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ABSTRACT

This technical report summarizes the image understanding and image
processing research activities performed by the University of Southern
California during the period of 1 September 1975 to 31 March 1976 under
Contract No. F-33615-76-C-1203 with the Advanced Research Projects
Agency Information Processing Techniques Office.

The research program has as its primary purpose the development
of techniques and systems for efficiently processing, transmitting, and ana-'
lyzing visual images and two dimensional data arrays. Three tasks are re-
ported: Image Understanding Projects; Image Processing Projects; Smart
Sensor Projects. The Image Understanding Projects involve the development
of generalized processing systems for analyzing images and extracting salient
information. The Image Processing Projects include research on novel im-
age coding methods, image restoration, vision modelling, and nonlinear two
dimensional optical filtering techniques. The Smart Sensors Projects com-

prise investigations of électronic and optical processing methods integrated

with imaging sensors to perform feature and symbolic extraction.
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1. Research Project Overview

This report describes tas projrass and results of tha University
of Southern California isaje wundarstanding and image processing
research study for the period of 1 September 1975 to 31 H#arch 1976.

The research study has bean subdivided into three praojects:

Image OUnderstanding Pcojects
Image Processing Projects

Smart Sensors Projects

The image understanding projacts involve research directel toward the
goal of developing yeneralizad processing systems capable of analyzing
images and extracting saliant information. Specific studies include
feature extraction, symbolic description, interpretation, and systeas
analysis. The image procassinyg projeats include r2a3search on novel
image «codingy tzchniques bas2d upon results of the image understanding
study, advancad image restacation mathods, vision molelling in support
of image unlerstanding, aad studies of nonlinear twd dilensionali
optical filtering techniju2s for the implementation of imaging
SeNSOrS. Tha smart sensdcs projscts coamaprise investigations of
electronic and optical processiny methods which can oe intagrated with
imaging sensdrs to perfora 1low level imsage enhancament and feature j
extraction within the sens>r. The smart seansors research work |is 3 1
being perforaed by the Haghes Aircraft Company Res2arch Laboratories E

in Malibu, Califormia under subcontract to USC.

Section 2 of this report details the research 2ffort on the image

|
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understanding projects. To2 image pracassing rasearch activities are

described in Section 3, ani Saction 4 covars the work on the samart

sensors projects. Sectiosa 5 is a1 list of publicatioas by project

meabers durinj the reportiang period.
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2. Imaye Understandiay Projects

The 2ffort in ta2 image unlerstanding proj2cts is directed toward
the ev2atual develdpa3ant of prcocessiny systams for jJeneralized image
analysis. Applicatioas of such systems includa phdotointerpretation,
vehicle guidance, visaal tracking, map matching, cartography, and

image coamunication.

Th2 rzsearch staly is organized according to tha structure of a
conc§ptual image unizcstanding systeam. This system consists of a
feature a2xtraction stij2 which detects ind measures primitive features
such as =2dges and ta2xture regions from an input image. Next the
primitiva features are grouped into ameaningful symbols such as object
boundaries, segments of some coammon attribute, or basic shape
structuras. PFinally tana image symbols are int2rpreted in teras of
their s2mantic relationships to produce a concise quantitative
description of the original image. Some knowvwladge bise is assumed
available for guidiace of all elemants of the imaje understanding

systen.

The philosophic approach to the study has been to bring together
a reseatch team skilled in digital signal processing and concepts of
artificial intelligenca. Although the research affort at USC involves
all stages of the ovarall image understanding systaam, initial emphasis
has been deliberately plLaced on the feature axtraction and symbolic
description systeam 3lassnts. Rapid progress is neeled in these areas
to assist the researca in the higher stages of the image understanding

systenm.




2.1 Lumilzance Edge Detection Technijues

William K. Pratt

Chany2s or discoatinuities in an imag2 attribute such as
luainanca, tristimulys value, or texture are fundamentally important
primitiva f2atures of ai imaya since they oft2n provide an indication
of th= spatial 2xtant of objects within th2 image. Local
discontinuities in iaiy2 luminince or amplitude 1level are called
luminance edges, whil2 jlobal luminince discontinuities are defined to
be boundiaries. This rc3port presents a surv2y of luminance edge

detection techniques.

Figacre 1 contains sketches of one and two dimensional 1lumibance
edges =2iach represent2i as a ramp increase in imaje amplitude level
from a low to a high lavel. In the one dimemsional case the edge is
characterized by its h2ight, the slope angle, and x-coordinate of the
slope miipoint. An 2ij2 exists if both the slopa2 anjle and height are
larger than specifiai critical values. Por the two dimensional
example the orientatioa with respect to th2 x-iaxis is also of
importanca. An id2al edge datector processiny tha image regions of
figure 1 should produce an edge indication localized to 1 single pizxel

located it the midpoiat of the slope.

A common aproaca t> monochcome edga2 detection is illustrated in
figure 2 in which an >cigyinal monochrome image F(j, k! undergyoes a grey
scale edge enhancemeat by linear or nonlinear processing to produce an

imaje field G(j,k) #ita accentuatel spatial luminance changes. Next,

G AL Lo bl e o e
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(b) TWO DIMENSIONAL EDGE
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Figure 2. 1-1.  One and two dimensional edges.
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a threshold operation is performed to determine the pixel location of

significant edges. A nagative going edge exists if

Gj, k) < T, (j, k) w2 (2. 1-1a)

and a positive going edje exists if

G4, 2 T 0,k ' (2.1-1b)

where TL(j,k) and TU(j.k) are lowsr and upper threshold values,
respectively. These thrasholl values may be mals spatially varying to
compensate for gross spitial luminance changes. Threshold selection
is one of the key issaas in edges detection. A threshold level set too
high will not permit 1atection of 1lov amsplituda structural imsage
elements. Conversely, a threshold level set too low will cause noise
to be falsaly detectal as an image sige. An edje location‘lap E(j.k)
is often 3ganerated t> ialicats tha positions of edges within an image.
Por example, all positive edge locations coull be inlicated by white
pixal valuas against a black backgrounl.  Altarnatively, positive
going edjas could be 1>tad by white pixels, negative going edges by

black pitels, and non-edge regions by mid-grey pizxels.

A sacond major apprdach t> luminance edje datection involves
fitting of a local r2jijn of pixel values to some ideal representation
of a one or two dimensional edge, as defined in fijure 1. If the fit
is sufficiently close, an edge is said to 2xist, and its assigned

parameters are those of the idasal edge.
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Linear Bdge Enhaacasent Methods: A variety of edge enhanceseant

techniquas can be atilized to acceantuate eiges prior to threshold
detection. One of tha 3implest technigques is discrete differencing
.analogous to continadcous spatial differentiation. Horizontal edge
sharpening can be obtaiied by the running difference operation which

produces an output isage according to the relation
G(J, K= F(j}, k)-F(), ke1) (2.1-2a)
Similarly, vertical saacpening results fros the operation

G, X)= F(J, k)-F(j+1, k) (2. 1-2b)

Diagonal sharpening can be obtained by subtraction of diagonal pairs

of pixels.

Horizontal edge acs-eatuation can also be accomplished by foraming
the differences betwean the slopes of the image amplitude along a line

according to the relatisa

G(, k) = [F{§,k)-F{,k-1)}[F{§, k+1)-F(j, k)] (2. 1-3a)
or equivalently

G(j, k) = 2F(j, k)-F(j, k-1)-F(j, k+1) (2. 1-3b)
Similar axpressions 2xist for vertical and diagonal slope differences.

Tvo dimensional liscrete diffacentiation can be performed by
convolviag the orijinial image array vith the compass gradient masks

listad balowvw <1,p.111>;

il el e i
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? North
1 1 1
H= 1 -2 1 (2, 1-4a)
k| -1 -1 -1
{E Northeast
| 1 1 1
Bae ol =27<% (2. 1-4b)
'§ -1 -1 1
¥ East
i covaraly ke o
f H= -1 -2 1 (2. 1-4¢)
b4l E
Southeast
-1 -1 1 . {1
H= -1 -2 1 (2. 1-4d)
1 1 1 ,
South 31
-1 -1 -1
H & l -z l (2. 1‘40)
1 1 1
Southvest
1 -1 -1 ]
H= 1 -2 -1 (2. l-4f)
1 1 1
West ;
. 1 1 -1 & i
bk vl . |
;
Northvest §
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¥P 1 1
H=1 -2 - (2. 1-4h)
1 -1 -1

The compass names inlicate the slop2 direction of wmaxisus response,

e.g. tha East gradiaat mask producas a maxisuom output for horizomtal

luainance changes froa left to right. It should be noted that the

gradient wmasks have zecro veighting (the sum of the array elemeats is
zero) so that there is o output rasponse ovar coustant luminance

regions of the image.

