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0.0 Introduction to Final Report

The following is the final report on "New Directions in the Digital
Signal Processing of Image Data (Image Modeling for Exploitation, Project
No. 4594)" Contract Number F30602-82-K-0151., The report consists of two
volumes. The first presents the work accomplished in descriptive, but
summary form and lists the publications and presentations supported by the
contract. This first volume fulfills the requirement of the final report on
the contract. The second volume is optional and is a compilation of the
published articles, theses or dissertations, and project reports produced
from this contract. The first volume is divided into six major sections
corresponding to the six major taskc comprising this report. Within each
section are described the results of the relevant task along with its cited
references and its publications.

The numbering of the compiled publications in the second volume is the
same as that in the first volume for ease of reference. The accomplishments
of the contract were voluminous and truly noteworthy, as evidenced by sheer
magnitude of the entire report and the number of published articles and

theses emanating from it.




1.0 TARGET DETECTION AND ROTATION-INVARIANT PATTERN RECOGNITION

1.1 TARGET DETECTION BY CORRELATION

In this task, we investigated the problem of scene matching with a
reduced resolution reference scene. The completed work appears in the
Master's Jdegree project (thesis) report of H. Kidorf [1.3-1].

In this thesis we investigate the problem of scene matching by matched
filtering when the target scene and the reference scene are of different
resolutions. As is well known, the solution to the matched filter problem
under additive white noise conditions is the correlation receiver. The
effect on the performance of this target detector is desired under various
imaging conditions: radial blurring, azimuthal blurring and with additive
white noise. Additionally, we examine system performance when the reference
scene resolution is reduced to that equivalent of the target.

This investigation is composed of the following steps:

1. Generation of a set of blurred test images

2. Correlation with a reference image (either high resolution or

blurred)

3. Examination of peak correlation as a function of the degree of blur

4, Generation of noisy images and analysis as in Steps 2 and 3.

Blurred images are first produced in polar coordinates using a
combination of the Circular Harmonic Transform (CHT) to implement azimuthal
blurring, and convolution with a gaussian filter in implement radial
blurring. The resultant image is then interpolated to values that comprise a

cartesian grid.




Afrer acquiring a set of images with varying radial and azimuthal blur,
noise is added in various amounts. Analysis i then carried out to
determine the effects of the varied parameters on the performance of image
cross—correlation.

In this thesis it was found that compared to the effects of azimuthal
blur, radial blur has a lesser effect on the performance of scene matching
by correlation. A compariscen of the rates at which radial blur and
azimuthal blur lessen the peak correlation of these blurred target images
with the unblurred reference image shows that radial blur degrades this
performance measure 58% slower than azimuthal blurring does. Additionally,
the reduction of peak correlation as a function of radial blur was found to
display a threshold-like behavior, i.e. correlation of radially blurred
images with greater than 65% of their high frequency content removed results
in the peak correlation being reduced by the effects of blurring at a rate
more than four times faster than with those images with blur levels below
this threshold.

Investigation into the effect on correlation performance of adding
noise to the images was quantified and data presented so that trade—offs can
be considered between the addition of noise and the acceptance of increased
blur. With use of this data each of the three parameters arc
interchangeable (though not equivalent) in considering their effect on
cross-correlation so, for instance, the reluction ‘in correlation performance
due to radial blur can alternatively be thought of in terms of the additicn
noise or in terms of equivalent azimuthal blur.

An additional area of investigation was the investigation of the cffect
of performring scene matching by correlation using & reduced resclution

reference image rather than matching the blurred test image with a high




reso’ution one. It was dJdiscovered that when marching a slightly blurred
inage thut the degradation suffered was only slight. But, as the degree of
blur of the test image increased, the performance of correlation decreased
significantly.

The work in this thesis also demonstrated the ability to simulate the
real world images obteained with limited resolution sensors and sampled at
less than optimal sampling rates. This tool proved useful in the

investigation into the effects of lessened resolution on image correl: :ion.

1.2 ROTATION-INVARIANT PATTERN RECOGNITION

The problem of recognizing a target pattern regardless of its

orientation is the subject of this task.

In two recent interesting papers by Hsu and co-workers, the method
of circular harmonic function (CHF) expansion is suggested for achieving
rotation~invariant pattern recognition by either optical or digital means.
This promising approach indeed does detect targets regardless of orientation
but seems to require - at least based on our experience - high SNR and/or
high contrast imagery. Hsu's test statistic, i.e., the function of his
observation, is a scalar, a situation essentially forced on him because of a
property of his algorithm.

In the paper "Rotation-invariant Pattern Recognl:,tion Using a Vector
Reference®™ by R. Wu and B, Stark [1.3-2] we present a modification of the
CHF expansion algorithm that enables us to use vector statistics. In turn,
using vector statistics we can detect and locate targets in poor SNRs and

low-contrast imagery without sacrificing rotation invariance. Instead of

using correlation with a single harmonic and establishing an optimum




expansion center, we use multiple harmonics combined with a less-than-
optimum expansion center.

In another paper "Rotation-Invariant Pattern Recognition Using Optimun
Feature Extraction™ by R. Wu and H. Stark [1.3-3, 1.3-4]) we concider the
problem of detecting a target regardless of its orientation when it is known
that the target must be from one of two classes. We assume significant
random intraclass variability, a complication which requires techniques from
statistical pattern recognition for amelioration. The Foley-Sammon
transformation for selecting optimum features from random training samples
is used to solve the problem.

By combining vector rotation-—-invariant cignatures with sequential
projection onto optimum subspaces for enhancing class seperability we have
been able to achieve rotation-invariant recognition with a high degree of
accuracy. The use of vector signatures enables courrect reccgnition in

relatively poor signal-to-noise environments where other nethads might

fail. Optimum feature extraction enables object~class reccgniticn when
strong statistical variations exist within the object classes. VWe have
demonstrated this property even when ore object is ewmbedded in another {(as P
is embedded in B).

