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ABSTRACT

The behavior of digital cross-correiation algorithms
as appliied to image matching problems is examined in terms
0T the relationship between measureable image properties and
algorithm characteristics. Statisticail image gquaiity meas-
ires are developed which could be employed in a poreprocessor
to predict the performance of automatic stereo-compilation

equipment. ne measures include a quantity derived freom the
Cramer-Rao icwer bound on the variance of any unbiased
parameter estimator, various contrast measures such as vari-
ance, contrast modulation, and median absolute deviaticn,
and & stationarity detector related to the variance gracient.

nesz measures are based on image and correlator modeis

whicn describe the behavior of correlation processors under

(@]
(@]

nditions ¢f low image contrast or signai-to-noise ratio,
gecmetric aistortion, and image non-stationarity. Computer
simuiazions using synthetic imagery were performed to ver-

-

ify tne various mocels, and indicate the pcotential rtor the
use ¢of image gquality measures in the predicting of corre-
Tation behavior. Implications of the modeis in terms of

corralaticn processor design ana implementation are dis-

cussed.
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CHAPTER 1

INTRODUCTION

In many image processing applications, 1t is neces-
sary to spatizlly register two or more images of an object
Tield obtained from different sensors or taken from the sane
sensor at different times or locations. The registration of

two mages consists of translating them relative to ¢ne an-

other so trnzt they exactly overlay each other. The transia-
tian {ana possibly rotation) required to acnieve registra-

tion provides information concerning the relatiive positions
07 tne sensors and points in the object fieild. Applications

of image registration are numercus and incliude such diverse

areas as guidance of unmanned vehicles, Cnange detection,
target acqguisition and tracking, and the procucticn oF todo-
granshic¢ maps. 1t is primarity the latter topic that is ad-

ed

€1
-~

es

(%]

rein aithough many of the concepts and prchiems

o)
[t

ot
(@)

be discussad are aiso found in other appliceations.

(%)

A problem of consideratlie interest witnin tne car-
tographic community is that of mechanized "stereo-viewing",
that is, autcmatically locating identical {(conjugate) points
on twO0 Gr more aerial onotographs. The result of this in-
tarest nas 52en “ne cevelopment o7 several automated siereg-

1

compilation systems including tne Universal Automaztic Map




Compilation Equipment (UNAMACE)} [Thompson 1966}, the AS-
11B-X Stereo Mapper (Brumm, et al. 1976], the Gestalt Photo
Mapper G°MII ([Crawley 1974], and the Heterodyne Optical
Correlator (HOC) [Balasubramanian 1976]. The principal

advantage of automates sterec-systems are their speed,

[

economy and precisisn {altncujn not necessarily accuracy).

ct

(&)

DQifferent human cper r< using a stereg-piotter will not

(s8]

[

achieve the same degree of repeatability as will the auto-

mated system. The human operator, nowever, is far more re-

liable. The limitation in machine reliability is a function
of the variability of terrain conditions over which it must
operate. Tne basic function of the autcmatic stereo-
compiler is to compare two nearly identical images (around
corresponding conjugate points) and determine the position
resulting in maximum similarity. The machine, however, is
unable tc recognize objects or shapes. Wnhen the machine 1is
confronted with images that differ considerably in appear-
ance, it does not functiion properly. As we will see, under
conditions of steep terrain, the two images can differ sig-
nificantly. I[f there are points in one image that are not
vis5ible in the other image, the resuits of the matching are,
in generai, unpredictable. The numan operator, on the other
hand, can recognize objects and shapes even if tney differ
in scale or aspect. Most present Zay automatic compilers
incorporate terrain slope correction features whicn allow

for on-line geometric correction of the distortion produced

e




by terrain relief. 7Tnis added capability, however, reduces
the overall system speed.

The automatic compiler is also less reliable in re-
gions of imagery devoid of contrast, particularly in tne
presence of noise which tends to increase the difference be-
tween conjugate regions. Regardless of the sources of image
differences, the machine ‘occasionally "gets lost". That is,
it will come to a point where it is unable to locate identi-
cal corresponding imagery. When this occurs, the machine
will search until it is far off track. Finally an alarm is
sounded to notify an operator of its condition. Because of
the occurence of these conditions, the systems are only semi-
automatic at best.