Edge sharpeninj, without regard to edje dicection, cam be
obtained by convolation of an image with 3 Liplacian mask. Several

typ2s of Laplacian masks are listed below:

‘Hnsk 1
o -1 0 :
H=-1 4 -1 (2. 1-5a)
o -1 0
Mask 2
-1 -1 -1
H=-1 8 -1 (2. 1-5b)
-1 -1 -1
Mask 3
1 -2 1 :
H=-2 4 -2 (2. 1-5¢)
1 -2 1

Bdge sharpening caa be made proportional to the statistical

correlation of pixel values by the statistical mask <1,p.125>




z —
pc pR - ﬁc(l+ 'R ) pCpR
554 2 2 2 2 (2. 1-6)
H = - pR(l+ P ) (1+ PC "“‘h ) "Ru“c )
PP - (1+ ’f*z) PP
c‘rR : c'T R CR |

iu vwhichpp and P- raprasent the assumed Narkovian cocrelation factor
between adjacent r>¢s and column pixels. If pR=lkf0, there is no
adjacent element correlation and the statistical mask has no effect;
in the extreme, iEDR. =Dc§1, the statistical _l:sk reduces to the

Laplacian mask of aq.(52).

Argyle <2> and Micleod <3,4> bave propdsed Gaussian shaped
veighting functions as a waeans of edga enhancesent. The Argyle

function is a split Saussian function defined in one dimension as

h(x) = exp {-(-:j} x20
s () ne

vhere p is a spread constant. The #acleod fuaction jiven by

e el (3 oo (52 oot ) )]

vhere p ani t are spraai constants. This fuaction suppresses the

(2.1-7)

effect of pixel valuas in the eige tramsition ra2jion and edges in rovs

above and belov the edge to be detected.

A cosmon limitation of the 1linear eije sharpening methods

previously discussel is tha amplification of hijh spatial frequency
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noise and artifacts as a result of the inheraat differencing
operations involved. Noise smoothing can ba encorporated into the

linear edg:> sharpeninj aethods by pecrforminy tae linear masking on

regions of pixels cataer than on iadividuial pixels <5>. This can be

accoamplished by formiag a linear mask

H{, k) = H,G.k) ® H(j, k) ) (2.1-9)

by convolving one of tas edge 2nhancemsant smiasks previously defined
vith a lov pass Cfilter averaging mask Bs(j,kn. Such spatial

averagiag, of course, l3zads to a ssoothing of eljes as wall as noise.

Nonlinear Edge Enaancement Hethods: WNonlinaar edge detection

systess porfors nonlisear combinations of pixal values as a means of
edge enhancement prior to thresholding. HMost technijues are 1limited

to processing over small 2 x 2 5r 3 x 3 pixel windows.

Roberts <6> has introduced the nonlinear cross-osperation

1/2
onu.k)=(tru.k)-r(j+1.k+n]’+tr(j.k+1)-r(j+1.k)]z) - (2.1-10)

as 1 twdo-i1isensional 1ifferencing method for sige sharpening and edge
isolation. Another spatial differencing oparation, which is of

computationally simplar form, is givem by

G, U, k= I FUR-FU+L kel [+ IFG e )-FG+LW] - 2o

It can be easily showa that
Gpli k)% G, k)= /7T Gplis k) (2. 1-12)
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Crude directional infacsation can be extracted »>y noting which of the

four pixels is largest at a detected edge point.

Sobel <7,p.271> ias suggested a 3 x 3 nonlinear edge enhancement
operator described by the pixel numbering conveantion of figure 3. The

edge enhancesent plana is defined as

G(, k) = + Y ; (2. 1-13a)

vhere
X= (Aj+2A04A)) - (Aj+2A 4+ A)) (2. 1-13b)
Y= (Agt2A 4A)) - (A 42A 4+ A)) (2. 1-13c)

Another 3 x 3 nJnlinear edge enhancement aljoritha has been
introduced by Kirsca <3>. Referring to tha notation of figure 3, the
enhancesant is given as

7

G0, X =max {1, max [lssi- s, 1]} (2. 1-14a)
=1 ¥
vhere
S = At At Ay, i

T=A++A + A (2. 1-14¢)

17 Aaat et Austie A

The subscripts of S and T are evaluated wmodul> 8. Basically, the

Kirsch operator provilas the maximal compass gradieat l:gnitude'about




i
g A 4 A,
A, F(j, k) A,
| %6 Ag Mg

Figure 2.1-3. Numbering for 3X 3 edge detection operators,
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an image point ignoriay the pixel value P (3,k).

Wallis <9> has proposed a2 nonlinear edge datection scheme based
upon homomorphic imaja processing. According to this scheme an edge
exists if the smaguitala of the logaritha of the image luminance at a
pixel exceeds the sajnitude of the average logarithmic luminance of
its four nearest neijabors by a fixed threshold valus. With reference

to figura 3, the edge sahanceament plame is defined as

GU, k) = 10g[F(, K)]- } log(A )-H1og(A,)-d10g(A )-dl0g(a,)  (2.1-153)
or g
G(j,k) =3 log SO (2. 1-15b)

N i
Comparison of G(j,k) agiinst upper and 1lower thrashold values is
exactly egquivalent to comparison of the fraction in the brackets of
eq. (15b) against a modified threshold. Therefors, logarithams need not
be computed. The principal advantage of the lojarithmic edge detector

besides its computatisnal simplicity is that the technique is

insensitive to multiplicative changes in luainaace level.

The logarithmic e2dje enhancement scheme definad by egq. (15) can be
considerel as a linaar enhanceaent with tha Laplacian mask of eq. (5a)
performed on the logarithms of the pixel valuas. In this context
other edge enhancement aethods can be eiasily forsulated as a
concatenation of point nonlinsac oparations followed by 1linear edge

enhancemant and thresasliing.
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Rosenfeld <10> has developed a nomlinear product averaging mask
for edge sharpening 1ind edge isolation. With this operator the

running one-dimsensional average

D) lis W)= o [FGHM-1, K F(M-2, K04+ o +F (5, K)

-¥(}-1,%)-F(j-2,k)-. .. F(j-M, k)] (2.1-16)
is formel at each pixal point where 822" and a is an integer. This |
operation is perforael for 4=1,2,4,8,16,...,2tc. up to some desired

upper limit. Then, tae product

Pp((j K)=D (j, KD, (j, k). . . D, (j, k) (2.1-17)

is formei at each pix3l. Conceptually, the highar order averaging

masks provide a br>al indication of edges anil soae degree of noise
suppression, while tia Lover order averaging msasks yield localized
derivativaes, wvhich 2ar2 =auch wmore noise sensitive. Together, it is
hypothesized, the produzt of the variable 1langth averaging masks
should give a positive indication in the vicinity of true edges.
Rosenfeld®'s justification of the oparation is as follows: ",...the
result P,{j,k) tenis to yiall shacply localized datections of major
edges vhile suppressinj noise. Intuitively, this is because the
product is large only when all factors are large, aind as soon as one
moves awvay from a position "just at"™ and edyge point, the factors with
lov a's become small; wiile if dSne is not at or near a major edge, the

factors with high m's are small."

Rosenfeld <11> has also proposed a nonlina2ar processing procedure

for isolating large sharp edjes in the neighborhood of smaller edges.




Page 17

This procedure, which will be called dominant n2ighb3r suppression, is
performed by scanniaj the edge enhancel pline G(j,k) with a small
pixel window. The valua of G(j,k) in the center of the window is
suppressal (set to zerd) unless its magnitude is tae greatest of all
samples within the wiandow. Conventional amplitude thresholding then
follows. A variation of tha process is to> parait suppression of
S(j.k) only if a neijabor in ths window dominates by a significant
amount. The dominant n2ighbor suppression thrasholiing algoritha has
proven quite effectiva for edge detection when couplad with an edge

enhancement method that providas some noise smoothinj.

Edg2 FPitting Metnsis: Ideal edges may be viewed as one or two
dimensional ramp sijnals of the form sketched in figure 1. Actual

image data can then b2 aatched against, or fit to, the ideal edge

models. If the fit is sufficiently accurate at a given image
location, an edge is assumed to exist with tha same parameters as the

ideal edge model.