Some of these gains are brought about &t the expenze of greater
computational complexity. The number of harmonics N needed to recognize an
vbject depends on the complexity of the object end is determined from tests.
Thus, to a first approximation, our algoriths requires W times as t.any

computations as Hsu'

s. On the other hand, we do not need to seerch for a
proper expansion center. The derivation o¢f the optivun subspaces for

feature selection is computationally intensive but is done only once, i.e.,

before the actual recognition probler beginas. The projection of the

— g -
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.] onto the optimum subspaces requires only a matriz
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signatures
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multipiication. In the worst case, only three sequential tests need to be
done for separating two classes. In situations where processing time must
be rept low, @ high-speed array preocessor of a microprocessor dedicated to
the recopniticn problens can be used.

In the two earlier ypapers, (1.3-2, 1.3-3] we considered the problem of

e

how a rachine-vigion system might recognize an object in a two—dimensional
{2-D) scene (e.g., an inage) ropardless of the orientation of the object.

We called tiig problem I-I rotetion—invariant pattern recognition. There

. . . 4 .
Lave beer rurnerous approacher to this problem including those of Hu, Smith

5 .6 .
and Wrighe, in Wor g oand Hall, who used mement invariants. Fourier
1 - T el 7 3 8’9
Jeooroptors were veed by Talnoar! Reskiee and others. Casasent and
1«
Pualria dchrievel rooition-, scale—, and rotation-invariant 2-D recognition
oo ceshiininge o dar Feurier el Pellin transfcrms.  Arsenault and co-
. b, 5 . . . .
workers ' have approached their problem in a novel way, using the

ceotficierts 7 o ¢ revlar-h-rmonic functior (CHF) expansion for rotation-—
invel 1ANt recaynition, nieed It s their approach that we have extended in
cur werg.  Une of the purposes of tlis paper is to show that scale—invariant
tecopriticr car he eavily and efficiertly incorporated in the CHF algorithm
ro yield robust retation/ucale-invariant recognition,

L ticre cormplex problem i0 rbhat of having a machine recognize a three-
dimensional (3-D) object. In this area most of the proposed techniques seem
t¢ he eyternsions of regsulte of 2-D investigations. For example, 3-D
recepnition ve'ny Fouriery descriptors of the boundary curve was used by

11 . . . 12

Tickard and Vemoni, Tadiadil oand used 3-D moments that are




invariant under position, size, and orientation changes. 3-D aircraft
. ‘s . . . . . . 13 .
identificaetion has been investigated by using Fourier descriptors and

moment invariants,
Numerous investigations ip both 2-D and 3-D machine recognition are
cited in the above refercnces. A runber of papers deallng with 2-D and 3-D

recognition were read at # recent meeting on machine vision; brief abstracts

of this mecting are availeble.l5 In general, however, research in 3-D
recognition illuminates tvo major problems: the storage of vast amounts of
reference data and the computational complexity imvolved in establishing a
match between the test obiect and one of the references. Therefare
extracting and watching features of images rather than matching the images
themselves is the trend in 3-D recognition research.

Qur major objective of this paper is to describe a 3-D machine-
recognition procedure that uses the robust rotation- and scale-invariant
recognition ability of the CHF/Mellin-transform approach, which will be
described in the next section. Of course, to understand the 3-D problem we
must necessarily be more restrictive in our assumptions regarding the
degrees of freedom in the positions of the test object. In this regard, the
most critical assumption is that there is only one degree of rotational
uncertainty in the object's position. If we think of the object as being at
the origin of & 3-D Cartesian coordinate system, then we allow a random
angular displacement about the y axis but not about the x and z axes.
Despite this restrictive assumption, we believe that our results can be
useful in a number of robot-vision situations.

The central result of this research is a new data-mapping procedure

from 3-D observation space to 2-D feature space based on pseudotomography.




The 2-D feature data are organized into a signature image from wl ich scale-

and rotation-invarjant features are extracted. Scale invariance is ottained

by using the Mellin transform; rotation invariunce is obtairned by using CHF

coefficients. The particular signature image that we chose has the

following properties: (1) it incorporates ir one 2-D image information

about all the views of the object, (2) it is easily processed to obtain

invariance with respect to scale, (3) it is invariant with respect to

brightness changes, (4) it is easily processed tou obtain invariance with

respect to rotation, (5) it is invariant with respect to lateral shifts of

the rotation axis about which the 3-D object is viewed, (6) it is invariant

with respect to vertical translation of the object, and (7) it gave robust

performance. The work appears in the paper, "Three-Dimensional Object

Recognition from Multiple Views™ by F. Wu and H. Stark [1.3-5].

1. Y-N. Hsu, E. H. Arsenault, and G. April, Appl. Opt. 21, 4012 (1982).

2. Y-N. Hsu and H. H. Arsenaulc, Appl. Opt. 21,4C16 (1982).

3. R. Wu and H. Stark, "Rotation-Invariant Pattern Recognition Using a
Vector Reference," Appl. Oct. 23,838 (1984),.

4, M. K. Hu. "Visual pattern recognition by moment invariants," IRE Trans.
Inf. Theory IT-8, 179-187 (1962).

5. F. W. Smith and M. H, Wright, "Automatic ship photo interpretation by
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6. R. Y. Wong and E. L. Hall, "Scene matching with invariant moments,
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7. C. T. Zahn and R. Z. Roskies, "Fourier descriptors for plane closed
curves," IEEE Trans. Comput. C-21, 269-281 (1972).

8. G. H. Granlund, "Fourier preprocessing for hand print character

recognition," IEEE Trans. Comput. C-21, 195-201 (1972).




10.
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15.

1.3

E. Persoon and K. S. Fu, "Shape discrimination using Fourier
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T. P. Wallace and P, A. Wintz "An efficient three-dimensional aircraft
recognition algorithm using normalized Fourier descriptors," Comput.
Graphics Image Process. 13, 99-126 {(1980).