Sterec-compilation is accomplished by cross-
correlation. The pictorial information is first converted
into electrical signals via a scanning operation. The re-
sulting signals (either analog or digital) are tnen com-
pared in a correlator circuit or computer. The translation,
or parallax, between the images is determined by the loca-
tion of the peax of the cross-correlation function indicat-
ing maximum similarity between image segments. Performance
for image registration is measured by the accuracy with
which tne offset of the peak ¢f the correlation fTunctian
matches the true parallax created by topcgranhic relief and

sensor orientation.




The term "correlation” is a generic term that in-

c¢ludes a number of different algorithms and technigues
which will be described in Chapter 2. <Each of the tech-
niques, however, generates a correlation function. An
example of such a function, c(%), is shown in Figure 1-1a.

‘ Without loss of generality, it is assumed that the correct
peak position is at the origin of the ¢-axis. Due to &

¢ variety o7 noise sources to be described in Chapter 4, there
are statistical fluctuations in the measured correlation

functicon, c¢{Z), which are indicated by the dashed lines in

‘ Figure 1-1. These fluctuations can produce two distinctiy
different types of correlation errors. An error occurring

' even though the correct Tobe of the correlation function ig

| chosen is called a "local registration error" as shown in
Figure 1-1b. An error resulting from seiecting an incorrect

l lobe is ccmmonly termed a "false acquisition error" as shown
in Figure i-1¢c. The conditions under which these 2arrors
occur depend in part on the particular correlation tech-

| nique. [t is generally the case, however, that locail regi-

| stration errors occur in regicns producing broad correlation
functions wnile false acquisition errors occur in regions
producing relatively narrow correlation functions.

Mo matter what the actual physics of tne correlation

process, the correlation calculations are subject to a cer-
tain amount of error, and the errors result in inaccurate

determination of parallax values. Frequently these errors
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are catastropnhic and iead to terrain elevation vialues that
are impossible cor inconsistent. Even when the errcrs are
not catastrophic, i+ is of the greatest practicai utility o
know the magnitude 0f errors that are asscciated witn e
particuiar region of an image. The degre2 to wniCh & par-
ticular region is "error prone' depends on the physical
properties of the terrain, the correlation tecnnique, tne
jmplementation of the technique, and the properties of the
image function as well as the various contaminating noise
sources. Knowledge of these relationsnips wculld alticw the
development of sterec-compilation pre-processors t0 detecll
image regicns that are defective {error prone) in the sense
that tne probability of correct conjugate acguisition is in-
adequate. .With sucn 2 "defect map", the correlation proces-
sor coulc operate adaptively within tne faliowing opticns:
(a; Reject *he region and indicate the nes:z
for new data acquisition,
(b) Reject the region and indicate that tne
region can dDe successfully processed by
human operators,

{c) Switch to a different correiztion telh-

YY)

nique known to be less sensitive to tne
particular defect,

(d) Enhance the region in some way %o improve
the probability of correct conjugate ac-

quisition,

|




(e) Accept the region as nhaving sufficient

quality to process as usual.

The ability to pre-process stered images in this
manner would allow improved resource allocation (numan vs.
machine) and thus improve the overall throughput rate and :
econcmv of the operation.
it is the primary purpose of this research effort
to examine the behavior of digital image matching technigues
in terms of the relationship between measurable image proper-
ties and known aigorithm characteristics and to develop image
qualisy measures wnich can be empicyed to predict the per-
formancs of automatic s+terec-compilation equipment. In the
remainder <f tnis chapter we briefly review the basic con-

cepts avclved in stereg-compilation.