In the one dimensional edye fittinjy case described in figure U

the image signal f(x) is fit to a step function

b x < xo
s(x) = (2.1-18)
b+h x20

An edge is assumed pra2sent if the mean square error

x +L

0 5 ) i |
¢=f (f(x)-8(x)] dx (2.1-19)

z . i
0~ L : i




X0

(o) ONE DIMENSIONAL

(b) TWO DIMENSIONAL

Figure 2.1-4, One and two dimensional edge fitting.
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is below some thresholi value. In the two dimensional formulation the

ideal step edge is defined as

(2. 1-20)

b xcosd+ysino<p
S(x,y) =
t+h

x cos@+y sin 6 2 p

where 6 and P represeat the polar distance from the center of a
circular test regioan to the mnormal point of the edge. The edge

fitting error is

8= f [Fix,y) = Stxy)) andy A (2.1-21)

over

circle
Hueckel <12> has 12veloped a procedure for two dimemsional edge
fitting in which tae image points within the circle of figure 4 are
expanded in a set of tw> dimensional basis functions by a Fourier
series in polar coaordinates. Let Hi(x,y) represent the basis
functions. Then the wz2ighting coefficients for the 2xpansions of the

image and the ideal step edge bacome

2 = f f H, (x, y)F (x, y)dxdy . (2.1-22a)

b = _/ / H,_ (x, y)S(x, y)dxdy _ (2.1-22b)

It should be noted that S(x,y) is defined parametrically in teras of
the set (b,h,P,0). (n Hueckel's algorithm the expansion is truncated
to eight terams for coaputational economy and to provide some inhereat

noise smoothing. Minimization of the mean square difference of
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eg.(21) is eyuivalaat to minimization . of (ai-bi)z for all
coefticients. Huect 2l has parformed this minimization, invoking some
sisplifying approximations, and has formulated a set of nonlinear
egquations expressing tae edge parameter set (b,h,P,8) in terms of the
expansioas coefficients a;. A test is performed to compare the actual
isage data P(x,y) vith the eigs fit, and if tha resulting fit is poor
because of noise, 00 edge is judged presant. If the fit |is
sufficieatly close, 2a further test is made to detaraine if the edge

contrast factor h is jraater than a threshold factor.

Tha complexity >t the Hueckel algoritha readers it difficult ¢to
analyze theoretically. However, experimental avidence indicates that
the Hueckel operator is guite sensitive to the 1atection of 1low

contrast edges in reasonably noisy images.
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2.2 A New Class of Blj2 and Peature Detection Operators 1

Werner Prei and Chung-Ching Chen ‘

1 Human or machine scene analysis depends jceatly upon the ability

ﬁ to partition an imaj3 int> regions that correspond to individeal

objects. One populacr approach is the detection of edges., which are
crudely defined as the boundaries between image regions having .
different properties. Such properties are brightmess, color, texture
or wvhatevar might enapla the datection of object boundaries within the
image. Clearly then, edge detection must be based upon the inspection 1
of more than one picture elemant wvithin sub-areis 5f an image in order |
to decide whether an adje segament is present vithin each area. This

operation can be expressed as
edge = T{ £(A))} (2.2-1)
vhere f (¢) represents s>ae function of the picture elements within

area A, and T(¢) is a threshold or decision fanctioa. The resulting

edge elements can be chacracterized by variables suca as aaplitude,

orientation, position, and a confideance factor.

Upon examination of the wvhole picture, object boundaries are
constructed by connacting the edge elements letected into lines, an
operation that can bs bised upon simple syntactic rules, for example,

to connect neighbor 3dge elements that have similar orientation and

b i e

delete isolated elemeats. Some of the lifficulties of edge detection

are created by nois2, but auch sore so by the facts that visually ‘

distinct adgjes sometimas cannot be detected within an area of size A,
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or convarsely, that what appears to be an edge within A sometimes
belongs to a hoiogonoonsly textured area of the picture. Increasing
the size of A wvould appareantly solve the problem, except for
comsputational limitations. Alsd> note that if the size of A {is
increasel greatly, th2 description of am edga uitiln A becomes very
cosplex. It is genarally recognized that boundary detection 1is
therefore best dona 02y the combination of a relatively simple edge
operator followed by aljorithams such as thinning and 1linking that
délete- irrelevant =23iga points and connect the remaining ones into
lines. A number of saca edge detection operators have been published,
for exasple, Roberts jradient <1>, Kirsch <2>, Sobel <3>, Prewitt <4>,
smoothed gradient <5>, Robinson <6> and Hueckel <7,8>. All of the

above algorithms can b3 expressed in general taras as

nedge" = T {f(8+A)} (2.2-2)

vhere 8 is a linear tcaasformation of A and £ is a non-linear distance
function. Bdge detaction is then accomplishsd by moving the area A
over the whole pictura seguentially, and recording the edge paraseters
found. Within that <class of aljorithams, the computationally fast
operators consist of a3 set of templates ¥ of size 2 x 2 or 3 x 3
pixels that are coavilved simultaneously with the image to be
analyzed., The maximua, sum of sgjuares, or absolute sum of the
convolutions is then thresholded to obtain edge points. Edge
direction can also be datermined in a1 straightforwari asanner, either
by 4identifying the oOrientation 0Of the tamplate vhich yields the

largest convolution vilue at each point, or by an arctangent

et ol L et i a i S anc i e L
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coaputation <1-6>,

Comparison of tha above operators reveals similarities that can
be attributed to the a3uristic design approaches usei. Yet there does
not seea to exist a jaanarally recoganized criterion for optimization;
the evaluation of 3uch an algoriths is performed chiefly by visual
inspection of processad edge pictures. The excaption is the Hueckel
operator, in which a1 ideal edge is defined a priori, amd the

algoritha optimized t> letect such ideal edges.

The present coatcibution follows a similar appraach in the sense
that ideal edge elemaats are defina2d first. The analysis reveals that
no more than two templates are rejuiced for the optisal detection of
such edges, and tha parameters of the operator can be adjusted to
match preferred types of non-ideal edges (sharp versus smooth). Given
the axiomatic critarion of ideal edge elaments, wmost existing
algorithas can be reaiily evaluated, and it is easy to verify that

many are computationally redundant.

The edge operator is then jeneralized for other image features
such as ideal 1ina 2lements and discrete Laplacian (ideal points)
which, taken together, constitute a rudimentary but fast orthogonal
feature transfors. Examination of the characteristics of the
transfora domain sugjasts the alaboration of a measure of confidence,
or conversely, the dasign >f adaptive threshold strategies for edge
and line detection. Pucthermore, experimental results suggest that

the above features provide appropriate el2ments for contextual

thinning and linking aljorithams.




Definitions: Coasilsr an image region A of size n x n sampling

intervals shown in fijure 1a. An ideal edge element in the continuous
image doaain is defina2d as a straight bouniary passing through the
center of A that seps:;tas tvo regions of different average brightness
b, and b,. Adopting tn2 convention b; > b,, th2 diraction ¢ of the
edge element is wunijaely determined with r2spact to any arbitrary
direction (figure 1b). Note that the 1ileal edge element is
characterized by its sagnituie l’il-—bzl and oriaantation ’E' vhere

0 -S-QE £ 2m. Possible liscrete representations of the sampled ideal

edge element will now b2 examined.

Consiler the set of nZ brightnass samples bij £ A as an element
of an nz-dilensional vector spacelB . The elesa2ants of & can be

represented by a matrix B or a column vector b. For sxasple for n = 3

TR PP
B =1by Py by sl
b3y b3y by :
Fbl-
b
; (2. 2-3b)
A

An inner product (dot product) on B is defined as




Sampling Interval

|
’ ) Continuous image

Sampling grid
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direction

c) Ideal line element

"non-edge"
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direction
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b) Ideal edge element

d) Concept of confidence l ;

Figure 2.2-1. Definitions of ideal structural elements and concepf of
confidence.