S. A, Dudadi, K., J. Breeding, and R. B. McGhee, "Aircraft
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2.0 TIMAGE RECOVERY FROM INCOMPLETE INFORMATION
2.1 DESCRIPTION OF COMPLETE WORK

Two major journal articles [2.2~1, 2.2-2] and the Ph.D. dissertation of
A. Levi [2.2-3] describe the results of the investigation of image recovery
from incomplete information. We shall present the abstracts and conclusions
of these works. Further details, derivations and results are found in the
body of these works.

The first paper is "Signal Restoration from Phase by Projections onto
Convex Sets™ (POCS) by A. Levi and h. Stark [2.2-1]. 1In this paper we have
discussed the RFP (restoration from phase) problem using a new iterative
algorithm known as POCS (projections onto convex sets). The method allows
from any number of a prior known image constraints to be incorporated in the
algorithm provided that these can be associated with convex sets. We have
discussed methods of approximately optimizing the relaxation parameters and
shown thereby that a significant improvement in performance can be obtained.

We have shown experimentally that the method of POCS failed to provide

a unique restoration for signals that violated the uniqueness requirements
discussed by Hayes1 and herein. Finally, we have compared POCS with the

well-known HLO RFP algorithm2 and shown that the POCS algorithm performs
essentially as well as the other while ensuring strong convergence in the
finite-dimensional case. A demonstration in which POCS yielded convergence
while the HLO method did not was furnished.

The second paper is "Image Restoration by the Method of Generalized
Projections with Application to Restoration from Magnitude™ by A. Levi and

H. Stark [2.2-2]. The method of projections onto convex sets can be used to
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solve many problems in image restoration, e.g., restoration from phase,
spectral extrapolation, and signal recovery in computer-aided tomography.
However, image-restoration problems involving nonconvex constraints cannot
be handled by the method of projection unto counvex sets in a fashion that
ensures convergence. The restoration-from—magnitude (RFM) problem is such a
case. To handle the RFM as well as other nonconvex constraints, we describe
an algorithm known as generalized projections and discuss its properties.
When sets are nonconvex, it is possible for the algorithm to exhibit
pathological behavior that is never manifest in convex projections. We
inttoduce an error criterion called the summed-distance error (SDE) and show
under what circumstances the SDE is a monotonically decreasing function of
the number of iterations. Near-optimum performance of the algorithm is
achieved by relaxation parameters. Comparisons with other RFM methods are
furnished for synthetic imagery.
o We have found that the number of iterations required to restore an
image may generally be reduced by 30% or more by using relaxation
parameters compared with the method of pure projections.

o The variation of the SDE with relaxation parameter AZ shows the

following behavior. For a small number of iterations, the minimum
is relatively sharp, and relatively small deviations from the

optimum value of AZ degrade the performance as measured by the SDE.

As the number of iterations goes up, however, the minimum becomes
shallower, and small deviations from the optimum value have
relatively little effect. In nearly all cases, the range of the

optimum value of A, was in the range 1.5-3.0,

2




-13-

o Unlike with the extrapolation problem, the use of the two-level
constraints in the RFM problem gives much better results than those
obtained without it.

o An important observation is that the SDE J(fn) cannot be used either

as a measure for the true error or to compare different algorithms.

In fact, it can be shown that, for the algorithm, J(fn) is always

smaller than the error |le || = ||f - f |
n n

o In many cases we observed tunnel behavior for large interation

numbher n [i.e., the change in fn fron iteration to iteration and the
corresponding change in J(fn) becomes negligible]. The poor
restorations with relatively low J(fn) after 1000 iterations

exhibited in some of the examples support the assumption that traps
exist. These examples also demonstrate the importance of detecting
traps and tunnels and of finding ways of getting out c¢f them by
changing the algorithm.
M. H. Hayes, "The reconstruction of a multidimensional sequence from
the phase or magnitude of its Fourier transform,"™ IEEE Trans. Acoust.
Speech Signal Process. ASSP-30, 140-154 (1982).
M. H. Hayes, J. S. Lim, and A. V. Oppenheim, "Signal reconstruction
from phase or magnitude," IEEE Trans. Acoust. Speech Signal Process.

ASSP-28, 672-680 (1980).

The abstract of A. Levi's Ph.D. dissertation [2.2-3] follows.

This dissertation deals with the problem of restoring images from

incomplete information by the method of alternating projection onto convex

sets (POCS) and its extension: the method of generalized projections (MGP).

the investigation discussed herein are both theoretical and experimental.
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We demonstrate the weak convergence property of the POCS algoritlm when the
relaxation parameters (RP) are varied fror iteration to iteratior. We then
demonstrate how the RP's can be optimized to accelerate cunvergence. We
illustrate the utility of these theoretical results by restoring a finite-
size (space-limited) image from the phase of its Fourier transform. This
problem is the well-known restoration from phase problem. We conpare our
result with the standard solution (the Hayes-Lim-Oppenheim, or HLC, method).
The superior convergence properties of the POCS method over the HLC method
is demonstrated by several examples in which the HLO method diverges while
the POCS method does not.

The MGP and its application to problems which involve non-convex type
constraints, is derived. The MGP is a two-step algorithm which possesses
the property of set—distance-reduction for certain values of the RP's. We
show that this property does not extend to algorithms with more than two
steps (or two operators) in one iteration, but the restriction to two steps
is not very restrictive in practice because several image constraints can be
combined into one set. A performance measure called summed distance error
(SDE) is defined and is shown to be useful for monitoring and controlling
the algorithm. Pathological phenomena called traps and tunnels are defined
and shown to occur in the MGP when non-convex sets are involved. They are
responsible for the observed convergence to non-valid solutions or very slow
convergence to valid ones.