Stereo-Compilation Caoncepts

Figure 1-2 shows the gecmetry assumed in the analy-
sis. 7o simpiify notation, the functional relationships are
definec in cne dimensicn only. Extensicon to two dimensions
is direct anc does not alter any of the anaiysis. On the
ground tner2 are two quanticies of interest: the elevation,
et k,, and 3 corresponding intensity pattern, I(X), which is
the result ¢f light reflected from the features of the land.
The camera is located at an altitude 0of H above reference
elevaticn and the focal plane of the camera is assumed to te

paraliel to the reference plane. The camera has focal length

U
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-

£ and the translation between images is the air base 3. TWo

coordinate variables, x, and Ko are ascribed to the two

1
image planes. The geometry in Figure 1-2 is a so-called
“geometric positive"; the true image lies behind the focal
point of the camera and an inverted (geometric negative)
image is formed. By reflecting the image through the focal
point a geometric positive lying in front of the camera is
constructed and has the advantage of having the same sense
of coordinate algebraic signs as the ground cocrdinate sys-
tem.

In practice, the acquisition of stereo-photcgraphs
rarely results in images which are precisely vertical. The
rectification processes which correct for differences in
altitude and orientation of the sensor stations are the do-
main of photogrammetry [Thompson 1968) and no further con-
sideration is given them here.

[t is assumed, <then, that the following reguirements
are fulfilled in order to obtein "perfect" photographs.

(aj The optical axis of the camera lens is

exactly vertical at the instant of
gxposure.

(b) There is no forward movement of the
aircraft relative to the ground during
the exposure time.

(c) The camera is free of distortion.

(d) Atmospneric conditions are idea..




10
[t is obvious that there ic no practical possibility of reg-
ularly meeting these requirements. rfortunately, photogram-
metrists have developed corrective procedures which relegate
these effects as mianor when compared to the contaminating
effects discussed in Chapter 2.

Given the gecmetry of Figure 1-2, the coordinates X4
and X5 of the two images of a single ground point located at
a distance X from the nadir point of image 1 can be deter-
mined by applying the rules of similar triangies. From
Figure 1-2 it is clear that

T F_%TT P %2 T HX--eBxZ ' e
The accumulation of image points forms the intensity pat-
terns observed in tne image planes. The two intensity (or

density, patterns, g](x]) and gz(x ), correspond to the pro-

2
Jection of tne intensity pattern I(A) into the two image
planes. iAssuming that the reflectance of *the object field
is indepencent of the camera station, the procedure for con-
structing an intensity pattern in the image from an inten-
sity pattern an the ground can be characterized by the ex-

Iressiong

TxplH - e(x>>]
g9,(xy) = x{ 5 (1-2a)
X, (4 - e(X))]
g,(x,) = I[B . 2 J (1-2b)

where o and X, 2re the projections of point X.
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Equation (1-1) can also be solved for e(X):

e(X) = H - —3L (1-3)

which shows that the elevation information is encoded in
Equation (1-1) in the form of the difference in coordinates
(parallax) of the conjugate points Xq and Xg - The goal of
stereo-compilation systems, then, is to accurately identify
conjugate points.

The effects of a parallax error on the computed
ground coordinates is shown in Figure 1-3. In a digital
system, the images are sampled to produce discrete resolu-
tion elements (pixels). Assuming such a system, we substi-
tute for the parallax in (1-3), X7 = X4 the parallax in
terms of the number of pixels

Xy = X, = jax - Jax = (i - j)ax (1-4)

where &x is the sampling distance. From (1-3),
e(X) = H - —2& . (1-5)
If the parailax is in error by ¢ pixels, tnhe elevation ar-

ror is given by

fa = - Bie
S { G Ry R C R D U (1-6)

[t is usually the case that the parallax errors are small

with respect to the actual magnijtude of the parallax, i.e.,
(i - j)>><. Thus (1-5) and (1-6) can be combined to give

2
-3x[H - e{X)]
B(’_ £ . (]'7)

de

-]
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13
fquation (1-7) specifies the elevation resolution limit of

the aigizal stereg-conpiler. That 1s, the minimum detect-

able change in elevation is given by

L
n

Ae

. 2
el _ Ax[H - e(X)]
min ,eﬁ BL ' (1-8)

