some neighborhood of the unit
circles.

All that remains to be shown is that H;lm

14

is causal. We do this by showing that on the unit circles,

(

L) -1 . -1
[Hn,m(zl’ZZ)] converges uniformly to Hn,m(zl'ZZ)‘

(zl,zz)

We have
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(L)~

-1 1
[Hn,m(zl,zz)-Hn m (21'22)]

- [HIEI,JI)II(Zl'ZZ)—Hn,m(Zl’ZZ)]

. (A2.48)

(L)
Hn,m(zl’ZZ)Hn,m(zl’ZZ)

The denominator of (A2.48) is lower-bounded, and the

numerator converges uniformly to zero, for all z, and z,

on the unit circles, as L goes to infinity. Therefore,

(L)-1 . -1
Hn,m (zl’ZZ) converges uniformly to Hn,

(L)-1
n,m

m(z ,22) on the

1
unit circles. Since H (21’22) is causal, we therefore

1

have that Hn,m(zl’ZZ) 1s causal.

A2.2 Proof of Uniqueness Part of Theorem 4.3(a)

Given a 2-D reflection coefficient sequence,

{p(k,2); (0,0)<(k,%)<(N,M)}, where

ot | < areg I, e s0 (32.49)
we want to prove that there is at most one 2-D sequence
of 2-D analytic minimum-phase filters, {Hn,m(zl’zz);
(0,0)<(n,m)<(N,M)}, satisfying equations (4.21)-(4.26).
(The existence of such a filter sequence was proved in
the previous section.) Therefore we assume the existence
of two such filter sequences, {Hn'm(zl,zz)} and
{Hglm(zl,zz)},znuiwe want to show that Hn,m(zl’zz)
= Hﬁ,m(zl’zz)' Beginning with n=0, it is trivial to

prove that
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= ' ©
HO,m(Zl’ZZ) = H (zl,z ) 0<m<: . (A2.50)

For n=1, we have

[H (zy,25)-H] (zl,z ]I = [Hl,m_l(zl,zz)—Hi’m_l(zl,zz)]

1,m

o (Lomz) 2y (/20,120 -8 (12, 1/2,))

Te<m<® (A2.51)
Denoting the least upper bound for IHl,m(Z 'Z,) Hl n(Z102, )|,
in some neighborhood of the unit circles, by |[|H 1, mei m” ,

we can show (using A2.51) that for all 2<m:

l[ 1, m-Hi mIl |IH1,£_H1,£“
n €l
. Il [1+|p(l,t)|(l+el)(l+el) 1
t=2+1

: m L+ey\-|t]
< ||Hl,£-Hi,2]| tz_ [1+(1+e;) Tre, 1.

(A2.52)

The infinite product in (A2.52) is upper-bounded for all m.
Furthermore we recall that Hl,m(zl’ZZ) and Hl m(zl,z )
converge uniformly to the same limit function as m goes
to minus infinity. Consequently, [[Hl ¢ ~HY 2H goes to

’ [4

zero as 4 goes to minus infinity. Letting £ go to minus

infinity, (A2.52) becomes
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||g, -H! <0 . (A2.53)
’ I

Therefore,

H —o<m<e (A2.54)

1,m(Z1722) = H] p(z3.25)

Using similar arguments we can inductively prove

that
— L]
Hn,m(zl'z2) = Hn,m(zl’ZZ) r (Olo)i(nlm)f_(NlM) .
(A2.55)

A2.3 Proof of Existence Part of Theorem 4.3 (b)

We are given a 2-D analytic minimum-phase filter,
H o (zy,2z,) = [1 - LI h(N,M;k, %)z Kz %]
N,M*“1"'72 e 1 72 !

(0,0)<(k,2)<(N,M)

(A2.56)

and we want to prove the existence of a 2-D reflection

coefficient sequence, {p(k,%); (0,0)<(k,2)<(N,M)}, where

lo(k,2)] < (l+e)_|2| ’ e>0 , (A2.57)

and a 2-D sequence of 2-D analytic minimum-phase filters,
{Hn,m(zl’22)7 (0,0)<(n,m)<(N,M)}, such that equations
(4.21)-(4.26) are satisfied.

Our proof uses Theorem 4.1. Arbitrarily letting
PN,M equal 1, we define a 2-D positive-definite analytic

autocorrelation sequence by the formula:
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r(k,2) ——l—*j % % H (z-,2 ?;1dzil/z 1/z,) '
(273) N,MUTL 20N, M L TR

[zll=l |22|=l

(0,0)<(k,2)<(N,M) . (A2.58)

According to Theorem 4.1 (a) we can generate a 2-D sequence
of 2-D analytic minimum-phase filters, {H (z.,2,);
n,m “1"72

(0,0)<(n,m)<(N,M)}, by solving the appropriate sets of
normal equations, using the autocorrelation sequence
(A2.58). (Theorem 4.1 (b) guarantees that the original
filter, HN M(zl,zz), can be recovered from the auto-
correlation sequence.) According to Theorem 4.2, the

filters are related by the formula

- _ -n_-m
By, m(2172p) = By nog (2102)) - elnemlzy 2yl o g (1/2)01725)
(0,0)<(n,m)<(N,M) , (A2.59)

where |p(n,m)| <1 . (A2.60)

Consequently, the only remaining non-trivial part of the
proof is to show that the reflection coefficient sequence
p(n,m), decays exponentially fast to zero as m goes to
plus or minus infinity.