All of the fast edge aparators
express2l in termas J3f the

gradient is given by

edge

with

with Y!l

where T(e) =0 or 1 if the

respectively, than 2a preset
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2 n
(gp Q.) = Z Z bij cij ‘zo 2-“,
i=1 j=1
2
n
®o) =D b, (2. 2-4b)
i= 1

mentioned previously can now be easily

above notation. Por example Roberts

TR ¥,)” + @ ¥’

(2. 2-5)
10 o1
b wfd e
argument |is smaller or larcger,

value. Note that i, and i, can be

regarded as a pair of basis vectors fors . The following hypothesis

is nov formulated:

The discrete represantation of all ideal odge elements defined

above forms a proper subset 8 of 8, of disension twvo. As a

consequence, thare must 2xist a basis consistinj of ‘11 and 412
which spans 6 such that all ideal edge elements can be

represented by no sore than two linearly independent coefficients

(2. 2-7)

i s




P

for i = 1,2,

Note that this £otnulttian is intuitively satisfyiny in that ideal
edge elements are characterized by two indepeadent guantities, their
magnitude and directioan. 1 § 4 lﬁ and 12 acre octhonorsal, these

quantities can be easily obtained tto.,{l lld"z by

"magnitude" = (‘: + ‘:)’ (2. 2-8a)
11 ” ‘
orientation” = atan (_‘l) , (2. 2-8b)
2

A sore satisfying pro>f can be obtained by observiang ;lut all pnssible
discrete representatisas of non-ideal edge alesents can be obtained as
a linear combination >f H,, i, and other non-edje basis vectors to be
discussed. It has baea found hovever that for a > 2, the subsetd is
not unigue, but depeals upon the weighting function used to compute b,
and D,. Pigure 2 saoss exasples of such basis vectors for n = 2 aad
o = 3. MNote that what distinguishes the bases of fijures 2b, 2c aad
24 are the weights jivan to pixels as a function of distance froa the
separating boundary. ' This permits tuning of the edge operator to a
certain extent for tae detection of sharp or saooth esdges. It is now
possible to assess existing edge operators by projection of their
tesplates oato the bisis vectors found. One conclusion that caa be
drawn issediately is that any operator that sakes uss of sore than two
teaplates is computationally redundant because the excess teaplates
are linear combinations of two edge basis vectors. Conseguently, the
excess convolutions ace 1linearly dependant as well, and therefore

redundant. FPigure 3 saj>ws projections of the taamplatas of the Kirsch
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operator onto the basis vectors of figure 2. A more detailed study of
existing operators caa be made later, by observing that the teamplates
used are sometimes i linear coambination of !l' L Py and other non-edge
basis vectors to be 1iscussed. Pigure ¥ shows two comvolutions of a
test image (figure 93) with the basis vectors gl ani !2 of figures 4b
and 4c. EBdge detection could be done at this stage by thresholding

the magnitude of the prajection of B onto 5 shown in figure 44d.

Other Features: b3 edge detection opecator cam now be exteanded
to the detection of other image features of interest. An ideal line
elesent is defined in tae continuous image domain as a straight strip
of width apprcximately 3gual to one sampling interval, passing through
the centar of A, and of diffesrent average brightness '31 than its
surcround 'Fz (figure 1) . The ideal line elament is characterized by
its direction ¥, its magnitude TEI-FZI and its color defined as
sgn(31432). The discrete representation of all ideal line elements
foras another subset £ of5 , of dimension two, vhich shares only the
zero element withd . An intuitive set of tamplates for: shown in
figure 53 can be reducel to two line basis vectors J§ , and 14 and tvwo
point basis vectors i; and X Since ths latter do not have a
directional property, and since they span the space of all possible
discrete realizations of the Laplacian opecator <9>, it will be
assumed that 15 aﬁd_ﬂb span an independant point subset, vhereas the
line subspace of £ is spanned by §; and §,. It should be noted that

there exists an ambijuity in£ as to the color of lines, that can be

resolved by examination of the components in th2 point subspace.
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Figure 2,2-3. Projections of the Kirsch templates onto the edge subspaces
spanned by the bases of figure 2b, ¢, d respectively.
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(c) Convolution with W
(scaled)

(d) Magnitude of projection
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the edge subspace £

2

Figure 2.2-4., Original image, projections onto the basis vectors of

the edge subspace, and nagnitude of projection onto the
same subspace,
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rie basis can b2 extended to span the entire spacefS . The last
three basis vectors €auad are H, (average brightness) and 1,, 8g vhich
span a fifth subset, teatatively called a ridge subset which could be
seaningful in textuce analysis. Pigure 6 shows one coamplete
orthonormal basis for a = 3, axpanded from the a2dge basis vectors of
figura 2b. Figure 7 shiws tha convolutions of the image with each one

of these vectors (se2 also figure 4b and 4c).

It is now possible‘to define a feature vector f of dimension
smaller or egual to nz. wvhose coaponents are tha projections (%;.0) of
B onto the respectiva basis vectors above. For example, for n = 2 in

the expansion of the basis of Roberts gradient

BRI

1 2
P 0 0-1 .

0 1-1 1

| 1-1-1 1

Note that in this case there exists no poimt subspace in B , and the
line subspace has »>nly one dimension. Therefora2, the direction and

color of ideal lines caannot be resolved when n = 2.

In orler to incrzass computational spead, the magnitude function

is sometimes replaced by the sum of absolute values

"magnitude" = || + || (2. 2-10)

vhich can be in error by up to 41%. It has baen suggested that such
errors do not seriously affect the performance of edge detectors, but

it is easy to see that they give preference to certain orientationms.

(2.2-9)

s sl bl e ninediciuionaben |
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Figure 2.2-7. Convolutions of original image with basis vectors,
W3, W4, WS’ W(), W_,{, W8 (W1 and WZ' See figure 4b and 4c¢)
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Bxtensions: Sevaral properties of the feature transform are now
being actively explorai. Of particular intaorest are the magnitudes of
the projections of B onto the subspacesd ,£ ,¢ ,R . Pigures 4d and

8a, 8b, 8c shov these sagnitudes coaputed as

"magnitude" = (tiz + tjz)* _ (2.2-11)

for (i, = (1,2, (3,4, (5,6), (7,8). Since thess magnitudes are
indicative of the cespective contributions of ideal edge, point aand
ridge elements preseat within an actuaivilage sagmant, it appears that
a measure of confidence can be derived as a function that compares the
magnitudes of the projections of A onto the edg2 subspace 8 and the
non-edge subspaces £ ,¢ , R , respactively. Conversely, it is
conceivable that the threshold decision can b2 based upon the relative
magnitudes of the <coaponents, instead of using a fixed threshold
value. This is illustrated conceptually in figur2 14, vhere the
vector b, would be classified as an edge but not vactor b, although
b, has a larger proja2ction ontd> the edge subspac2, and would be
detected as an edja by conventional enhancemeant/threshold edge

detaection algorithas.

Next it is observeil that the magnitude imajes of figures 4a, B8a,
8b, and 8c reveal a complementary nature of th2 edja and, to a lesser
extent, ridge versus line, and point subspaces. An intuitive argument

for this observation is made by considering a nomn-ideal line of width

larger than one samplinj intecval. It is easy to sea that edge points
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will be Jdetected o0a each side of the lina. Convsrsely, lines and
points are detected 20 3ach sid2 of non-ideal alges, a fact that is
less apparent intuitivaly, but can be verified readily in the pictures
of figures u4d, 8a, 8o, and 8c, or by wmanual computation. This
observatioa suggests that contextual information supplied by the
remaining elements of tae feature vector £ can be used to eliminate
edges due to noise, as well as to thin and link edg2s or lines, since
any edge point is surcounded by lin2 points of siamilar orientation, as

vell as point elements, and vice-versa.

Conclusions: It is believed that the present feature transfors is

a povarful tool facr image analysis, and enables an objective
analytical evaluatioa of elga detectors. In addition to the
extensions mentioned 1ibove, it is also pointed out that the present
approach can be extenial immediately for n > 3. However, it appears
that arbitracry larja values >f n are not very desirable in teras of
computational load, because the contextual technigues outlined coulad

give similar results at a lover cost.
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2.3 Detection and Coliaj of Bdges using Directionmal Hasks

Guner S. Robinson

A nev image colianj systea is described, vwhich combines the

detection and coding >f visually significiant oigos fa natural images.
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Edg2s are defined as amplitude discontinuities between different

% regions of an imajs3. The edge latection system makes use of 3 x 3
‘ masks, which are well suited for digital isplem2ntation. Edge angles
i are gquantized to eijat equally spaced directions, suitable for chain é
i |
:: coding of contours. Us2 of an edge dirsction map improves the simple
| thresholding of grali2at mddulus images. The concept of 1local
? connectivity of the edg2 direction map is wuseful in improving the
f performance of edge oparators such as Kirsch anl Sobel operators. The

concepts of an ™elja activity index™ and a "locally adaptive

threshold"® iamprove pecformance even further.

Pirectional Mask Jperators: Two dimensional aask operators are

commonly used for filtering and enhancesmant <1,2>. Two dimensional

discrete differentiatiou can be performed by convolving the original

image wvwith the compass gradient masks shown in figure 1. The compass {
names indicate the sliopa direction of maxisum response, e€.9g. the
North gradient mask produces a saximusm output for vertical luminance
changes, i.e. for horizontal edges. The direction 5f this horizontal
edge could be from left to right or from right to left. 1In the
followinj, edge diractions corresponding to the eight compass
gradients are deterained such that the bright sile of the edge is
alvays to the left as one moves in the lirection of the edge. The

diractions of the 23ijes cocrresponding to the eight compass gradieat

ke

masks are also shown in figure 1. The numbers 0,1,....,7 are used for

the eight principal dicections in a2 3 x 3 grid, as shown in figure 2. ]

This notation is used ia order to be consistent with the Preeman chain
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Figure 2.3-2, The eight principal directions on a 3 X 3 grid.
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coding scheme <3, p.209> for subsequent chiin codiny of extracted

boundaries.