While the parameters H, B, and £ can be chosen during the
data acgquisition stage, the only parameter available to the
processor is Ax, the sampling interval. Some image regis-
tration algorithms, however, attempt to improve on this res-
oiution limit by interpolating the sampled correlation
function in the vicinity of the peak [Pearson, et al. 1977].
This procedure is generally avoided in digital stereo-
compiiation systems due to the increased computaticnal ioad.
Correlation errors also result in ground position errors
denoted by 3X in Figure 1-3. Applying similar triangles to
the geometry 0f Figure 1-3 reveais that

R e (1-9)

Because of the two dimensional terrain error, the perform-
ance of stereg-compilation systems is expressed in terms of
the parailax error.

Most of the stereo-compilation systems currently in
use were designed primarily for producing contour and pro-
file outputs. Recently, however, there nas been an increas-
ing need for topograpnic data in the form of digital gria-
point elevaticens. Although many of the existing systems can

be used to obtain such data, the AS-11B-X stereo-mapper was

----------llllllllllllllllllll;llllllllli
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developed specifically for this purpose {Brumm, et al. 1978].
As a result of improved image scanning techniques and highly
parallel high speed digital processes, the AS-11B6-X is cap-
able of compilation speeds on the order c¢f 10 to 50 times
faster than for conventional systems with comparable accu-
racy. One of the features of the AS-113-X which contributes
to the increase in throughput rate is that image-intensity
{or density) is scanned and measured on each photograph
along corresponaing epipolar lines. Epipolar lines are the
lines of intersection between the photographs and the set of
epipolar planes defined by the focal points of the two
camera stations as shcwn in Figure 1-4. With such a scan-
ning tecnnique, the correlation function need only be one-
dimensional since conjugate points 1ie on corresponding
epipolar lines. Any residual parallax in the direction
peroencicular to the epipolar lines is considered to be

negiigible [Brumm, 2t al. 19767].

Thesis Qutline

In Cnapter Z, we present a number of correlation
tecnniques tnat are commonly emplioyed in image matching
aopplications and indicate the theoretical justification for

their use. it is shown that the maximum iikelihcod similar-

~

ity measure %takes the form of covariance (matched filtery),

ncrmalized covariance, or least squares, depending on the

a-priaori assumptions aboui %“he image formation model.
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The Cramer-Rao lower bound on the accuracy of any
unbiased estimator has been derived {Yan Trees 1268 in the
context of radar target range determination by estimation of
signal round-trip time delay. A similar bound has been de-
veloped [Knapp and Carter 1375] in the context of estimat-
ing time delay between received signals at two spatialiy
separated sensors used in passive sonar systems. In Chap-
ter 3, these results are presented and compared and their
application to the prediction of errors in sterec-compilation
is discussed. The form of the bound derived by Knapp and
Carter {1976] is shown to apply to the image formation model
assumed and is thus considered as an image quality measure.

It is impossible, excent under severely restrictive
conditions, to derive a general expressicn for the probabii-
ity of a false acquicsition. Attempting such a derivation,
however, leads to an image quality measure whicn is similar

to the "figure of merit" ascribed to correlator performance

[ d

by Webber and Jelashmit [1974a]. This figure of merit is
shown to be a function of both image area and local signal-
to-noise ratio.

In order to emplioy the figure of merit as an image
quality measure, it is necessary to determine the correlator
output signal-to-noise ratio. In Chapter 4, the covarianca
function is analyzecd in detail to determine the degree to

which sensor noise, quantization noise, "self" noise, and

machine noise corrupt correlator performance. Models for

|
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computer round-off errors are developed for both fixed point
and floating point correlation processors. The expressions
developed for the purpose of predicting correlator perform-
ance all require the assumption of input data (image) sta-
tionarity. <Chapter & concludes with a discussion of the

4 effects of input data non-stationarity on correlator perfcrm-

ance. Two schemes for detecting such regions are presented

and the conditions under which such regions are considered
"defective" are discussed. It is shown that the covariance
processor is particularly susceptible to data non-stationarity.