As m goes to minus infinity, we can show this
directly, using our Neumann series solution for Hn,m(zl,zz).
Using (Al.19) and (Al.49) we have:
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p(n,m) = h(n,m;n,m)
= b(n,m;0) , liniN R (A2.61)
and
(l+€0)m
|b(n,m;0)| < PRt €p>0 +  lzn:N.
1 - 0
1-(1+¢ )"2
0
(A2.62)

To prove the exponential decay of p(n,m) as m goes
to plus infinity, we use an argument similar to one used

by Grenander and Szego for the 1-D case [21]. We observe

that
Pn o= E{[x(k,2) - Lx h(n,m;s,t)x(k-s,%—t)]z}
! (0,0)<(s,t)<(n,m)
< E{lx(k,2) - ) h(n,+w;s,t)x(k-s,2-t)]2}

(0,0)<(s,t)<(n,m)

= E{([x(k,%) - ZX h(n,+»;s,t)x(k-s,4-t)]
(0,0)<(s,t)<(n,+=)

o]

2

+ [ £ h(n,+»;n,t)x(k-n,2-t)1)"}
t=m+1
_ - ] 2
= P se E{[ I h(n,+~;n,t)x(k-n,2~-t)1°} .

t=m+1

(A2.63)
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Therefore

1 < E{[ I h(n,+®;n,t)x(k-n,%-t)]%} .
- t=m+1

[Pn,m_Pn,+m

(A2.64)

But since Hn,+w(zl’z2) 1s analytic, it follows that
h(n,+»;n,t) decays exponentially to zero as t goes to

plus infinity. Therefore we have

m

[P ] < c(l+e) (A2.65)

-P
n,m n,+°°

where c and €, are positive constants. Recalling that

_ _ 2
Ph,me1 = Pp,pll-e (mym+l) ] (A2.66)
we have that
2
1 _ 1 1 _ 1 1 4+ _P (n,m+1)
P ~ P 2 TP 2
n,mn+l n,m [1-p"(n,m+1)] n,m 1=-p" (n,m+1)
1 2(n m+l)
= p— + S5 : (A2.67)
n,m n,m+l

Using (A2.67) it is easy to show that

2 2
. 1 _ . 1, 5 pP(n,t) , O>m. (A2.68)
n,4% n,m t=m+1 n,t

Since (A2.65) implies that Pn converges to P

;I n,+o’ we

can let % go to plus infinity in (A2.68):
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oo 2
- 1 - 5 1, 5 OP(n,t) . (A2.69)
n,+« n,m t=m+1 n,t

Substituting (A2.69) into (A2.65) we have

1
[Pn,m— n,+w] = Pn,m - 2
1 + 5 p”(n,t)
P P
n,m t=m+1 n,t
oo 2
5 p (n,t)
t=m+1 Pn,t
1 1, § 02 (n,t)
P P P
n,m n,m t=m+1 n,t
o 2
5 p (n,t)
t=m+1 Pn,t -m
= < c(l+el) (A2.70)
1 1
Pn,m Pn,+°o
Or
o 2 -
g pimt) c(l+e) ™
t=m+1 Fn,t T F P (A2.71)
n,m n,+®

Using the fact that Pn € is non-increasing for increasing
14

values of t, we have

o]

L pz(n,t) <5 (1+€1)_ . (a2.72)
t=m+1 n,+e
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Therefore

|p(n,m+l) | §V 5 (1+el)'m/2 . (A2.73)

In the process of proving Theorem 4.1 (a) we proved

that H (z
n

m l,22) converges uniformly to Hn,—w(zl'zz)

as m goes to minus infinity. It is trivial to prove that
Hn,m(zl’ZZ) converges uniformly to Hn,+w(zl’22) as m goes

to plus infinity. We have

H

Hy m(Z1725) = Hy ¢(21.25)

p(n,z)zinzngn 2—1(1/21'1/22) ’ m>0

1
I~ 3

=1

(A2.74)

Using the fact that the Hn 2(21’22) are uniformly bounded,
14

and that the reflection coefficients are exponentially

decaying, we can apply the Weierstrass M-test to show that

Hn’m(zl,zz) converges uniformly to Hn,+w(zl’z2) in some

neighborhood of the unit circles

A2.4 Proof of Uniqueness Part of Theorem 4.3 (b)

We are given a 2-D analytic minimum-phase filter,
Hy M(zl,zz). In section A2.3, we proved the existence of
a 2-D reflection coefficient sequence, {p(k,%2); (0,0)

<(k,%2)<(N,M)}, where
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lp(k,2)]| < (1+€)'lﬂl ,  e>0 , (a2.75)

and a 2-D sequence of 2-D analytic minimum-phase filters,
{H (z,,2,); (0,0)<(n,m)<(N,M)}, satisfying equations
n,m l 2 -
(4.21)-(4.26). 1In this section we prove that the reflection
coefficient sequence and the filter sequence are unique.
Therefore we assume the existence of some other
reflection coefficient sequence, {p'(k,%); (0,0)<(k,%)

<(N,M)}, where

o' (k,2) | < (l+€|)‘|2| ' e'>0, (A2.76)

and some other 2-D sequence of 2-D analytic minimum-phase
filters,{H' _(z,,z,); (0,0)<(n,m)<(N,M)}, such that equa-
n,m l 2 -
tions (4.21)-(4.26) are satisfied. (We assume that
{H (z,,2,)} and {p(n,m)} are obtained as in section
n,m ~1'72
A2.3.) For n=N we have
_N -
- o(N,m)z, zzmH m_l(l/zl.l/zz) ’

Hy,m(Z1722) = Hy p-1(21:25)

N,
m<M (A2.77)
and
Hy m(Z172)) = Hy o1(27,2)) - p'(N'm)ZiNz;mH&,m-l(l/zl'l/zz) '
m<M (A2.78)
where HN,M(Zl’Z2) = H&’M(zl,zz) . (A2.79)

As in section Al.4 we can argue that the recursions (A2.77)
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and (A2.78) can be "run backwards," thereby proving that

—— '
HN,m(zl’ZZ) = HN,m(Zl'ZZ) ' m<M (A.280)
and p(N,m) = p' (N,m) ' m<M . (A2.81)
. . .
Next, we consider the filter sequence HN-l,m(Zl’ZZ)’

-o<m<», We intend to prove that this filter sequence can
be generated, via the normal equations, from the same auto-

correlation sequence used to generate the sequence

HN-l,m(zl’ZZ)' Using Theorem 4.1l(a) we will then be able
] _ )

to argue that HN—l,m(zl'z2) = HN—l,m(zl'ZZ) and p'(N,m)

= p(N,m).