The MGP algorithm is applied to the problem of restoring a signal when
we are given only the magnitude of its Fourier transform (the restoration
from magnitude (RFM) problem). We show that the MGP method incorporates
other algorithms for the RFM problem such as the Gerchberg-Saxton (GS;

method and Fienup's output-output algorithm. Methods of optimizing the RP's
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on a per-step and per-cycle basic are described and the per-cycle method is
shown to significantly improve the convergence rate. The method of MGP is
shown to be useful for detecting traps and tunnels and for possibly getting
out of them. Experimental demonstrations showing the effects of noise on
the restoration are also furnished.

We close the dissertation by proposing several unresolved research

problems that warrant furthe: investigations.

2.2 MAJOR PUBLICATIONS

1. A. Levi and H., Stark, "Signal Restoration from Phase by Projections

onto Convex Sets", J. Opt. Soc. Am., Vol. 73, pp. 810-822, June 1983.

2. A. Levi and H. Stark, "Image Restoration by the Method of Generalized
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3. POST DETECTION PROCESSING OF PHOTON-LIMITED, BLURRED IMAGES

3.0 INTRODUCTION

The focus of the investigation of means to restore photon-limited and
blurred images was to develop new techniques where the image statistics were
unknown and the processing could be realized in real-time with dedicated
hardware. We describe here three new techniques which gave very good

results with fast processing.

3.1 TWO STEPS ADAPTIVE, ROBUST ESTIMATOR

The first is a two—step procedure which restores low light—-level images
regarded by a linear space—invariant blur., The presentation of the results
of the research occurred at the SPIE Annual International Symposium on
Optics and Electro-Optics in San Diego, California in August 1984 with
publication of a full article in the symposium’s Proceedings [1]. As the
blurred image is incident on the photo-detector array, the first step
attempts to estimate the blurred image from the collection of photocounts
from the array. The optimum linear minimum mean squared estimator (LMMSE) is
obtained by solving an equation by Grandell [2] for estimating the intemsity
in a doubly stochastic Poisson field. The error of the optimum LMMSE
estimator is orthogonal to the photocount process. He;ce this error may be
treated as additive and uncorrelated noise in the next step, which forms an
estimate of the true object from the first steps estimate of the incident
(blurred image) intensity. It is accomplished through an application of the

constrained LMMSE (deconvolution) method set forth by Hunt [3). An adaptive

windowing technique generates sample statistics for the two-step estimator.
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Hence the method requires no prior knowledge of image statistics to
accomplish recovery of the object. The processing is very fast because the
required sample statistics for the estimators and the window size logic are
calculated recursively and the estimates are linear ones of point
intensities, A full description of the estimators and their derivations is
presented in the aforementioned paper [1]. Here we shall just describe some
of the simulation results,

The system for generating a blurred, photon limited image and the two-

step restoration procedure are illustrated in Figure 1. The linear blur

matrix H acting upon the original image f has elements h(i,j) = —,
i=0,1,...,J-1 and j;=0,1,...,K-1. The Poisson noise generator for a given

parameter n produces the array of photocounts g = g(i,j) which are each
-1
scaled by ¢ for display of the photon-limited, blurred image Bg° The

received or input signal-to—noise ratio is defined to be

2
L(E-<X£2)7>
R e
<(gd—f) >

where <{x) denotes the spatial sample average over the array x. The restored

or output signal-to—noise SNRo is defined as above with the estimate f

.

replacing 84

The two test images used in our simulations are the face images of a
man and woman., For each of these images, Poisson noise degradation with
different parameter n and degrees of lineal motion blur were simulated and

then restored. Shown in Figure 2 is one typical example of a degraded image

~ 3




with Poisson noise parameter n=0.125 and 4x4 (J=K=4) blur and its
restoration. With blur, the restored image is not as sharp and appears
slightly more noisy with an SNR improvement of 7.3 dB. The improvement with
blur is higher than without blur, because the blurring procedure produces
further degradation from the original image and the est.mator partially
deblurs it.

Comparison with otker methods is complicated by the use of different
test images and degrees of Poisson noise and by inconsistencies in
definitions of signal-to-noise ratios. Another factor is the amount of
processing or degree of computational complexity involved in different
schemes. For example, Lo and Sawchuk used noisier test images and a
different definition of signal-to-noise ratio [4]. Kasturi [5] compares
several kinds of estimators on less noisy images than ours and his SNR
calculations include the image means. The better estimators give good
perceptual results, but use prior statistical knowledge and significant
processing. The estimator here does compare favorably with these efforts,
however, especially considering the robustness and adaptivity of the method

and the relatively small processing requirements.

3.2 MINIMUM ERROR, MAXIMUM CORRELATION ESTIMATOR

One of the deficiencies of current image estimators is that the
estimation error or noise, although uncorrelated with the data image has
positive correlation with the true object. In principle, therefore, the
estimation noise can be further processed to extract more information about
the object. To remove this deficiency, a new estimator is proposed which

attempts simultaneously to maximize the correlation between the estimate
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(or, equivalently, minimize the correlation between the error and the
object) and minimize the mean squared error. It turns out that this is amn
optimization problem with competing objectives. The solutiomn is a
compromise between the usual minimum mean squared error (Wiemer) estimator
and an inverse filter,

A simple example to illustrate the need of the double criterion is as
follows, Consider a scalar case where the observed random variable Y equals

the sum of the object variable (signal) X and independent noise N, i.e.,

. 2 2
Y=X+N and the signal and noise variances, o, and o are equal. Assume that

~

the random variables have zerc mean. Consider two possible estimates X of

X, X=Y and X=0. The mean squared error of the first estimate is ci and that

. 2 . . .
of the second is o - Fence their estimation errors are equal. From a

perceptual point of view, it is certainly better to see X=Y than X=0, which
is no information at all. One quantitive measure of the difference betwecn
the two estimates is the correlation of their error with the signal. For

X=Y the correlation between the error and the signal X is zero, whereas, for
Z . . Lo 2
X=0, the correlation between the error and the signal is O " Hence, for

equal error, we choose the estimator which has the smaller correlation
between its error and the signal.