i In Chapter 5 we consider the effects of terrain vari-
ability on correlator performance and develop a model for
"relief distortion" which is described by tne function re-

' auired to map an image region onto its conjugate. Under
simplifying assumptions, this mapping is shown to be a spa-

| tial contraction or expansion in the direction paraliel %o
epipolar lines. The distortion modelled by this affine
transformation nas bteen analyzed in detail by Mostafavi and
Smith [1978a, 13738b]. We review these results and discuss
the conditions under wnich they apply to the stereo-
compilation problem. Of particular interest here, however,
is the degree to which the effects of distortion on corre-
lation accuracy can be predicted. To this end, an "image

+

overlay quality" measure is developed in order to predict
the statistics of a parameter used to describe distortion

within a region of imagery. Due to the assumption required
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to make the problem tractable and the computational com-
plexity of the resulting procedure, it is concluded that
pre-processing alone is unlikely to provide all the needed
information for accurate error prediction but that a com-
bination of pre-processing and on-line (i.e., during stereo-
compilation) algorithms has tne potential for detecting
problem regions and increasing the overall system throughput
rate.

§ Chapter 6 is concerned with the design and implemen-

tation of computer algorithms to assess the utility of the

' image quality measures develcped in previous sections 1in

terms of the degree to which image "quality" is indicative

of the correlation behavior. Here we look at the image

j quality measures based on the Cramer-Rao bound and false
acquisition probabilities as well as a number of other image
features based on contrast measures such as varjance and
contrast mcduiation which appear to have potential for pre-
dicting error prone imagery. Results indicate that a
measure Hasec on the Talse acguisition probability appears
to held the greatest promise for predicting correlation
behavior aithougn, with few exceptions, tne quality meas-
ures are remarkably similar in detection perfaormance.

One dimensional correlation simulations in the

presence of relief distortion indicate that extreme relief
can, indeed, be a source ¢of correlaticon errcor. Although

some sterec-compilation systems correct for gecmetric

N R
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distorticns described by affine transformations, we show
that computational savings may be gained by performing these
corrections only under certain conditions which can be par-
tially specified in a pre-processing mode.

Finally, in Chapter 7, the implementation, both
cptical and digital, of promising pre-nrocessing algorithms
is considered. Also considered are image enhancement pro-
cedures which can be used to reduce the effects of noise on
correlation behavior. Initial experiments indicate that
these noise suppressionoperations can significantly imprcve

correiation accuracy.




CHAPTER 2
CORRELATION TECHNIQUES

Numerous correlation techniques, both analog and
digital, have been proposed for the purpose of image regi-
{ stration. None of these is equivalent to stereo-viewing as
accomplished by human observers, Owing to his adaptability,
, the human observer is far superior. The interest in develop-

ing automatic systems, however, has led to a variety of com-

putational procedures. Some of these procedures have a
l sound theoretical basis whereas others are at least partly
ad hoc. In this chapter, we present the theoretical frame-
' work for some of the more common digital procedures and
' briefly discuss the rational behind the development of the

ad hoc technigues.

Correlation Geometry and MNotation

Let two images, S the search region and R the match
window, be defined as in Figure 2-1. S is an L x K array
of digital picture elements {pixels) and R is an M x N
array such that M < L and N < K. It is assumed that enough
a-priori information is known about the search and match
windows so that L, X, M, and N may be selected with the

gquarantee that, at registration, a complete subimage is

20
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contained within the searcn area. In stereo-compilation
systems, there are two mechanisms for establishing such a
guarantee. In a "non-tracking" correlator, the search
limits can be set by a-priori knowledge of the maximum and
minimum elevation over the region 0f interest as indicated
in Figure 2-2. In a tracking correlator, however, the
search can be reduced by predicting the location of the
correlation peak based on previously computed parallax
vilues and ccmputing the correlation function at several
positions on either side of the predicted location. Because
of the increased throughput rate achievable by reduction in
search extent, the latter mode is commonly employed in
present stereo-compilers. As mentioned previously, however,
this mode has the disadvantage of veing unable, in general,
L0 recover from a "lost" condition without aid from an oper-
ator,