According to (A2.80) we have

t -

HY 1, 4w (Z1029) = Hy g 4o (21025) (A2.82)

We define the sequence, Pﬁ—l n’ PY the recursion
4
2
' - ' -n! - -

Pe-1,m = PN-1,m-p[i-P'" (N-1,m)] o<m<® (A2.83)
where P! = (A2.84)

N-1,+0 = PN-1,40 -
According to Theorem 4.1, associated with each {HI:]_l m(zl,zz),
14
Pﬁ—l m} is a unique positive-definite analytic autocorrela-
14
tion sequence which we denote {r'(N-1,m;k,%); (0,0)

<(k,2)<(N-1,m)}. The autocorrelation sequence is given by

the formula
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(
r' (N-1,m;k,%) = ——-l—j T %
(2m3)
|zl|=l |22|=l

k-1_8-1_,
_ 21 %2 Pyo1,n%%19%

] [ 14
HN_l,m(zllZZ)HN_l,m(l/Zl,l/zz)

(0,0)<(k,8)<(N-1,m) . (A2.85)

We claim that

r' (N-1,m;k,8) = r'(N-1,m+1;k,%) ,  (0,0)<(k,2)<(N-1,m)

(A2.86)
To see this we write the normal equations for Hﬁ,m+l(zl’z2):
[r'(N-1,m+1;s,t) - II h' (N-1,m+1;k,2)r' (N-1,m+1l;s-k,t-2)]
(k,2)
= P&—l,m+16s6t ’ (0,0)<(s,t)<(N-1,m+1) .
(A2.87)

Recalling that

(N-l)z—(m—l)

L) - 1 _ _ -
Hy-1,m+1(Z1722) = Hy g (21,2)) = p(N-1,m+l)z, 5

* HI:I—l,m(l/zl'l/ZZ) 14 (A2.88)

we have that
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[r'(N-1l,m+1l;s,t) - LI h' (N-1,m;k,2)r' (N-1,m+1l;s-k,t=-2)]
(k,2)

- p(N-1,m+l) [r' (N-1,m+]1;s-N+1,t-m-1)

-~ 2Z h'(N-1,m;k,2)r'(N~-1,m+1l;s-N+1+k,t-m-1+L)]
(k,2)

8.8

PI:I—l,m+l s t ’ (Olo)f_(slt)i(N_llm+l) . (A2.89)

Making the substitution
s' = N-1-s , t' = mtl-t , (A2.90)
we have

[r'(N-1,m+1l;s'-N+1l,t'-m-1) - ZXI h'(N-1,m;k, %)
(k,2)

r'(N-1,m+l;s'-N+1+k,t"'-m-1+2) ]
- p(N-1,m+1) [r'" (N-1,m+1l;s',t")

- I h'(N-1,m;k,2)r' (N-1,m+1l;s'~k,t"'=-2)1]
(k,2)

8 8 , (0,0)<(s',t')<(N-1,m-1) .

PN-1,m+1°N-1-5'dme1-t"

(A2.91)
Comparing (A2.89) and (A2.91) it can be shown that

[r'(N-1,m+1l;s,t) - IZI h' (N-1,m;k,2)r' (N-1,mt+l;s-k,t-2)]
(k,2)

Pa-1,m8s8¢ + (0,0)2(s,t)<(N-1,m) . (A2.92)
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Given (A2.92), Theorem 4.1 (b) implies that (A2.86) is
satisfied.

Using (A2.86) we can argue inductively that

r'(N-1,m;k,2) = r'(N-1,v;k, Q) ’

(0,0)<(k,&)<(N-1,m) , v>m . (A2.93)

Substituting (A2.85) into the right-hand side of (A2.93)

we have that

r'(N-1,m;k,%)

k-1_2-1_,
) 1 % % zZ] "2, PN—l,vdzleZ
] [] 14
(215)° fy-1,v(Z1722) 0y, (1/21,1/2))

|z, =1 lz,[=1
(0,0)<(k,8)<(N-1,m) , vsm . (A2.94)

Letting v go to plus infinity (which we are permitted to

do since H! (zl,zz) converges uniformly to H

N-1,v N-1,+0 (27 723)

¥
and PN-1,v converges to PN—l,+w) we have

r'(N-1,m;k,2)

k-1_2-1

_ 1 % % 21 %2 Pyno1,+09%197
(2m9) 2 AN-1, 40 (217200 By 4 (1727 /172)
|z, =1 |z,]=1
=rk,2) (0,0)<(k,2)<(N-1,m) . (A2.95)
' .
Therefore HN—l,m(zl'ZZ) and Pﬁ-l,m can be obtained from
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the same autocorrelation sequence used to generate

[} —
Hy-1,m(%1722) and Py 0 SO Hy o o (2Z025) = Hy ) ,(21025),
] - ' - =
PN—l,m PN—l,m’ and p' (N-1,m) p(N,m).
At this point it is clear that the remainder of the
proof can be obtained inductively using the same type of

arguments.
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CHAPTER 5
THE DESIGN OF 2-D MINIMUM-PHASE WHITENING

FILTERS IN THE REFLECTION COEFFICIENT DOMAIN

In this chapter we use the 2-D reflection coefficient
representation as a tool for designing 2-D minimum-phase
whitening filters. By designing 2-D filters in the reflec-
tion coefficient domain, we automatically satisfy the
minimum-phase condition merely by restricting the reflection
coefficient magnitudes to be less than one.

We consider the two general classes of 2-D linear
prediction problems: spectral factorization and auto-
regressive model fitting. We recall that the spectral
factorization problem is a deterministic problem; we are
given the exact autocorrelation function of the random
process {(or an autocorrelation function assumed to be exact),
and we wish to find a minimum-phase approximation to the
minimum-phase whitening filter. In contrast, the auto-
regressive model fitting problem is a stochastic estima-
tion problem; we have a finite set of samples from the
random process itself, and we wish to estimate the minimum-
phase whitening filter by modeling it as an FIR, minimum-
phase filter. Because of its stochastic nature, auto-
regressive model fitting is inherently more difficult than

spectral factorization.
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Our approach to both problems is to represent the
approximate whitening filter in terms of a finite number of
reflection coefficients, and to optimize over the reflec-
tion coefficients subject to the constraint that their
magnitudes are less than one. Clearly the utility of the
2-D reflection coefficient representation as a practical
tool depends on our finding effective and computationally
tractable algorithms for choosing the reflection
coefficiehts.