The case of signal plus uncorrelated noise can be visualized
vectorially as shown in Figure 3. When we select a linear estimator i=aY,

the variation of the constant a between O and 1 moves the estimator from the

2 2 .
tail to the tip of the vector Y from a2 mean squared error of o, to o with

. L. 2 22,2 2 -1 .
an interim minimum of ¢ = g o6 (o +tc ) when the error vector is
min T n I n

e i

—— i

e vew— =

A
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perpendicular to Y. The correlation of the error with the signa) moves from
2 . . . .
oL at the tail to zero at the tip. Therefore, if one moves from the minimum

error point toward the tip of Y, there is a trade-off of increased error for
increased error—signal correlation. In Figure 4 the mean-squared error d(a)
is plotted against the error—-signal correlation c(a) as a varies from O to
1. The plot shows that a maximal trade-off point of error for correlation
may be realized, depending on definitions of allowable range.

The convexity of the c¢-d loces versus a was proved and the optimization

problem of minimizing c(a) and d(a) simultaneously over a takes the form of

m:n [wlc(a) + wzd(a)]

with weighting coefficients vy and W, The choices of ¥y and w, are

subjective, but reasonable choices are the reciprocals of the ranges of the

corresponding weighted variables. The ultimate objective function is

ozc(a) + ozd(a) , 62>62

f£(a) = n x x- n
2 2 2 2

Lo c(a) + o'd(a) , o <o

x n X n

with the minimizing a=a ,
0

2 02

a = 1 x + 1 x
° max[sz,a ] 2 62 +02
X X n
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with ¢, = 06 o6 (6 +6° ) ~, the minimum mean squared error. When the
min xn x n

. 2,2 .
signal-to-noise ratio ox/on is either very large or very small, the
resulting mean squared error d(ao) is c¢lose to the minimum. However, when

neither case applies, a small additional error is traded for a larger amount
of error~signal correlation. This work and all subsequent derivations and
results in image restoration with this double criterion appear in the Ph.D.
dissertation of Woo-Jin Song [6] and (8]. In his dissertation Song also
extended the previous scalar random variable cass to stationary continuous
and discrete image fields. The resulting digital linear restoration filter
characteristic, which we call the minimum error, maximum correlation (MEMC)

filter is




E 3
B (m,n) € (m,n)
x

Alm,n) = % 2 +
“max [ Li(m,n) € (m,n), S (m,p)]
X n
%®
F (o,n) S (m,n) r=0,1,...,!+-1
1 X —
2 2 ’ n=0,1,...,N"1

n(w,n) € (m,p)+S (m,n)
X n

Y

where P(m,n) is the sampled point spread function of the lincvar blur and

& (m,n) and € (m,n) are the discrete power spectra of the object and noise,
x n

respectively.

Blurred images in additive Gaussian noise¢ were simulated by the
computer and restored through the abeve filter. The poirt spread functions
of the blur were Gaussian with 8x8 support and lineal with 4x4 support. In
Figures 5 and 6 are shown comparative results of estimation with the double-
criterion (MEMC) ancd the Wiener Filters using lineal blur and signal-to-
noise ratios of 13 and 10 dBR, It is evident that the MEMC filter produces
the sharper image at the expense of more "spotting'. At the lower signal-
to-noise ratio, the sharper image even with more noticeable nspottingn is
preferred by most observers than the fuzziness in the Wiener filtered image.
In Figure 7 are the same filter comparisons with no blur and 0 dB SNR. Tlere
the relative sharpness of the double-criterion restored image is even more

pronounced.

3.3 ADAPTIVE WINDOWING AND NONLINEAR FILTERING

Traditional and new estimators which derive their spectral estimates by
averaging over regions of an image produce restorations of noisy images

which are noisy in the flat areas due to insufficient smoothing and somewhat




fuzzy in the edge regions due to attempted noise smoothing. The problem
arises partly because the regions over which the spectral parameters are
estimated (the so-called analysis windows) contain boih flat areas and edges
and are appropriate for an average of both, but not separately for either.
If the analysis window contains elements truly representative of the current
picture element, then the estimate of the true object intemsity at the point
would be improved. A new scheme for adaptive windowing was tried in
conjunction with subsequent non-linear filtering, We will describe the
technique briefly and show some of the results, which are truly impressive.

Let us assume for the moment one-dimensional data where the degradation
. s . . . 2 .
is additive, uncorrelated stationary noise of variance ¢ . Assume a window

of length LK has been set for the kth data element. An activity index Sk is

computed from the sample variance in that window. If S < T a threshold

k x’

inversely proportional to Lk' then the next window Lk+1 = Lk + 2 unless it

has reached a preset maximum, If S > T then the window length is

| S 3

decremented by two. The sample mean m_Z and sample variance Vk are

k

calculated within the window straddling the kth image element of intensity

Yy to produce the signal estimate ;k by

. mlx[O,Vk-ozl

S

Although the estimate appears linear in its form, it is nonlinear because of

the nonlinear dependence on Vk. which in turn is a nonlinear function of the
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data. The mean, variance, window length, and error can be computed
recursively, thereby reducing the computational requirements. The extension
of the scheme to two dimensions is straightforward, except that the shape of
the analysis window needs specification. For simplicity, squnare windows are
chosen.