The Kirsch operator <18> can be thought as taking the output of
dne of the eight compass gradient masks shown in tha second coluan of
figure 1. The mask vaich produces the maximus output determines the
direction of the elja. The gradient image is obtained by taking the

magnitude of the output of that mask.

A simple set of coapass gradient masks can be formed by rotating

the differentiation sasks

. 1 0 -1

w =J0 0 O W =1 0 -1
x y

1 -1 -1 1 0 -1

given by Prewitt <1,p.108) , as shown in tha third column of figure 1.
These Jirectional 1aists are called three-level simple masks in order
to distinguish theam froam the five-level directional sasks which will
be given later. Tae two orthogonal masks, qx and ﬂy, which measure
the gradients in tha WNorth and West directions, approximate the
partial derivatives in the x-direction and y-direction, respectively.
Application of W, and ﬁy to an image results in spatial
differentiation in twd orthojonal directions. The jradient magnitude
and direction can ti3n be obtained by taking the magnitude and
direction cosines at 2ach point. An analog gradient picture results

vhen th2 gradient majaitudes are displayed as gray values.

i




Page 45

The Sobel operator <5,p.271) canm be thought as a3 combination of
tvo graliant masks, »djn0e in the \Morth and the other in tie East
direction. The outputs of these two masks approxisate the partial
derivative in their caspective directions. A jradient msodulus ismage
is obtained by takinj the asagnitude of the two orthogonal mask
outputs. The directija of the edge can also be determined from the

outputs of these two masks.

In the followinj a set of five-level siapl2 directional masks are
considered for obtaining tha analog gradient image and the edge
direction in a simple ainners These masks, called five-level simple
masks, assume five iat2ger weights between -2 and ¢+2., The five-level
simple compass gradi2ant masks are shown in tha fourth column of figure

1. The advantages of tae particular choice of weights are that:

(a) The two orthagonal masks

1 2 1 1 0 -1
hl‘== 0 0o o hdy'= 2 0 -2
1 -2 -1 1 0 -1

approximate th2 partial derivatives in the x-direction and

y-direction, respactively.

(b) The zero weights in the center of the wmasks result in

ignoring the transient line where an edge aight occur.

(c) Computing tha dutput of the first four wmasks is enough to

obtain both the analog gradient image and the edge direction map.




For example, if th2 result of the North mask is positive, then
the edge direction is "0" apd if it is negative, them the

direction is "4»,

(d) A defocusing speration can be performel on an image by using

a lov-pass mask such as

1
2
1

L

0 16

n
= N e
N N

vhich has integec ueights7éililsr to lx ani uy. This type o£1

defocusing mask could be. used for obtaining local threshold

values in edge iataction by simple dirasctional masks. Mask uo

has a better silelobe structure than the low-pass counterpart ib

of Hx and iy

i 31 13
1
) S (R |

vhich makes a sisple averaging operation of nine pixels in a
3 x 3 grid of aa ismage. It has been verified that uo, ux and ny
are members of a saven-lev2l ocrthogonal set of masks similar to

the set given by Prei and Chen <6>.

(e) Pive-level siample directional masks yizld a higher gradient
amplitude in taa diagonal direction than the horizontal or

vertical direction. It is knovn that the visual acuityu;in the
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horizontal and vartical directions 1is superior to the visual
acuity in the diajonal directions for a large range of spatial
frajuancies, aal it 1is conjectured that the basis of this
phenomenon lies in the retina and higher order visual pathways
<7,8>. : The dicactional masks of figure 1 can b2 compared in the
X-y dona{h defin21 by the partial derivative operators Hx and Hy.

For example, the direction and normsalizesd amplitude of the edge

corrasponding to tae Northwest diagonal mask is dascribed below:

Type of Mask Angle (Degrees) Amplitude
Prewitt 45 0,943
Kirsch 45 0,943
Three-level simple 45 0. 943
Five-level simple 45 1,067

This table shows tizat all four types of 1lirectional masks are
nonisotropic. Hovever only the five-level simple masks
compensate for tas lower visual acuity in the diagonal directioms
by weighting tae diagonal elements highar in the corresponding

masks.

(f) Tha structura ind integer weights of th2 siaple masks make
thea especially suitable for fast coaputation of gradient

magnitudes and diractions digitally.

Edge Detection System: The block diagram of the proposed edge

detection system is shown in figure 3. The application of the first
four simple masks to 3 3 x 3 grid surrounding a picture element gives
the gradient magnital2 and dircection. The gradient picture is

obtained by taking ta3 saximua gradient value at each point. The mask
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Figure 2.3-3, Block diagram of the proposed edge detection system.
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which yields the @saxisums gralient value letermines the direction of
the edge. The edge map is a two dimensional array of numbers which
tange between O anl 7. The threshold map can be obtained in various
vays. In general it is a two dimensional array wvhich is used in
determining whether tane gradient value is large enough to accept or
reject the presence >f in edge point. The presence of an edge is
determined by examiniang th2 gradient values, edge direction map and
the threshold map. If the edges in a 3 x 3 griil surrounding a point
satisfy the local conaectivity conditions depicted in figure 4, and if
they are above the thrashold set by fhe threshold map, then it |is
determinsd that thac2 is an edge point. A binary edge map is thus

generated at the output.

Figure 5 shows soa2 examples of analog gralient images. Pigure 6
shovs the importanca >f the three basic blocks of the edge detection
system for extractinj tae edgas in a picture o2f a toy tank. The
comparison of the rcesults with the results of the Kirsch and Sobel
operators shows that th2 use of the local connectivity and the locally
adaptive threshold is necessary to improve the extraction of visually
significiant edges. Fijure 7 shows the binary edge maps of twvo other
images using a fixed threshold equil to the average intensity of the

corresponding analog jradient images.

Edge Activity Inlac and Locally Adaptive Threshold: Examination

of the analog gradiaat images shown in figures S, 6 and 7 shows that,

a suitable fixed thrashold value would produce the edges directly.

However, it should be observel that some edges are very faint, while
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Figure 2.3-4. Local connectivity of edges on a 3 X 3 grid.
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Figure 2.3 -5, Some examples of Analog Gradient Images.
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Figure 2,3-6. Performance of the Edge Detection System
using five-level simple directional masks.
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(b)

Performance of the Edge Detection system
using directional Kirsch masks and a fixed

threshold.

Figure 2,3-7.
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some are strouger. If the threshold is too low, too many edge points

are obtained and if th3 threshold is too high, then sose significiant

edges ara lost. This suggest that isproveameant of ths analog gradiemt

image and the use of a local threshold is necessary.

The improvement >f the analog gradient imaje caa be obtained by
the use of the eljes activity index EAI defined as the ratio of the é
maxisum gradient magnitude at an image point to the average nmagnitude ;
of gradients in eight compass directions. If the eight directiomal

gradient values at a pixel (i,]j) are YoeYyeeoeeYy s then %

uu{lyklp k = 0,1,...,7}

L |

k=0

EAI =

‘? could sacrve as an objactive measure of busyness on a 3 x 3 grid of an
image. If the BAI is greater than a thresholl, i.e. if the edge
activity is considerably superior in the direction of the maximum
gradient, then the msaxisua gJradient value is taken, otherwvise the
gradient value is set t)> zero. This operation results in a sharper a
histogram for the analog gradient image. It has been experimentally
verified that the graiiaant image has a Rayleigh-like distribution.
The histogram is vary peaked for a large class of natural grey tone
images. The shape of the histogram does not chinge for various types

of Jdiractional wmascs. A sisple value for a fixel threshold value in

edge detection is th: m2an intemsity of the gralient image. In the ]
exasples edge wmaps jenerated with fixed threshold are obtained using

the mean intensity as tie threshold on the corresponding gradient é
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image, in additiose to tae local connectivity tests on the
corresponding edge 1irection nmap. Another choice of the £fixed
threshold can be obtained by integrating the histogras starting froa

the high intensities, since the edges have high intensity values 1in

the gradient image. %ore and more edge points can be added inm order
to attain 1 fixed nuapec of edge points in the resultant binary edge

map.

A locally adaptive threshold has been obtained by comsparing the
analog gradient image with a blurred version of the original image,
vhich is obtained by a 1low-pass operation on the image. The

particular lovw pass operation can be performel by the mask M Thus

0.
the locally adaptive threshold has been defined as

Mu[l&'. k-O.l....,‘l} .
Output of the lowpass filter Mo at pixel (i, j)

LAT =

Pigure 6 shows the rasult of the use of a locally adaptive threshold

on the toy tank.