The problem of optimally choosing the reflection
coefficients has not been exhaustively studied in this
thesis research. Instaed we have developed two convenient,

but generally suboptimal methods of spectral factorization

and autoregressive model fitting. In both algorithms, the
reflection coefficients are chosen sequentially (in a

finite raster scan fashion), each new reflection coefficient
being chosen according to a least-squares criterion. For
the 1-D case, the spectral factorization algorithm reduces
to the 1-D Levinson algorithm, and the autoregressive model
fitting algorithm reduces to the Burg algorithm. A
computer program was written to implement the spectral
factorization algorithm, and numerical results are presented

for two examples.
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5.1 Equations Relating the Filter to the
Reflection Coefficients

As indicated earlier, our approach to designing
2-D minimum-phase filters is based on representing the
filter in terms of a finite-order 2-D reflection coefficient
sequence. A convenient geometry for the reflection coeffi-
cient sequence is the rectangular geometry illustrated
in Fig. 5.1(a). (The rectangular geometry is used merely
for the sake of convenience. There is no reason why some
other geometry could not be used.) We denote the reflec-
tion coefficient sequence by {f(n,m); (n=0,1<m<M), (1<n<N,
-M<m<N)}, where N and M are positive integers. As we saw
in the previous chapter, we can obtain an FIR filter from
the reflection coefficients, denoted ﬁN,M(Zl’ZZ)’ by
recursively computing a 2-D finite-order sequence of FIR
filters, {ﬁn,m(zl,zz); (n=0,0<m<M) , (1<n<N,-M<m<M)}. The
order in which the ﬁn,m(zl’zz) are computed follows a finite
raster scan.

The recursion proceeds as follows (the equations
are nearly identical to equations (A2.2)-(A2.8)): We begin
with

H

Olo(zllzz) = l ; (5'1)

we then recursively compute ﬁO m(zl,zz) as follows:
[4

Ho’m(zllzz) = HO,m—l(zl'ZZ) = p(Olm)zzmHO’m_l(l/zlll/zz) ’

1<m<M . (5.2)
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The next column of the recursion begins with the boundary

condition,
Hy,- o1y (Z1r22) = Ho y(Z9025) (5.3)

the remainder of the column is recursively computed by the

formula:
8. (z.,z.) = @ (z.,2.) - p(1,mz Tz ™ (1/2z.,1/2.)
1,m'%17% 1,m-1'%1"% My zy7zy Hy g 1717/2)
“M<m<M . (5.4)

In general, within each column of the recursion we have

A _oa oA -n_-my
By mZ1022) = By g (2102)) - oym)z 2,70 4 (1/2y,1/2))

{n=0,1<m<M}, {1<n<N,-M<m<M} . (5.5)

The transition between adjacent columns of the recursion

is
B, -1 (B1r2Zp) =Hp_q w(z3023) , l<n<N . (5.6)

One possibly serious disadvantage of the reflection

coefficient representation is that the filter ﬁN M(zl,zz)
’

has a considerably greater number of non-zero coefficients
than its reflection coefficient sequence has. It can be

shown that Hn m(zl,zz) is of the form

4
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(2nM+m)

A _ _ . _QI
Hn,m(zl’ZZ) = 1 zil h(n,m,O,SL)z2

n [2 (n-k)M+m] -k -2
- I z h(n,m;k,SL)zl 22 ’
k=1 4==2kM

{n=0,0<m<M}, {1<n<N,-M<m<M} . (5.7)

The support for ﬁN,M(Zl’ZZ) is illustrated in Fig. 5.1(b).

Equation (5.7) can be verified by direct substitu-
tion. It is more easily understood by studying Figures 5.2,
5.3, and 5.4. Fig. 5.2 illustrates the geometry of the
recursion for (n,m) = (1,-M), Fig. 5.3 illustrates the
geometry for {1<n<N,m=M}, and Fig. 5.4 illustrates the
geometry for {1<n<N,l-M<m<M}.

The fact that the filter, 21’22)’ has more coeffi-

ﬁN,M(
cients than the reflection coefficient sequence is an un-
avoidable property of the 2-D reflection coefficient
representation. This effect occurs even if some other
geometry is used for the reflection coefficient sequence.
In some cases, the "tails" of the filter may be small enough
to truncate; Theorem 3.1 implies that if the tails are small
enough, the truncated filter will still be minimum-~phase.
The reflection coefficient sequence contains ap-

A

proximately 2NM parameters, H (zl,zz) consists of ap-

N, M
proximately 2N2M coefficients, and approximately N3M2
additions and multiplications are needed to go from the

reflection coefficients to the filter.
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5.2 A 2-D Spectral Factorization Algorithm

Given a 2-D power density spectrum, the problem
is to choose the reflection coefficient sequence,
{6 (n,m); (n=0,1<n<M), (1<n<N,~M<m<M)}, for some (N,M), so
that the filter ﬁN,M(zl’ZZ) is a good approximation to a
minimum-phase whitening filter, subject to the constraint
that the reflection coefficient magnitudes are less than
one. An obvious way to choose the reflection coefficients
is to choose them sequentially in a finite raster scan
fashion, each new reflection coefficient being chosen to
minimize the mean-square prediction error of the new
filter, ﬁn,m(zl'zz)' The motivation for this particular
approach is based on two observations: 1) in the 1-D case
(N=0) the algorithm is simply the 1-D Levinson algorithm;
and 2) if the true reflection coefficient sequence, p(n,m),
is equal to zero for {|m|>M,0<n<N-1} and for {n=N,m<-M},
then the procedure will yield the optimal values for the
reflection coefficients (optimal in the sense that
ﬁN,M(zl'ZZ) will equal HN,M(Zl'Zz)' or equivalently that
ﬁN,M(Zl'ZZ) will satisfy the normal equations.) In other
words, this algorithm is simply the 2-D Levinson algorithm,
used under the assumption that the true reflection coeffi-
cient sequence, p(n,m), vanishes for {|m|>M,0<n<N-1}
and {n=N,m<-M}. Of course this situation will never occur

in practice. Nevertheless, if the reflection coefficients

that have been "skipped over" are approximately equal to
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zero, we intuitively expect that the procedure will yield
nearly optimal values for the reflection coefficients.