This adaptive, nonlinear estimator was applied successively to a noisy
one—dimensional simulated waveform, a scan line of a noisy image, noisy
images using one—dimensional windows, and images using square windows. In
all cases, the edge or detail features are preserved and the flat contrast
areas show almost imperceptible noise. In fact, the image restorations are
remarkably sharp and clean. One example is presented here to give evidence

to those assertions. Shown in Figure 8 is the original mans face image and

the same image with additive, white Gaussian noise of variance 02 = 489. 1In
Figure 9 appear restorations by the new adaptive window, nonlinear filter
and the minimum mean—-squared error or Wiener filter. Note the clarity and
sharpness of the new filter's restoration compared to that of the Wienes
filter. It is also surprising that the mean—-squared error of the Wiener
filter is smaller (82.22) than that of the new filter (87.76). Such a
result is convincing evidence that mean squared error is not a good measure
of visoal error. Details and results appear in [9] and the Ph.D.
dissertation of W. J. Song [6].

The adaptive window algorithm can also be untilized in other estimation
paradigms . In this regard, we also incorporated it into the two step

estimation procedure for blurred, photon-limited images described earlier.

of blurred intensity b, at the kth image point from the

The estimate b x

k

number of photodetector counts 8y is
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mk/A , if Vk =0
bk= 2
m + max [0, Vk - mk] By , otherwise
Amax [Vk, mk]

where A is the Poisson rate parameter, and m and Vk are the estimates of

the mean and variance, respectively, of the image at point k taken im the
analysis window., The mean-squared error, used as the noise in constrained

deconvolution of the blur in the second step, is

mk/A“ ’ if Vk =0

m  max (o, Vo - mk] , otherwise

22

Yk

The derivations of these formulas and the subsequent results appear in
Song’'s dissertation {6]. A sample of these results appear in Figure 10. In
Fig. 10(a) is a test image degraded by 4x4 lineal motion blur and corrupted
by Poisson noise with n=0.5, The result of the first-step estimation of the
blurred image appears in Fig. 10(b). The blurred signal to noise ratio
(SNR) increased by 6.6 dB from 10.9 to 17.5 dB. The second step constrained
deconvolution of the blurred image plus the estimation noise appears in Fig.
10(c) for one value of & constraint parameter. There is considerable
improvement in visual quality from both steps of the restoration procedure.
It is evident that adaptive windowing produces superior reconstructions than

the fixed window algorithm given in Section 3.1.
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Degraded and restored Man images

(a)
(B)
(©)
(D)

Noisy image, no blur n=.125, SNR?7.9dB
Restoration of (A). SNRr=14.5dB
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Restoration of (C), SNRr=l3.8dB
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(a)

(b) (c)

Figure 5: Restoration of image degraded by 4x4 lineal motion blur
and additive white Gaussian noise of variance Oi=54
(SNR=17dB): (a) blurred, noisy image; (b) image restored

by Wiener filter; (c) image restored by MEMC filter.
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Figrue 6: Restoration of image degraded by 4x4 lineal motion blur
and additive white Gaus:.ian noise of variance ui=135
(SNR=13dB): (a) blurred, noisy image; (b) image restored

by Wiener filter; (c) image restored by MEMC filter.
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(a) (b)

Figure 8: Original and noisy mans face image.

(a) Original “"mans face" image

2
(b) Image in additive noise of o = 489

(S/N=10dB).
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(a) (b)

Figure 9: Comparison of restorations of image in Figure Bib).
(a) Filtered "tace" image by 2-D adaptive filte:

(b) "Face" image restored by Wiener Filter.
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(b) (¢)

Fig. 10: (a) Photon-limited image with 4x4 motion blur, (A=0.5)
(b) Estimated image from first step (before deblurring)

(¢) Final restored image after second step.
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4.0 FAST HIERARCHICAL ALGORITHMS FOR MOTION ANALYSIS

The results of this task are documented in detail in a Master's degree
thesis [4.3-1], and a Masters degree project report [4.3 3]. The former
presents a comparative study of correlation measures used in motion analysis
and then proposes a multi-step apprcach. The latter report presents a
method of motion representation based on image segmentation using pyramidal
data structures and shows how the algorithm work for different image

sequences. Excerpts from these reports follows.

4.1 CORRELATION AND THE MULTI-RESOLUTION, FLOW-THROUGH ALGORITHM

Correlation is commonly used in motion analysis to discover the
correspondence among local image patterns in a scquence of image frames.
However a variety of such measures can be employed and these may differ
widely in performance and in computational cost. In this first half of this
study [4.1-1] five basic correlation measures are compared. Performance is
determined empirically as a function of image content (spectrum) and in the
presence of various types of image degradation.

A multi-step approach to motion analysis is proposed in the second half
of the study. Decomposition of the analysis into distinct steps and
independent channels means that the computations may be performed in
parallel pipelined hardware. Data is said to "flow-through" the systen
because analysis is uniform: a fixed sequence of operations is applied to
all images and to all positions within each image, independent of image

content.
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4,1.1 PERFORMANCE OF LOCAL CORRELATION MEASURES

Correlation between local regions of two or more images may be used to
detect pattern displacements, and hence object motion. However correlation
can yield incorrect pattern matches. Of the five correlation measures
examined, direct correlation consistently gave the highest error rates.
Performance was particularly poor when the mean value of a local pattern was
large compared to its variance, or when patterns to be matched differed in
mean or contrast. Variance normalized correlation consistently gave the
lowest error rates. No errors were obtained with this measure in the
absence of relative image distortion. However, in the presence of noise its
performance was only slightly better than other measures. Since the other
measures require considerably less computation than variance normalized
correlation these may be preferred under appropriate image conditions.
Correlation following Laplacian filtering is particularly effective when the
image contains high frequency éomponents and any noise is restricted to low
frequencies. Even the binary correlation performs well under these
conditions. However both measures are very susceptible to high frequency
noise. Therefore, the Laplacian correlation appears to be the most
attractive of five measures studied. However this measure should not be

used in the presence of high frequency noise.