The various correlation procedures search over the
allowed range of reference points to find a point which in-
dicates a subimage that is most similar to the given window.
In some appiications (e.g., stereo-compilation with epipolar
scanning), the search is one-dimensional (M = L in Figure
2-1). 7o simplify notation we will assume that the correla-
tion functions are one-dimensionail. The extension to two-
dimensional searches is straighforward. Furthermore, we
will denote the match window 2 by defining r to be a vector

consisting of the raster scanned elements of R, that is

S
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The varijous subimages of the search window will be denoted
in a similar manner by sk,k = 1,...,T where the superscript

indicates the Tocation of the subimage and T is the number
of allowed reference points (taps]).

In general, one cannot expect any of the subimages
sk to be identical to the match window r. Assuming the
jdeal image acquisiticn scenario described in Chapter 1, the
primary sources of the difference between r and the "correct"
subimage, gc, are film-grain noise (or shot noise/photon
ncise in a photoelectric sensor), scanning noise, and dis-
tortion due to terrain relief. Film-grain noise is a direct
consequence of image acquisition, sensing and recording; it
is a random quantity injected into both images. Although
this type of noise is weakly signai dependent [Andrews and
Hunt 1977), it is common procedure to characterize its be- ﬁ

havior by the zero mean Gaussian probability density func-

tion (pdf):

) ) . . .

There is a correlator output associated with each reference
point or relative location k. The term "tap" historically 4
refers to the wire tap on a delay-line correlator.

e
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no

(2-1)

o) —
!

exp |-
n
{t is also assumed that

uniform
Scanning noise will also be
relief are nct so easily

Wwe assume that the effects

In Chapter 5, we discuss tne con-
valid.
image intensity or

via the projection relationship

for tne effects of film-grain noise

noise) is given by
r=g9rn

(2-2)
s =g+ s

i35 the noise seguence contaminating

~ -~

the match win-

dow and ng is the seguence contaminating the correct sub-
From {2-2) it is easily seen that 1
o ’
r = + N - . -
- -r s (2-3)
I'f we lump the noise terms together, i.e., replace
,Cs {23
by n~, then (2-2; becomes
r= s¢ st (2-4)
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¢ and sC are corre-

-~

Before proceeding, we note that n
lated through Equation (2-2). Since we do not know which of
the T subimages 1is §C, each subimage Ek must be tested. In
the following section, it is shown that some of the more

common correlation procedures are maximum likelihood parallax

estimates.

Maximum Likelihood Correlation Procedures

[f we consider r to be a signal obtained at the re-
ceiver end of a transmission channel, then the set of sub-
images {§k} can be viewed as the set of possible transmitted
messages. Given r, we wish to determine which transmitted

signal sk, k = 1,...,T most closely resembles r. The maxi-

mum likelihood (ML) processor selects the signal which maxi-

k)'

mizes the conditional pdf plir s’ As we will see, the form

0f the processar depends on the assumptions made abcut the

set of signals {sk} as well as the properties of the "trans-

-~

mission channel”. In order to generalize (2-2), we intro-

duce the parameters 3. and mc in such a way that

3
"
Y]
Ho
+
3

(2-3)

s =g +m_ +n
5 g ..

The parameter aC can be viewed as a scale factor in-

troducec to account for differences in image contrast and

me is a bias vectcr modelling possible differences in mean

~

density level. 4e will assume m. consists of identical

N S



elements of value m. Rewriting

(s¢ - m

= |“n
ro=ast - -ong)

C

The maximum likelihood problem can now be

in terms of the 7 hypotheses:
Hy o= agls -omy
_ 2
Hy 1 r = ay(s™ - my
- _ T
Hp o= agls -omg

Before proceeding with the determiration

we need to obtain appropriate expressions for 2,

k .
vectors r and s respectively.