Considering the algorithm itself, at the beginning
of a particular stage of the procedure we have ﬁn,m_l(zl,zz)

and ﬁn m=1" (n=0,0<m<M) or (1<n<N,-M<m<M), where
, =

A

P mo1 = ElIx(k,8) - IZh(n,m-1;s,t)x(k-s,2-t)1%} . (5.8)

We then choose the new reflection coefficient, S(n,m),
to minimize the mean-square prediction error associated with

the new filter, Hn,m(zl'zz)' We have

ﬁn — E{[x(k,%) - L& ﬁ(n,m;s,t)x(k—s,l-t)]z}
! (s,t)
= E{([x(k,%) - £ h(n,m-1;s,t)x(k-s,%-t)]
(s,t)
- B(n,m)[x(k—n,l-m) - IZ ﬁ(n,m-l;s,t)
(s,t)

. x(k-n+s,£—m+t)])2}

f)n,m-l[]""az(n'm)] - 20(n,mE{[x(k,2)

- I h(n,m1;s,t)x(k-s,%=t)][x(k-n,%L-m)
(Slt)

- I3 h(n,m-1;s,t)x(k-n+s,o-m+t)]} . (5.9)
(Srt)

Taking the derivative of (5.9) with respect to B(n,m),

and setting it equal to zero, we have that
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S(n,m) = — L E{[x(k,?2) - %% h(n,m1;s,t)x(k-s,2~t)]
Pn,m—l (s,t)
« [x(k-n,%-m) - %I h(n,m-1;s,t)x(k-n+s,L-mt+t)]}
(s,t)
1 -1 m-142
=3 e % % SR R CVEY
P, -1 (373)

2 1=1 |z,]=1

S(zl,zz)dzldz2

=1 [r(n,m) - 2 XI ﬁ(n,m—l;s,t)r(n-s,m—t)

Pn,m—l (s,t)

+ Iz rx ﬁ(n,m—l;s 't )ﬁ(n,m-l;s yt5)
171 2’72

* r(n-s —sz,m-tl—tz)] . (5.10)

1

Using Schwartz's inequality, we have that the magnitude of
S(n,m) is less than one. Substituting (5.10) into (5.9),

we have that

A —/\ /\2
Pn,m = Pn,m—l[l -p " (n,m] . (5.11)

We note that since the filter H (z,,2,) does
n,m-1'"1"72
not generally satisfy the normal equations, the expression
(5.10) does not simplify any further. But computing B(n,m)
directly according to this formula requires an excessive
number of computations. A much faster way to compute

the reflection coefficient is to compute recursively the
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. ~2
autoconvolution, H

n,m—l(zl’zz)’ updating it at each stage

of the algorithm, and then to compute B(n,m) by computing

the inner product between z?z?ﬁi 2) and S(z

,m-1{%172 17%5) -
In order to recursively compute the filter autoconvolution,
we must also recursively compute the filter autocorrelation.

We have

~ —/\ _/\ -n -mAa
H (21'22) = H (21’22) p(n,m)zl szHn,m-l(l/zl’l/zz)

n,m n,m—1
(5.12)
It is easy to show that
ﬁi,m(zl’ZZ) = ﬁi,m—l(zl’ZZ) + 5% (n,m 2] 22"
. ﬁi,m_l(l/zl,l/zz) - 26(n,m)zlnzgm
. ﬁn,m_l(zl,zz)ﬁn,m_l(l/zl,l/zz) , (5.13)

and

A A A2 N
Hn’m(zl,zz)Hn m(l/zlrl/zz) = [1+0p (n,m)]Hn,m_l(zl,zz)

14

& ~ -n_-ma2
Hn’m_l(l/zlrl/zz) - p(nm)z, z, Hn'm_l(l/zl,l/zz)
~ n_ma2

= p(n'm)zlzan’m_l(zllzz) . (5014)

Collecting the various formulas, the entire spectral
factorization algorithm can be summarized as follows (the

algorithm is expressed here in Z-transform notation, but
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it is implemented algebraically):

1) Initially,

HO,O(zl’ZZ) =1 , (5.15)

By o = r(0,00 (5.16)

8% (z.,z.) =1 (5.17)
0,0(%17% ' .

Hy o(zy 208 ((1/20,1/2,) =1 ; (5.18)

2) At the beginning of the (n,m)th stage of the algorithm,

(n=0,1<m<M) or (1<n<N,-M<m<M), we have

a) Hn,m_l(zl'zz) 14
b) Pn,m—l !
c) i

Hn,m—l(zl’ZZ) ’

) Hy 1 (ZpeZ)) By (/20 1/25)

We first compute the new reflection coefficient:

A A%
pn,m = —f— [r(,m - Iz A %(n,m-1:;k,2)r(n-k,m-2)]

Pn,m—l (ks 2)

(5.19)

(here we have used the notation:
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a2 (zy,2,) = [1 - 2f h 2%(n,m-1;k,%)z Fz7%] (5.20));
n,m-1"71'“2 ! re 1 72 : !
(k, %)
We then have the following update equations:
i (z,,2,) = H (z,,2,) - B(n m)z—nz—mﬁ (1/z,,1/2.,)
n,m "1"“2 n,m-1"71"“2 ’ 1 2 "n,m-1 1’ 2
(5.21)

N _ N -/\2 -
Pn,m = Pn,m—l[l p - (n,m)] , (5.22)
~2 _ a2 ~2 -2n_-2m
Bp,m(Z1020) = By o (21025) + o7 (nym)z, ™7z,