4.1.2 PERFORMANCE OF MMF

We have described a system in which motion analysis is carried out in

three distinct steps. First, each image in a motion sequence is passed

through a set of filters to obtain a corresponding set of band-pass copies.
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Second, a optimum nine "motion channels" are formed within each frequency
band from original twenty-five channels, each "tuned" to motion in a
particular direction and velocity. Finally, the outputs of these simple
channels are combined in groups of three to form four compound motion
channels, each tuned to a particular orientation, the outputs of the four
orientation channels are compared and combined into a single motion estimate
for each sample position within the frequency band. Each group of three
channels has two outputs, a velocity estimate and a confidence measure. By
comparing channel outputs, it is possible to determine whether motion is
within textured image region, near a prominent image contour, or near an
occluding edge. Channel outputs are combined in the manner appropriate for

each of these cases in step 3.

4,1.3 CONCLUDING REMARKS

As demonstrated by the results, the combination of Laplacian pyramid
structures together with the MMF strategy has proven to be a powerful
technique for motion analysis. The power of the technique developed in the
study lies in its simplicity, computational efficiency and its high

accuracy.

4.2 MULTI-RESOLUTION SPLIT AND LINK SEGMENTATION ALGORITHM

The need for representing motion in digital images is motivated by
applications in transmission of video and in artificial intelligence. In
the first type of application, bandwidth compression in the image processing

sense is sought; we attempt to transmit less data to communicate the




required information about the image. In the second type of application, we
attempt to give the computer a primitive understanding of how objects move
and an gbility to track this motion without necessarily recognizing the
objects. A method of motion representation based on image segmentation
which lends itself to these applications is presented in this work [4.1-3]
along with results from its software implementation.

The segmentation scheme presented here gives excellent results for a
variety of images. The segments in the image are represented by links and
segment values. The information provided by these links and segment values
is contained in a pyramid structure which is suitable for analysis. Our
motion algorithm uses the same representation for an image as the
segmentation algorithm and is capable of updating the links and segment
values given an estimate of displacement without the necessity of obtaining
an entirely new segmentation. If we are willing to accept a processed image
with quality not quite suitable for viewing but suitable for anmalytic

purposes, then we have met our goals for representing motion.

4.3 PRESENTATION AND PUBLICATIONS
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D.C., July 1983,
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Polytechnic Institute, Troy, NY 12180, May 1984.
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5. TEXTURE MODELING AND DISCRIMINATION

5.0 INTRODUCTION
The focus of this task has been the development of stochastic models
for texture and the related problems of developing and evaluating various
texture classification and discrimination algorithms, Motivation for this
work has been the following important image processing problem: segment an
image field into disjoint regions which may possess the same average gray
level but differ in the spatial distribution of gray levels. These two
characteristics of an image are generally referred to as tone and texture,
respectively. Our interest has been concerned with the latter, While
somewhat elusive to definc precisely, the most generally accepted definition
of texture at present is that it consists of a basic local order or quasi-
homogeneous pattern which is repeated in a ''nearly"” periodic manner over
some image region which is large relative to the size of the local pattern.
Our work in this area can be conveniently classified into three broad
categories:
1.) Develop useful stochastic texture models and characterize
their properties.
2.) Develop model-based texture classification/discrirminution
algorithms on the basis of statistical decision theory
concepts.
3.) Evaluate and characterize the performance of various texture
classification/discrimination algorithms under identical
conditions.

Wo will discuss each of these areas separately.
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5.1 STOCHASTIC TEXTURE MODELS

We have considered several classes of stochastic texture models
including:

1.) 2-D autoregressive moving average (ARMA) processes.

2.) 2-D random tessellation processes,

3.) The 2-D random grain model.

4.) 2-D Markov random fields (MRF's).
In what follows we will describe our work in each of these areas separately.
5.1.1 2-D ARMA MODELS

These models have been used extensively in one form or another in a
variety of image processing applications although a comprehensive systematic
study of this class has never been provided. Specifically, the 2-D ARMA

process is gemerated recursively according to

= N

S, .= - - a S, .+ - ' b W __ . . ijl, (5.1)
B3 (g, e B TR (g pp et ATRAGTS
a b

where {Wi .} is a 2-D i.i.d. sequence and both® Da and Db are specified
subsets of a non-symmetrical half plane Z={k>0,%>0} u {k>1,:<-1}, Assuming
a8 row-by-row raster scanning pattern, the sequence [Si j} is then generated
as a causal filtering operation over past outputs and present and past
inputs. A special case of (5.1) is the 2-D separable Gauss—Markov model
with

s V. (5.2)
1,

i,;7P181-1, 1%P254, j-17P1P254-1, -1V, 5
where Oilpiljl. i=1,2 represent horizontal and vertical pixel-to-pixel cor-

relation coefficients, respectively, and {'i } is an i.i.d. zero-mean

.3

+ The prime, as in D' in (2.1), is intended to denote exclusion of the
point (0,0).

dndl. -1r—-‘
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. 2 2
Gaussian sequence with common variance '&=‘é(1—pl)(1—p2) defined in terms of

the variance 9; of the assumed stationary sequence [S.1 j]. Similarly, it's

possible to define a 2nd-order separable 2-D Gaussian process as
2 2,

s, .=+ T a S, . . +W ., (5.3)
i,] k=0 .=0 k,. i-k,j-. i,j

where again {wi.j} is an i.i.d. zero-mean Gaussian sequence. The cor-
responding coefficients can then be expressed in terms of pole locations in
the vertical and horizontal spatial frequency planes as illustrated in Table
5.1. More specifically, r, and i’ i=1,2, are the radial and angular posi-
tions, respectively, of the separable discrete system transfer functions,
Hi(Z)’ generating {Si,j}' This is illustrated in Fig. 5.1.

It can be shown that the input sequence {Wi j} in the 2nd-order case

most possess variance

2\ (1.2
l-r l-r .
] 2 4 {5.4)
N v 3 o (1-2rfcoszs;+rf) (1-2ricos2s,ori)
AU

For example, if either Hl(z) or H2(z) possesses a8 pole on the unit circle
then C;=O. We assume, of course, that initial conditions are chosen to
result in stationary conditions.