spect to these elements gives

[f we estimate the ensemble

(2-5)

determine T s We denote by r and s? the i
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as in (2-3), we have

tn (2-6)

r

formulated

(2-7)

of the ML processor,

and m,. To

-k

i th elements of

the

Taking expec:tations with re-

m) (2-8)

means by computing the

sample averaje over the appropriate region, then
mesk . L7 (2-9)
a
k
and [2-7) becomes
- _ k -k
Hotr =1 =a(s" -5 n) o+on, (2-10)
To obtain a, we compute
- =L =20,k = . - v . \
2i{r-r) ;r-r);—ak;a\s -5 -n,) (s -3 "N tEingn (2-11)
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where orthogonality eliminates the cross terms on the right

hand side.

If the vectors,

K . .
r, s , etcetera consist of N

~

elements, then the expectations in (2-11) can be estimated

by computing sample variances over appropriate regions, i.e.,

- 2~.2 .02 ok =k, Lyt 20,0 2
Ngr —ak[NcS -ZEa\f =S ) ka+ﬂcn ]+A”n (2-12)
, .2 .2 A 2 . " s .
where Sps Tg s and on are sample variances and M is the

total number of elements

in the match window.

The remaining

expectations in (2-12) can be evaluated with the help of

ky~ 1
yn, }=—¢
k ay,

Ei(s

Thus (2-12) reduces to

-2
Iy

e

from which it follows that

For high quality stereo-pair imagery, it is usually

. 2 -
the case that p 779,

ratios of 30dB are typical).

and : >> =z

rq” V+E 7 - { e C=Ng 2
TR TR TN, T (2013
522 gt (2-14)
2 2
= - L (2-15)
s “n

2 ~ 2. .
o n signal-to-noise

Thus,

(r - 7) (r - F)

— — (2-16)
K3 (s% . 3%)

S DU




The problem of determining plr s ) i35 complicated by

the fact tnat the noise in [2-10) is signal dependent. Usefu]

. , . , k k
results are obtained, nowever, by assuming tnat s  and n  are

£

statistically independent so we proceec along this path for
the present. Under this assumption, {2-10) is rewritten as
. - - K —k k 17
M r s TRl s s e (2-17)
where
nk = n_ - a.n (2-18)
.r k.k

Since the only random quantity in (2-17) is nk {r and

sk are known samples of a random process), then it follows that

p(r}sk) = -——lﬂ——~exp[-%(r—?-a
)ZN

nK (2-13)

sk-gk))‘c'w(r-F-a

k( s q L k"k)l

k(373

(2=
where Cn = :2 I is the noise covariance matrix (I = identity

nk

. 2 P 2 2
s - £ \ ~ = —~

matrix, and from (2-18), 3k (1 + ak) 3

of the hypothesis, Hi’ to maximize (2-19) is known [%halen

Thne selection

13717, (Van Trees 196381 to be the hypothesis which maximizes

the quantity

(55 -39 (2-20) ‘

Here (r - r) {

5°) is simply the cross-covariance of r
<

with s° and (5" - s°) (s k)

- 5°) 1s the energy of subimage sk
I[f we make the a-priori assumption that S 1 for all k, then
the ML processor computas the guantity

I M (2-21)

. !
- K
Ck =2r - r) 5 -

! u))L
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and selects %ne nynothesis which maxinizes <o Since
{r = r)"(r - r} is indegendent ¢f the hypothesis we coulg
Just as well compute
- o TN . _‘1(\ ! K -K k "‘k\
o = ir-r){r-r) - 20r - ry{st - 5Ty s (5T - SNt 5T
. kK =k, .. — k k
= llr-r) - (s" -s )i tr =) - (57 - 5T (2-22)

and select tne hypothesis A, to minimize ¢ .- Thus, the
assumoition thas I 1 leads to the "smallest sum of squired
differences” odrocessor which selects the hypotnesis which
previies the best least-squares fit to r.

the assumption is also made that tne subimzge energy
is independent of position (or varies slowly with position)
then the ML processor reduces to the simple covariance func-

tion

[AV]
1

™)