. 2 _ on -n_-m

Hn,m—l(l/zl’l/zz) 2p(n,m)zl z,
. Hn,m—l(zl’zz)Hn,m—l(l/zl’l/zz) , (5.23)

A A

: ~2 .
Hn,m(zl’ZZ)Hn’m(l/zl’l/zz) - [l+p (nlm)]Hn'm_l(zllzz)

n_-ma2

" Hn,me1(1/2001/25) - enem)z T2y TH L (1/20,1/2,)

n_ma2

—p(n'm)zlz2Hn,m-l(zl'22) H

(5.24)

3) For the transition between adjacent columns of the

recursion, we have (trivially), for 1<n<N:

Hy _m-1(21r25) = Hy_1,m(21725) (5.25)
Pn,—M-l = Pn—l,M ’ (5.26)
2 (z.,z.) = f° (z ) (5.27)
n,-M-1'%1"%2" 7 Fn-1,m'%17%2) .
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N A

- Hn—l,M(zl’Z2)Hn—l,M(l/zl'l/zz) . (5.28)

The entire algorithm requires approximately 20N3M2

additions and multiplications. All of the computations can
be performed "in place" (i.e., separate storage is not re-
quired for the "o0ld" and the "new" parameters.)

We now illustrate this algorithm with a simple

example.

Example 5.1: We have a power density spectrum,

_l+z +z_l+z

Slzyrzy) = (5rzywzyrz,+zy)

or 5 ’ (k,,Q,) = (010) H
r(k,2) = 1 ’ (k, &) = (1,0),(0,1),(-1,0),(0,-1);
o , otherwise .

We implement our spectral factorization algorithm for

N=M=1. The algorithm proceeds as follows:

1) Using (5.15)-(5.18) we have

Hy olz1r23) =1
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HO,O(zl’ZZ)HO,O(l/Zl’l/ZZ) =1 ;
2) Using (5.19)-(5.24), for (n,m)=(0,1), we have

~ 1
p(0,1) = =

A l "'l

Hy (2102 = (- 1250

~ 24

Po,1 =5 ¢

A2 _ 2 -1, 1 _-2
Hy,1(21725) = (1 - 52,7 + 35 2,7)

A A _26__; _l .
Hy,1(21025)Hy 1 (1/27,1/25) = (55 - 5 z, 5 Zp) i

3) Combining (5.25)-(5.28) for n=1, with (5.19)-(5.24)

for (n,m)=(1,-1), we have

a(lr-l) =0 r

1 -1

Hl'_l(zllzz) = (l - '5' 22 ) ’

A _ 24

Pl,_l g—. ’

~2 a2 -1, 1 _-2

By ,-1(21023) = (1 - 5 2,7 + 55 2,7)

A~ A~ —26_1_. _l
Hy _1(z9r2)H) 1 (1/20,1/2)) = (55 - § z, 5 Zp)

4) Using (5.19)-(5.23) for (n,m)=(1,0), (we do not update
the filter autocorrelation in this case, because it is not

needed for the remaining computations) we have:
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N _ .1 -1,1 -1 _5 -1
Hy 0(z1023) = (1 -5 2,7 + 57 2772, = 57 2;7)
~ 551
P1,0 = 120
2 11 -2
Hy o0(21023) = [(1 -5 2,7 + 55 2,7)
5 26 1 -1 1 -1
- 17 G5~ 5 2 3§ 2%
+ 2 2(l -2 z, + 1 22)2_2] ;
; 5 2, Y 35 2021

5) Using (5.19)-(5.22) for (n,m)=(1,1), we have:

n o 7237 -1 25 .\ -2, 1, -1
Hy 1(z3025) = [1 - (33560022 * (ge12) %2 *+ (Gp)z1 2,
2995, -1 . ,50 . -1 -1
- (337702t Gp)Ezyl oo

_ 301101

Py, 1 © 66120 -

The next two numerical examples were implemented on

a computer, using double-precision arithmetic.

Example 5.2: We begin with the spectrum

_ 1 -1 1 1
S(lezz)—(l'*'zzl +ZZZ)(1+ZZ]—+ZZZ)

1
[}
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It can be seen that the spectrum is already factored; the

minimum-phase whitening filter is

_ 1 -1 1 -1,-1
H(zl,zz) = (1 + Y zl + Y z, )
=z g AL ) B TkC
k=0 2=0 =

and P = 1. The spectral factorization algorithm was
implemented for N=M=3. As can be seen from Fig. 5.1, the
algorithm produces a parallelogram-shaped minimum-phase
filter, ﬁ3,3(zl,zz), 22 points in height and 4 points in
width. A portion of the unit sample response of the filter
is shown in Fig. 5.5. (The region enclosed by the dotted
line indicates the support for the reflection coefficient
sequence.) We note that for |%|<3, the filter coefficients

closely match the unit sample response of (1 + L z—l

4 "1
% z;l)-l. The filter coefficients for |%|>3(which we

+
call the "tails" of the filter) decay very rapidly to zero.

The mean-square prediction error associated with ﬁ3 3(21,22)
1 4
is
P3'3 = 1.00007

(compared with P=1 for the exact whitening filter).

Therefore, we have that

-~ . 1
H3,3(zl’22) = (1 + 7 %1 + 72



\ . : .
1.326 x 10”4 ~5.883 x 10 ° 1.852 x 107°
-3.556 x 107 9.725 x 107° _-2.327 x 1070 L
~1.427 x 1072 1.409 x 1072 ~8.673 x 1073 3.814 x 1073
6.207 x 102 ~4.635 x 1072 2.284 x 1072 -8.580 x 10>
-2.499 x 1071 1.247 x 107% ~4.634 x 1072 1.410 x 1072
1.0 ~2.498 x 107t 6.200 x 1072 ~1.426 x 1072 > K
| -2.534 x 1074 3.044 x 1074 -3.716 x 1074
| 4.312 x 1074 -2.733 x 1074 1.406 x 1074
_-7.555 x 10" 3.261 x 107° ~9.356 x 10°°
9.292 x 10”4 ~2.886 x 107% 6.107 x 10>
3.766 x 10~/ 1.999 x 10°° ~5.754 x 107/
. . . A 1 1 -1.-1
Fig. 5.5 Unit sample response of filter H3,3(zl,22) ~ (1 + Y 7 %o ) .