Codinj: Preliminary results show that the transsmission of edges

extracted using cospass gradient w=msasks wmay be enough for some low

leval applications. FPor more sophisticated applications, a siample

grey tone image caa be generatad by traasmitting a reduced size

version of the original image. The size reduction is obtained by

successirve size halving of the input isage by averaging four

neighboring picture 2lesents on twvo lines. The reduced size image
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(32 x 32 or E4 x 54 for exasple) cam oe codad by standard
tvo-dimensional codiny technigjues. At the receiver & full size
blurred image is €foraed by successive lin2ar interpolation. The
superposition of tha 2djes with this gray tona image is expected to
gJive more visual inforaation than just an edge idage, while providing
a good data rate redustion. Investigation of efficisnt coding methods
as wvwell as receivacr interpolation of edge intensities is presently

under way.
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2.4 Color BEdge Detection

Guner S. Robinson

Color images may ba described gquantitatively at each pixel by a
set of three tristiaulus values which are proportiosmal to the amount
of ced, green, and blue primary lights required to match the pixel
color. The red, graan and blue components may be transformed by some
linear or nonlinear iavartible function to gquantities which are wmore
suitable for efficiant transsission, color percaption, redundancy
reduction, edge extraction, etc. <1>. The N¥.T.S.C. transaission
color coordinates Y, [ and Q are obtained froa the tristiasulus color
components by a linear transforaation. The Y conpbnant, which is a
veighted sum of the tristisulus values, is a mseasura of the luainance
of the color. The I and Q components jointly Jdescribe the hue and

saturation of the imaje.
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Several definitions of color edges are possible, depending on the
choice »>f the color ciordinite systeam. In monochrome images an edge

is defined as a 1discontinuity in the brightness function. A

; : generalization of tais definition would be possible by defining a

discontinuity in the three-dimensional vector space 3efined by R, G, B

or other color cobrdinates obtained from R, G, B by a lirear or

nonlineac transformatioan. For 2xample an adg2 in a color image could
be defined as a discontinuity in the luminance component, ignoring the
discontinuities in I anl Q in regions of constant luminance. Then the
color edga detection problem raduces to the case of monochrome edge
detection. It is known that the red, green ani blue components of an
image are highly correlated. The transforaation which gives the
N.T.S.C. color transaission coordinates partially removes this
corcelation., i.e. the Y, I, Q components ara still partially
correlatal. A seconl approach to tha color eige detection problem
involves use of the Karhunen-Loeve transformation to decorrelate the
color cosponents. Elje detection is than performed on the individual
principal coamponents >f the particular image. Still another approach
is to perfora the edge detection operation on each comsponent of the
color space and coisbine the elges suitably, depending on the
definition of the color coordinates. This approach thean reduces the
problem of color edje detection to repetition of the monochrome edge
detaction scheme for all three components. The U V W and L a b color
. coordinate systeas :>ould also> be used for color edge detectiom since

they posses a ametric color difference sensitivity to a good

approximation, while tha R, G, B space does not <1>,




Page 59

In order to substaatiate tha above ideas and conjectures, various
color components have been computed using the ra2d, green and blue

components of a 256 x 256 color image shown in figura 1. The sets of

color coaponents that vwere considered are: principal components
919293, Y IQ, L a b, aad 616263. The componants Gl'Gz and 63 are
obtained using the model of the human visual system developed by Frei
<2>. Pigures 2 to 5 3adw the various componeants, which are scaled to
have the same ranja »>f values, 0-255, for display. The percentage
energy each component represeants is given in Table 1. The normalized

covariance matrix >f the red, green and blus cosponents of the girl

picture is

1. 000 0.221 0.172
CR, G,B = ]10.221 1. 000 0. 228
0.172 . 0,228 1. 000

The principal componzats have beaen obtained usiag the above covariance

matrix.

Experimental Rasults for Color Bdge Detection: BExperisental

results in the edge detection are coafined to tha directional mask
edge extraction algocitam <3>.: The i1irectional mask edge extraction
algoriths wvas appliad to each compoaent separately. The binary edge

saps vere generated by asing local connectivity and a fixed threshold.

The threshold in each case was the mean fintensity of the analog

gradient picture. Tas color edje vas obtained simply by comparing the




Figure 2.4-1. Red, Green and Blue Components of a
Color Image.



Color Component

Q=

Table 1.

Range of Values

(min-max)
56.0 255.0

3.0 245, 0
43,0 219.0
59.2 400.0
-91.4 60,4
24,7 101, 2
25.9 241.6
14.9 88.0
25,8 66,0
38.2 98.0
- 104 61.0
-30.9 34,3
.0 118.0
-17.5 1. 76
Lo 2089 6. 05

Energy Content

(%)

37.6
43.8
18.6

90. 6
8.4

0.8

89.2
10.3
0. 5

82,1
16.8
1.1

96.9
2.9

0.2

The range of values and the percentage energy
content of various color components.
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Figure 2.4 -2,

Principal Components of a Color Image.
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Figure 2,4-3, N.,T.S.C. Color Transmission
Components of a Color Image.




Figure 2.4-4, L,a,b, Components of a Color Image.
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tveaty four gradient values in three components and eight directions.
b The gradient that gives the maximum value at a pixel thus detersines

the direction of the adje, whether it is dua to a discontinuity in the

first, second or the third color cosponeat. Pigure _6 sho¥s some

exauples of gradient images of color componeants and figures 7 and 8

illustrate exaaples d2f the color edge extraction algoriths.

Comparison of Coloc Coordinates: Visual examination of the color |

components shown in figures 2 to 5 shows that the conjectures that
vere made in the selection of five sets of =solor coordinates are
basically correct. Taa percentage energy each component represeants
is, in general, indicative of the edge activity in that component.
The principal componeats d> not have a physical meaning in teras of
the perception of colors. However, the first principal component is a
weighted sum of the tristimulus values, and therefor2, is a measure of 7
the brightness of th: image similar to the Y ani L coaponents. The
first principal cosponent has the most emargy content, which is most
likely due to the sharpar amplitude discontinuities. 1In the case of
the L a b components, "L" reflects the brightness of the image, the
values of nan ani npon reflect the redness-greenness and

yellowness-blueness >f the image, respectivaly.

Objective measurss in addition to the subjactive evaluation are

necessary for compariagy color components for suitability for edge

extraction. The edy2 activity index EAI could be used as an objective

measure of edge busynass in an image <3>. If the edge direction

angles at a point (i,j) are quantized to eight compass directions, the
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Figure 2.4-7. Edges detected in the RGB color space and comparison
with edge maps obtained in the R, G and B components
separately, using directional Kirsch masks.
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EAI provides a nmeisure of the superiority of the saximum gradieamt
direction to the gralieats in the other seven coapass directions. It
the valuas of BAI acra coamputed on the edgs positions throughout the
image, then the mean and the variamce of the BAI is expected to be
indicative of the elj» activity in that image. The study of the edge
activity index as an objective seasure in cosparing the above five

sets of color componeats is presently under way.
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2.5 Hueckel Color Bdge Jetector

Ram Nevatia

A coamon operation performed on images is that of edge detection.
Edges are defined as a discontinuity in some isage attribute, usually
luminanca. Boundarias between two objects are oftan accompanied by a
discontinuity 4in luaiaance. In color imajes diffarent objects may
have different colors and it seems useful ¢to 1look for color
discontinuities or coloc edges. This paper provides a definitiom of a

color edge as a generalization >f the Hueckael 2ige operator <1-2>, and
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a techaigue for its computation. Sose experimental results are

presented.

Representation of a Color Image: A digital image is described by

a function, say I(x,y), defined at chosen grid poiats of the image.
Por a grey level (achromatic) isage, the fuactioa I is scalar valued;
its value being tha luminancs of the image at a cotiaiu point. Por
color images, three valaes must be specified at each point, i.e. the

function I is vector valued and has three coaponents.

A common choice for the three cosponents of I is the Red, Green
and Blue (R,G,B) coaponents of a scene viewed through red, green and
blue filters. The R, G and B cosponeats caas ba transforsed to other
quantitias, more <clasaly assidciated with human visual sensations of
color, such as brightness, hue and saturation. ‘The choice of

components for represaating color is discussel later.

Definition of a color Edge: An edge in an achromatic image is

defined by a discontinuity in the luminanca function, I. The precise
definition of a discontinuity varies with the different edge
Jperators. To detecrsine an edge in a color image, a definition for
discontinuity in a tacas-dimensional color space is required. The
simplest scheme is pachaps to compute edg2s in the three color
components separately and determine an edge in the color image if
certain relations between edges in individual coaponents are
satisfi2l. This paper lescribes a technigque in which a constraint is
imposed before the compatation of individual eiges. This approach is
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based on an edge operatd>r developed by Hueckel <2> for a single, grey

level image which is ficrst described briefly.