(98]

~o-

“or tne most genera! case, &, # 1 Y k. Substituting

\

(2-1¢; dnte [2-23) gives

-~ ’

- L( —K -
o = 2(r - r)7lsT oS e o Fycie o P I Y
il -~ - ~ ~ -~ - - \ /
K
‘I ~ -~ - -
K ookyLok ok, 7
fis™ - 57 5™ -5
) i i ) {2-24]
Sliminating zuaniities that are indecendent of tne ny-
potnesis leads t23
- ’ "( ;
(r-rrist o5
~ = ~
i
< - \
‘\2‘25/

As cefore, we zzuld .s*t 35 wel) Zompute
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which is the well known normaelized covariance function whnich
selects the hypothesis which maximizes the correlation coef-
ficient between sk and r.
Because of the computational simplicity of (2-23),
simple covariance has become the workhorse of present day
stereo-compilation equipment. As we will see later, however,
viclations of the assumptions leading to (2-23) are cause for
concern. Normalized covariance is commonly employed in appli-
cations having less demanding requirements ¢n througnput
rate aithougn it is used by the recently developed neterodyne

optical corralator (Balasubramanian 1876). In the following

section, the image matcning problem #5 formulated in a slichtly

different manner and the corresgonding ML processcr is subse-

quently differcnt.

Generalized Correjation

. X . - . .
Since s~ can be obtained from sk 1 simply by & one pixel
snift in subimage position, tne matching problem can be re-

posed as

~~4

RIS = S0+ 0,,5%0,) rect{fd) + N(1,5)  (2-27)

~

wnere . and Dy are the reiative shifts between tne matcn

wincows 2 and tne correct subimage of S, N(i,j) is the signal

-
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dependent noise as before, and

idy s
rectiy.y) (2-28)

0 otherwise
With this formuletion, the ML processor selects the

paramerters Dx and 6y wnich maximize p(R}DX,Dy). As we shall

! see, the ML estimator can be realized as a pair of image pre-
filters followed by a cross-correlation as shown in Figure

‘ 2-3. A variety of "generalized correlation” techniques can

be implemented in tnhis manner with the choice of H] and H2

based on the optimization of certain performance criteria.

{ If oA {usvi = #,(u,v) = 1 ¥ u,v where u and v are the discrete
|
horizaonzal and vartical spatial frequency variables, then the
. estivare Z(,Dj is de*ermined by the cross-covariance function
| g1
. . o N=1 M-
N O ) - - ku, v ,
-:—2\<,{,/ = '.TT - o USR(va)WN NM (2'29/
| ” u=0 v=0
ahers
2T
sy 3w
w\l 2 5 . (2-30)
i

Equation . 2-23) is simpiy the inverse discrete Fourier trans-
forﬁ of the estimated cross-power specirum GSR and the processor
is tne two-dimensicnal analog of (2-23). When S and R are
fiitered, nowever, the cross-power spectrum between the fil-
tered ou%tputs is given by

* ~

GAB(U’V) = H](U,V)H2<U,V)GSR(U,V) (2-3])

and the generalized correlation between S and R is

N p
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SN-1 M-1
- = __]_ - i .’ . . \ !km\,7,V
CAB(ksZ) = NM U;O V;O ,{\U,V}GSP\\J,/)/! NM k2-32)
where
*
';/(U,V) = H](U,V)HZ(U,V) . (2"33}

The ML estimator for Dx and Dy has been derived by Xnapp
and Carter [1976] in the context of determining time delay be-
tween signals received at two spatially separated sensors in
the presence of uncorrelated noise. To avoid the problem of

signal cependent noise encountered previously, Knapp and Carter

compute the pdf p(X'Q) where

R(u,v) FIR(1,3):
Xlu,v) = 2 (2-34)
S(u,v) FiS(i,3)3
and 3 is the power spectral den;ity matrix
Gon(kai) Goelk,2)]
Quk,z2) . (2-35)

Bas (1) Bsgtin)

The assumption is made that the elements o