L9T
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If another spectrum is formed, H3’3(zl,zz)H3’3(l/zl,l/zz),

and if this new spectrum is approximately factored, we

should obtain a filter, denoted ﬁ3 3(zl,zz), approximately
14

% zil + % zgl). This spectrum was factored

by means of our algorithm for N=M=3, to produce a filter

equal to (1 +

A

Hy 3(zl,zz). The filter is illustrated in Fig. 5.6. It
can be seen that the filter closely matches (1 + % le

1 -1
+Zzz );

In the previous example, the spectrum to be factored
was very smooth, and under these nearly optimum conditions,
our spectral factorization algorithm performed satisfactorily.
The following example demonstrates some serious difficulties
associated with this sequential method of choosing the

reflection coefficients.

Example 5.3: We wish to design a recursive 2-D fan filter.

The desired magnitude-squared frequency response is

Jw;  Ju, Lo |w2|<|w1|
S (e 1€ ) =
.02 , otherwise .
The desired frequency response is illustrated in Fig. 5.7.
(Fan filters are used in array processing to discriminate

against signals arriving from certain directions.) The

autocorrelation function is



-1.491 x 107° 5.221 x 107/ ~1.070 x 10°°
-2.051 x 1074 ~8.409 x 107/ 1.892 x 107° _
~2.382 x 1073 1.239 x 1073 ~5.579 x 1074 2.260 x 1074
3.777 x 1074 ~2.137 x 107% 1.575 x 1074 ~5.632 x 107%
2.499 x 107t 1.097 x 10°% ~2.098 x 10”4 1.264 x 1073
1.0 2.499 x 107t 3.003 x 1074 ~1.900 x 1073 —
8.492 x 107° ~1.151 x 1074 3.762 x 1074
~1.049 x 1074 5.369 x 10°° -5.452 x 107°
-2.294 x 107° 8.442 x 107° -2.255 x 107°
-8.405 x 10°% 8.405 x 10°° 8.880 x 10 °
~5.408 x 10°° ~7.817 x 10~ 5.410 x 10/
Fig. 5.6 Unit sample response of filter }/A\IB’3(zl,z2 ~ (1 + %— Il —i— z;l).

69T
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Fig. 5.7 The desired magnitude frequency response of the

2-D recursive fan filter.
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r
.51 ’ (k,2)=(0,0)
r(k,%) = <—7l%— . (k+2) odd
T (L7=k7)
o , otherwise

Given the slow rate of decay of the autocorrelation function,
we anticipate that this is a difficult spectrum to factor.
In fact, since the spectrum is discontinuous, no sequence
of approximate whitening filters can converge uniformly
to a limit whitening filter; a Gibbs-type phenomenon occurs
in the neighborhood of the discontinuities of the spectrum.
Our spectral factorization algorithm was implemented
for N=M=4. A projection plot of the frequency response
of the recursive filter is shown in Fig. 5.8. A contour
plot of the frequency response is shown in Fig. 5.9. It
can be seen that there are very large ripples in the transi-
tion region and in the passband. For most purposes, this
could be an unacceptable design.
Another problem with this design is that the tails
of the filter decay very slowly; only for |%|>15 are the

magnitudes of the tails less than 10-3.

The rather poor performance of the spectral
factorization algorithm in the above example is to be ex-
pected, since the conditions under which the algorithm
would yield optimal values for the reflection coefficients

are not met.
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Fig. 5.9

(m,m)

(m,~-m)

Contour

(-Trl_ﬂ)

plot of frequency response of 2-D recursive fan filter.
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One possible approach to improving the design would
be to window the autocorrelation function (equivalently,
to smooth the spectrum) prior to applying the spectral
factorization algorithm. Given a relatively smooth spectrum
instead of the original discontinuous spectrum, the
algorithm would probably yvield more optimal values for the
reflection coefficients.

It is apparent that, in general, the full potential
of the 2-D reflection coefficient representation can only
be realized by the development of an algorithm that would

simultaneously choose the reflection coefficients to

maximize some index of performance.

5.3 A 2-D Autoregressive Model Fitting Algorithm

We are given a finite set of samples from a 2-D
random process, and the object is to estimate the minimum-
phase whitening filter by modeling it as an FIR minimum-
phase filter, ﬁN,M(zl’ZZ)' Our approach to this problem
is to represent ﬁN,M(Zl’ZZ) in terms of a finite number
of reflection coefficients, {B(n,m); (n=0,1<m<M),
(1<n<N,-M<m<M) }, and to choose the reflection coefficients
to obtain a good fit between the whitening filter model and
the data.

One approach to choosing the reflection coefficients
is analogous to the 1-D autocorrelation method: the

available data is used to estimate the 2-D autocorrelation
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function to a finite lag, and then the estimated auto-
correlation function is used in the spectral factorization
algorithm of the previous section to compute the whitening
filter estimate, ﬁN’M(zl,zz).

Another approach to choosing the reflection co-
efficients is analogous to the Burg algorithm. Instead of
first forming an autocorrelation estimate, the filter is
obtained directly from the data. The reflection coefficients
are chosen sequentially, each new reflection coefficient,
B(n,m), being chosen to achieve the best fit between the
data and the new filter, ﬁn,m(zl'z2)'

At the beginning of the (n,m)th stage of the
algorithm, for {n=0,1<m<M}, or {n=N,-M<m<M}, we have
ﬁn'm_l(zl,zz). The new reflection coefficient, S(n,m) is
chosen to minimize the sum of the squares of the new forward

and backward prediction errors:

2z (e ™ (m,mik, 012 + e ) (nymiken, t-m) 12}, (5.29)
(k, %)

where e(+)(n,m;k,2) is a forward prediction error,

e ™ (mymik,0) = [x(k,8) - I h(n,ms,t)x(k-s,i-t)]
(s,t)

(5.30)

and s(_)(n,m;k,l) is a backward prediction error,
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e ) (n,msk,8) = [x(k,%) - £ h(n,m:s,t)x(k+s,i+t)] .
(s,t)

(5.31)

The indices of the summation in (5.29) depend on both the
extent of the data, and on the extent of the filter. 1In
general, (k,%) should cover as many points as possible
without running the filter off the data anywhere, since

that would tend to prejudice the estimate for the reflection
coefficient. This can be shown to imply that the support
for the data should be at least as great as the support

for the final filter, ﬁN,M(Zl'ZZ)' However, in some cases,
the tails of the filter may be so insignificant that they
can be run off the edge of the data without adversely affect-
ing the reflection coefficient estimate.