Due to the separability, the 2-D autocorrelation sequence is given by

R(m.n)=7;R1(m)R2(n), . (5.%)
where
R, =D 1 r, G HaX e i-1,2. (5.6)
i 2nj A i
C

In particular, it's easily seen that the correlation coefficients in the

vertical and horizontal directions, respectively, are now given by




-46-
coefficient value
A
ao,l 2r cos,2
a —r2
0,2 2
fo]
al,O 21r1cos\1
- [a)
al,l 4rlr2cos.1cosﬁ2
2 r2c A
al,2 rl 5C0s &y
a —r2
2,0 1
a 2r2r cos A
2,1 17259%%
a —r2r2
2,2 172
Table 5.1

coefficient Values for 2-D Second-Order Auto-
regressive Process.
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Figure 5

Pole Locations of Filter Hi(zj), i=1,2,
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, ) I‘1 S1n[(lk‘+])e1] - ris1n[([k|-1)e1] (5.7
p.lk) = T y 1=1,2.
it 1+r§ sins,

Note, in particular, that |pi(k)|'_1 for i=1,2. However, unlike the first-

(x|
order case, where pi(k)=pi , the antocorrelation is no longer

exponentially decreasing in k due to the sinuscidal terms within brackets.
This property can be useful in modeling a wider range of textures than pos-
sible with the lst-order model. Additional results on the 2nd-order model
can be found in [5.1].

Our interest in ARMA models has been in developing their statistical
properties, such as autocorrelation functions, joint p.d.f's, etc., and in
developing methods for fitting these models to real-world texture samples.
With regard to the latter activitics we have been specifically concerned
with developing maximum-1likelihood (ML) estimates of the ARMA model
parameters, particularly when observed in the presence cf added noise.

5.1.2 RANDOM TESSELLATION PROCESS

This class of random fields has: been studied extensively inm the past
(cf. [5.2]-[5.4]) and this aspect of the investigation has constituted an
extension of past efforts. The construction procedure we have considered
results in a tessellation of the planme into convex regions by an ap-
propriately defined field of random lines which form the boundaries of these
regions. The density of these random lines, or edges, is defined in terms
of a rate parameter A. Gray levels are then assigned within elementary
regions to possess correlation coefficient p with gray levels in coentiguous
regions. For example, the gray levels can be generated by a 2-D ARMA model.
Given a particular partitioning scheme then, the random fields are com
pletely defined in terms of the two parameters X and p. The parameter A
represents the edge business associated with an image while p is indica-
tive, at least on an ensemble basis, of the edge contrast . For p large

(in magnitude) and negative there is an abrupt almost black-to-white or
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white-to~black transition across an edge boundary. If p>0, on the other

hand, the transition across an edge boundary is much more gradual. It is
relatively easy to define these parameters for wide classes of imagery data,

In previous work [5.2]1-[5.4] we have been able to evaluate the second-
order properties of this class of random field under the assumptions that
the line processes generating the tessellation are themselves generated by
either a Poisson or a periodic process. It can be shown that these two ex-~
amples are special cases of renewal point processes with Gamma distributed
interarrival distribution

~1

f(x) = x* exp{-x/B}; x.0, (5.8)

(OB

with .=1,2,... and B=1/1- for fixed A>0. For .=1 we have f(x)=e_)”x, cor~
responding to the casc of Poisson partitions, while for ==, f(x)=8(x-1/1)
corresponding to periodic partitions with fixed spacing =1/A. Clearly, the
quantity . plays the role of a homogeneity parameter. For small the
mosaic appearance is that of a tiling of the plane by random rectangles. As
increases the tiling becomes more and more regular or periodic.

In [5.5] we have been able to develop the second-order properties of
the 2-D random tessellation process when the tessellation is generated by a
pair of mutually independent renewal point processes with Gamma distributed
interarrival distribution as given by (5.8). This work then represents a
considerable extension of our abilities to characterize the second-order
properties of the 2-D random tessellation process.

Other methods have been studied as part of this effort, including the
use of the Voronoi and Johnson-Mehl tessellations [5.6], [5.7], to provide

the underlying partitioning of the plane. In the Voronoi tessellation the




———t ——— A — i~

-50-

centers of regions, called seeds, are distributed according to a 2-D spatial

point process with rate parameter A. The elementary geometric regicns then

consist of all points closer to a given seed than to any other seed. In the
Johnson-Mehl tessellation, the seeds are distributed according to a space-
time point process with spatial rate parameter A and temporal rate parameter
v. The elementary regions then grow isotropically with spatial velocity
In this case some seeds may fail to genereste regions if their spatial loca-
tion is overcome by regions associated with previously distributed seeds.
While these partitioning schemes represent interesting generalizations of
the 2-D random tessellation process, we have met with little success in
characterizing the resulting second-order properties.
5.1.3 2-D RANDOM GRAIN MODEL

This class of image models have alternatively been called random grain
models, Boolean Models, bombing models, etc. Our approach has been to con-
sider these models as the output of suitably defined spatial filters excited
by a marked spatial point process [5.8] at its input. For example, suppose
that the filter is space invariamt and can be described in terms of its
point spread function h(x). Consider exciting this filter by a marked spa-
tial point process described in terms of the triple (;i, a.. i] where 5J
are the event locations, and {li} and (~i} are marks representing amplitude
and rotation to be assigned to the characteristic response of the filter to
the spatial impulse at the corresponding locations {!i)' The field at tke
filter outpot is then described by

f(z)= ilihi(;—xi). (+.9

where hi(;)=h(§ix) with éi the unitary matrix

T-sin ~os




The net resultsare that {f(x), xakz) is given by the superposition of a num—
ber of randomly weighted and rotated versions of the original point spread
function h(g) replicated at random spatisl positions. In this sense the
resulting random field resembles the so-called low-density shot processes
evolving according to a single temporal parameter, The description of the
field in terms of filtering operations not only provides