‘ The Hueckel operatd>r determines tha presence of an edgye in a

circular neighborhood by fitting an optimal st2p to the input signal.

An ideal edye step is 12fined to have a step or 1line profile in
amplitude, this profile being constant along a straight line in the ;
signal window. The edge is characterized by the position and |
orientation o of this line, and six other parameters vhich detersine
the amplitude and the profile of the edge (for details, see <2>).
dueckel's method dataraines the parametars of the edge step that

satches best with tha image in a given neighborhood.

The matching is sisplified by expanding both the input signal and
an ideal step into ta2 first eight elements of a series of orthogonal |
functions. Let the cdafficients of expansion be a, and s, for |8

0 <i<7. VbNote that the s, are paraseterized by tha edge parameters.

Optimal edge parameta2cs are found by minimizing

7
N? =Z (a, - ai)z (2.5-1)
=0

It is shown in <2> that the optimal value for the edjs direction a can

be determined indepenient of the other edge parametars as a function
of coefficients a . TIna remaining edge paramatars are then cosputed

separately. An edjs is said to be present if the amplitude of the

step with the best (fit is sufficiently 1large 1nd the fit |{is

sufficiently good (¥ is small compared to the step amplitude).
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To extend this concept of an edge to a color edge, an optimal
step in the vector color space is defimed first. Let a step in the
color space have thr2a componants SR! sc;and Sy in the three color

components, and let tne corresponding degreas of fit be 'R' "G and !B'

vhere - :
Ny -3 (a; - op)° (2. 5-2) |
i=0 |
Similar aguations exist for l(}ana 'B' Now, an optimal step in color
space is defined by detarmining SR! SG and SB such that i
N - Ngz + NGZ + an (2.5-3)

is ainimizad. If tae three séép components ara allowed ¢to be

indepenient, then ainimizing ® in 3g.(3) is equivalent to minimizing

the three components separately.

To siaplify the optimizatioa the three components are allowved to
be independent, excapt that the spatial angles are constrained to be

Jnce an optimal step with this

identical (i.e. =q

a,=a )
R G B
constraint is obtaineil, a decision process for judging the presence of

an edge is needed. TIhs decision may be based on the degree of fit,

determined by N, anl 3 veijhted suam of the sjuares of amplitudes of
the steps in the thr22 components, analagous to the achromatic image

case. ; .

Alternatively, taoe presenca of edges in tha three components may

be determined separataly from components of the optimal step above.

Presence of an edja in the color image asay now be based on

M
- - " i o it et ol PR i b0 il ‘.A:‘m.—_w
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crelationships between tne edges in the three cosponents. Experimental

results using two typzs of relations are prasented later.

Computation of a C>lor Eiga: An expressiorn for N, defined in

eg.(3) can be easily generated from expressions for individual
components (followiny ej. (12) in <2>). Prom this expression, it turms
out that the angla a can still be chosen iniepandent of other edge
parameters (see Appeniix 1). The remaining edgs parameters may now be

computed exactly as for the black and white imajes.

Computing the optimal value of a reqguires the solution of an
eighth orler polynomial. As an approximation, a can be determimned as
a weighted average (v2ighted by the step amplitudes) of the optimal
angles of steps in the three components, deterained separately. This

is the method used for the results presented later.

In summary, an »>Jptimal step in color space is computed as
followvs. First, optizal steps are computed for the three components
separately. A common anjle is determined by a weighted average of the
three angles. Usiny this neawv angle, ths other edge parameters are
recomputed, each compon2nt being treated independently again. Also
nev values for qR' ’G and RB are obtained. The resulting edge
parameters are taken t> lefine an optimal step in the color space.
Next, the presence of edges in ths three componants of this optimal

step is detected sepacrately. Relationships between these edges are

used to infer the prasance of cilor edges as described below.
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Experimental Results: Pijures l1a, 1b and 1- show the R, G and B

components of a color picture of a girl, an SMPTE (Society of Motion
Pictures and Television Bngineers) test picture. Pijures 2a and 2b
show the color edjas obtained by computing an optimal step in color
space as described earliesr. Pijure 2a shows tha edges that occur in
at least two coaplrasats of the color stap (the displayed edges are
those occaring in the strongest component). Figure 2b shows edges
occurring in all thre2 components. These rasults may be compared wvwith
the edgas obtained froa an achromatic image derived from the color

girl image and shown in figure 2c.

The edges shown in figure 2a contain fawer undesired edges.
However, some desired edges may be lost because of the strict
requiremant of the prasance of edges in all thrae cosponents. Pigure
2b contains a largsc number of edges, filling in some of the gaps in

figure 2a.

The number of components occurring im a color edge may be
considered as a measure of the confidence or prominence of the edge.
In subsequent processinj only edges present in 1ll three cosponents
may be processed initially. Edges with fewer components may then be
used to fill in as analysis proceeds and more context becomes

available.

Another approach is to accept a1 color edge if an edge is present
in any of its <color cospdnents. The color edge is further
charactecized by the Soaponents in which edges are present. This

description is used ia further processing of tha edge data.




(a) "R'" component (b) "G" component

(c) "B" component

Figure 2.5-1. Three components of a color picture
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A comaon step in the processing of an imaga is to link the 1local
edges ianto longer sejaents. One techanigque of linking edges into
nearly straight line sagments is described iao <3>. It is also
suggested there that the elongated segments are often useful in
isolating the edges balanging to object boundaries. Only mneighboring
edges having orientations within specified lisits of each other are
linked. Purther, only edge segments that contain at least a certain

ainimua auamber of edje elements are preserved.

The description of a color edge as defined abova allows further
constraints to be iapised on linking of two eiges. The two edges to
be linked are required to have compatible color characteristics. Two
edges are defined to be color compatible, if the color components in
vhich ona 2dge occurs are the same as, or a subset of, the components
in wvhich the other edje occurs. Pigure 24 shovs the result of linking
edges obtained from the girl picture with this additional coastraiat
and using the nmetadd described in <3>. Only segments comnsisting of
mora than five edge elaaents are shown. AJain, 1linking with tight
constraints may be usel to obtain boundary segmants initially. These
constraints may then ba relaxed based on th2 additional context

available now.

Choice of Color cd>>cdinates: The edge detaction scheme described

above is applicable to any image where each pixel is described by
three nuabers. The conventional R, G and B coaponents of an image
vere usel for the results presented in the previous section. These

components do not correspond directly to the human perceived color
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attributas of an iaaje. dusan perception of color is normally
describel by the attributes of brightness, hue and saturation. The R,
G and B components can be transformed to give these attributes. Rdges
obtained in the transfocmed space have more intuitive meaning and smay
be easier to use in further processing. e.j3. it may be useful to

extract adges differinj in hua only.

Edge detection etpariments, similar to those dascribed for the
R,6 and B components, were performed in a transformed color space
using a transformation based o5n a model of humsan visual systea
developed by Frei <(i>. The transformed space contains a luaminance
component and two chromaticity coaponents.  The chromaticity
components are claisal to be independent of the luminance for a wide
range. The three coaponents were scaled to have the same range of
values. The results asbtained are comparable to those of figures 2a,
2b and 23. However, nare the chromaticity edges are separated froa

the luminance edges and the linking of edges can be mdre selective.

Conclusions: An Jptimal step in color space that ‘allows the steps
in the three componeats to be combined in wusaful ways has been
defined. Some altecrnatives for combining the coaponents vere
discussed and experiaszntal results presanteil, An important issue
requiring further exparimental investigation is the choice of color

space used to represent an image.

Acknovledgements: The definition of optimal color step presented

here was suggested to the author by Dr. T.0. Binford. W.D. Miller
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helped with the early analytical aad prograsming work. Dr. ¥W. Prei

provided much useful information on the choice of color coordinates.

Appeadix 1

In veference <2»>, Hueckel presents a formula, eg.(12), for ]
computing W (for aa achrosatic image) which may be abbreviated as

follovws
N =fl(a) + lz(a) + ts(v) (2.5-4)

vhere fl is a functio’a >f the coefficients ai, tz is a function of a

.
only and £, is a function of vector y containing all the edge
parameters. It is saowa in <2> that f, is always aqual to zero at the
optimal solutiorn point, and that to wminimize W, a may be chosen

independent of other parameters in y.