Using (5.21) it can be shown that

e (n,mik,2) = 6™ (n,m-1;k,2) - pn,me") (n,m-1;k-n,2-m) 1,

(5.32)

and

€ =) (nrm7k12)

[e(—)(n,m-l;k,z) - S(n,m)s(+)(n,m—l;k+n,2+m)].

(5.33)

Substituting (5.32) and (5.33) into (5.29) we want to choose

B(n,m) to minimize the following expression:
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£z {12482 (n,m 1 (e ) (n,m-1;%,2) 1%+ 1) (n,m-1;k-n, 2-m) 1%)
(k, %)
- 48(n,m)[e(+)(n,m—l;k,£)e(-)(n,mrl;k—n,ﬁ—m)]} .

(5.34)

Taking the derivative of (5.34) with respect to S(n,m),
setting the derivative equal to zero, and solving for

p(n,m), we have

2 1z {1e™ (n,m-1;k,0)11e ) (n,m~1;k-n, 2-m) 1}

p(n,m = —&Keb) ol
22 e ) (n,m-1;k,2) 1% + [e') (n,m-1;k-n, 4-m) ]2}
(k,2)
(5. 35)

Using Schwartz's inequality, it can be shown that
the magnitude of the reflection coefficient is less than
one. The forward and backward prediction errors do not
have to be directly computed; instead, they can be re-
cursively updated at each stage of the algorithm. The

complete algorithm is as follows:

1) ﬁo,o(zl'zz) =1 , (5.36)
ﬁo o = const II X2 (k,2) (5.37)
! (k,2)

e ™) (0,0:k,8) = x(k,2) , (5.38)

e 0,0:k,8) = x(k,8) ; (5.39)
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2) At the beginning of the (n,m)th stage of the algorithm,

for {n=0,1<m<M} or {1<n<N,-M<m<M}, we have

ﬁn,m—l(zl’ZZ) , (5.40)
ﬁn’m_l , (5.41)
e ™) (n,m-1;k,2) (5.42)
e (n,m-1:k,8) (5.43)

We first compute the reflection coefficient estimate:

2 ¥ {[e(+)(n,m—l;k,z)][e"’(n,m—l;k—n,z—m)]}

. (k,%)

pmym) = vy e ™) n,m-1:k,0) 1% + () (n,m-1:k-n, 4-m] 2}
(k,2)

-
’

(5.44)

we then perform the following updates:

Hy,m(Z1022) = By o1 (2902p) = plmemizy 2,y o o (172001725)
(5.45)

B =5 [1-p%(n,m) ] (5.46)

n,m n,m-1 ' ' *

€(+)(n,m;k,£) = e(+)(n,m—l;k,2) - B(n,m)e(_)(n,m—l;k-n,z—m) ’

(5.47)

a(_)(n,m;k}ﬁ) 8(_)(n,m-l;k,£) - S(n,m)e(+)(n,m—l;k+n,£+m) ;

(5.48)
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3) For the transition between adjacent columns of the

recursion, for 1<n<N, we have

Hy _we1) (Z1029) = By u(Z1025) (5.49)
ﬁn,-(M+l) B f’n-l,M ' (5.50)
e m,-m-1;%,2) =) (@-1,m;%,2) , (5.51)
e (n,-M-1;%,2) = ) (m-1,M5%,2) . (5.52)

The expression for the reflection coefficient in
this 2-D Burg algorithm, (5.44), is very similar to the
expression for the reflection coefficient in the spectral
factorization algorithm of the previous section, (5.10).

If the extent of the data is much greater than the extent
of the filter, ﬁn,m(zl’zz)' then we expect the two ex-
pressions to give nearly the same values for the reflection
coefficient.

Although our 2-D Burg algorithm has not been im-
plemented for any examples, we can anticipate some of the
difficulties that would be encountered in using it. As
in the case of our spectral factorization algorithm, the
sequential choosing of the reflection coefficients generally
is suboptimal, and the extent of the tails of the filters
may be unacceptable.

Once again, the only way to take full advantage of

the reflection coefficient representation would be to develop
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an algorithm for simultaneously optimizing the reflection
coefficients. It is interesting to note that a 1-D algorithm
of this type has been proposed as an alternative to the 1-D

Burg algorithm [29].
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CHAPTER 6

CONCLUSIONS AND SUGGESTIONS FOR FUTURE RESEARCH

It has been shown that by adopting a particular
notion of 2-D causality, virtually all of the major results
from 1-D linear prediction theory can be extended to the
2-D case. Having obtained these results, we can claim to
understand the theoretical aspects of 2-D linear prediction.

From a practical point of view, the most important
result in this thesis is the reflection coefficient repre-
sentation for 2-D minimum-phase filters. The significance
of this representation is that by designing 2-D filters
in the reflection coefficient domain, the minimum-phase
constraint is made an integral part of the design procedure.
Future research efforts need to be directed towards the
development of effective algorithms for choosing the
reflection coefficients. The sequential least-squares
approaches to choosing the reflection coefficients, that
were discussed in this thesis, may be useful in some cases,
but they do not generally realize the full potential of
the reflection coefficient representation.

Regarding theoretical extensions of the new
results in this thesis, it should be possible to find

similar results for

1) complex-valued 2-D random processes (the equations should
be the same except for complex-conjugate symbols at various

places) ;
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2) higher-dimensional random processes; and

3) vector valued multi-dimensional random processes.
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