For the color case it is necessary to minisize
.2— ;
e () + 55 ) (2. 5-5)
J=R,G,B

Differentiation with crespect to a yields an eighth order polynomial in
cos(@). After & is coaputed, other parameters of dpo ,!,Gand X gcan be

computed separately as for the case of black ani white images.
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2.6 BRecursive Estimator for the Determination of Boundaries

Nasser E. Nahi aad Simoa Lopez-Nora

The purpose of tiis research is to devalop recursive algorithas
for the estimation of boundaries of objects in nmoisy pictures. The
available information is assumed to be limited to the statistics of

the object boundary foraground and background.

The scanned picture is represented by

o) = k) o (k) + (1-A(K))a, (k) (2.6-1)

for k = 1,....!2 vhera ¥ is the number of lines in the picture, s, and
sy denote the intensity values >f object and background, assumed to be
sample functions of two statistically indapenlent, <cyclo-stationary
randoa segjuences whasa first two moments ara available, and ) is a
binary valued functiocoa taking values of 1 or 0 corresponding to points

of the image belonjinj to the object or the background respectively.

The domains of Soe Sy and ) correspond to the entire picture.
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A set of observatioans
yk) = s(k) + v(k) . (2.6-2)

is assumal, vith s(k) as defined imn eg. (1) and v(k) representing a

2ero mean Gaussian white noise seguence of variance oz.

The dynamic systes chosen to represent A(k) is jivean by

(;)H-l) A(i) (i)(l) + B(i) “l @) (2.6-3a)

ANk) =.5{1+ sign (-- % @)+ w) - c - TRI(K - 31)- o))} (2. 6-3b)
15 (- 1)N+1SKSINS N>
vhere,
1 i£ts>0
sign (2) = O ifs=0 (2. 6-4a)
-1 ifs<0
4c N
Cét—g ¢ .~ s3<0
& N
TRI(s) = o z (2. 6-4b)
c-N* if 0% g s’%
TRI(s + N) = TR1(s) for all s (2. 6-4c¢)

for ¢ > 0. It is shown that this nonlinear asodel represents the
statistics of \ , waere w(i) is the variation of the objoci width at
line i about its mean v, :(:l.) is the deviation of the vidth center
from its mean S (measured from the middle of the picture), A(i), B(i)

T
are matrices of appropriate dimensions, and g = (9; ,u5) is a zero




mean white Gaussian saguence of unit covariance.

When dynamic modals representing the statistics of the object and
| the background are aijoined to e3.(3) it is possible to formulate a

| nonlinear sinimsum meaa sjuare ercor estimation probles for which the

sethod introduced by WNahi and MNaraghi <1> can be implemented. To
illustrate the perfocsaace of the estisator, 3 bimary picture with an
object inteansity of uaity and a background inteasity of zero has been

used. The paraseters for the diamond shape im 2q.(3) were calculated

as
. 998 0
0 . 998
99 0
B{) = (2. 6-5b) .
0 81

with ¥ =65, F=0,9 =25 andc=1. To siajle oat the bDoundary
estisation itself, s (¢c) = 1 aad s, (k) = 0 have been used. JNote that
¥ = 0 corrasponds to >bjects that should be ceatered, sven though the
original picture is adt. Pigure 'a shows the observation sequence
vhen Gaussian noise of standard deviatioa 0.5 his besn added to the
original picture whosa object inteasity is usity aad with backgrouamd
intensity zero while fijure 1c shovs the estimated (brighter trace)
and original boundacias. Similar results for the case of Gaussian

noise with variance 4 appear in figures 1b and 14.

Purther work is inlarway t> generalize these results to wmore




{

(a) Noisy observation, o 5

(c) Estimated and original

(d) Estimated and original
boundaries

boundaries

Figure 2.6-1Recursive estimator for boundaries.
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complex shaped objects possessing multiple gray levels.
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2.7 Pigure of Merit for BEdge Location
William K. Pratt

Relatively few studies of edge detector perforsance bhkave been
reported in the literature <1,2>, A perfrrmance evaluation is
difficult because of the large number of proposed methods,
difficulties in detaraining the best parametars 1ssociated with each

technique, and the lack of definitive performance criteria.

In leveloping pacformanca criteria for an esdge detector, it is
vise to distinguish between mandatory and auxiliary information to be
obtained from the detactor. Obviously, it is absolutely essential to
deteramine the pixel 1location of an edge. Other information of
interest includes the height and slope angle of the edge as wvell as
its spatial orientation. Another useful itea is a confidence factor
associated wvith the 3igs decision, for example, the closemess of fit
between actual image iata and an idealized edge model. Unfortunately,

fev edge detectors provide this full gamut of information.
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There are threa wmajor types of arror associated vith
determination of aa 3dge location: (a), missing valid edge points;
(b), non-localized elje points; (c), impropar classification of noise
pulses as edge points. Figure 1 illustrates a typical edge segment in
a digital image, an ideal edge reprasantation, and edge

representations subject to various types of error.

A common stratejy ia signal detection problems is to establish
some bound on the probability of false detection resulting from noise,
and then attempt to maximize the probability of true signal detection.
Bxtendingy this concapt to edge detection simply involves the setting
of the edge detection threshold at 1 level such that the probability
of .false detection rasulting fros noise alone does not exceed some
desired value. The probability of true edge detection can be readily
evaluated by a coincilence comparison of the edje maps of an ideal and
an actual edge detector. The penalty for non-localized edges is
somevhat wmore difficult to assess. BRdge detectors which provide a
sseared edge location saould clearly be penalized, however, credit
should be given to edje detectors wvhose edge locations are localized

but biased by a small asount.

An edge location figure of merit for digital images has been
developed. The figure of merit is defined as

I\

vhere IN- “‘(1101,2 and I

I and ;A represent the nuaber of ideal and
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(a) IMAGE SEGMENT
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Figure 2.7-1. Indications of edge location.
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actual edge map points, a is a scaling comstant and 4 is the
separation distance >f an actual edge point norsal t> a line of ideal
edge points. The rating factor is normalizel so that R = 1.0 for a
perfectly detected edye. The scaling factor o may be adjusted to
penalize edges wvhich acre localized but offset from the true position.
Normalization by the aacximum of the actual and ideal number of edge
points insures a panalty for sseared or fragmeanted edges. As an
example of performanca, if a = 1/9, the rating of a vertical detected

edge offset by omn2 pixel is set at R = 0.90, and a tvwo pixel offset

gives a rating of R = 0.69. With a = 1/79, a sseared edge of three
pixels width centered about the true vertical edge yields a rating of
R = 0.93 and a five pix2l wide smeared edge givas R = 0.84. A higher
rating for a ssearad edge than for an 2ffset adge is reasonable

because it is possibla to thin the smeared edge by post-processing.

Some edge detectors provide an indication of edge height, slope
angle, and orientation. Por these detactors, it is useful to
detarmin3 the mean sjaace deviation in these guantities froa their
true values averagel over all true edge points which are coincident

with detected edge points.

The performance 3valuation methodology described above has been
applied to the assassaent of edge detection technigues using a test
image consisting of a2 64 x 64 pixel array over a 0 to 255 aamplitude
range vith a vertically oriented edge of variable contrast and slope
placed at its centar. Independent Gaussian noise of standard

deviation o: has b331 added to tha edj» imag3, and the resultaat
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pixture has been clippel to the maximum display 1limits (0 to 255).
The signal-to-noise ratio is defined as

(2.7-2)

vhere b is the edge height.

Since the purposa of the testing is to compare the performance of
various edge detectioa =methods, for fairness, it is important that
each edge detector be tuned to its best capabilities. Conseguently,
each edge detector is permitted to trainm both on ramdom noise fields
without edges and the actual test images prior to evaluation. Por
each edge detector the threshold parameter is set to achieve the
maximum figure of a2rit subject to the maximua allowvable false

detection rate.

Pigure 2a contaias a plot of the figure of merit as a function of
signal-to-noise ratio for several edge detectors. The figure of merit
is plotted as a function of edge width in figura 2b. The figures of
merit gena2rally follow expected trenis: low for low contrast, vide,
noisy edges; and hija in the opposite case. Some of the edge
detection methods ace universally superior to others for all test

images.

As a check on th2 subjective validity of tae edge location figure
of merit, figures 3 and 4 present the edge location maps obtained for
several tast images for high and lowv ranking eije detectors. These

figures tend to corroborate the utility of the figure of merit. A
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Figure 2,7-3, Edge location performance of Sobel edge detector as a

function of signal-to-noise ratio. h=25,w=1.
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Figure 2.7-4, Edge location performance of several edge detectors for
SNR=10, h=13, w=1.
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high figure of merit jenerally corresponds to 1 well located edge upon

visual analysis and vica versa.
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2.8 Bxtraction of Prosinent Peatures from Aerial Photographs

Lee W. HMartin and Ram Nevatia

The identification of "prominent features" in an image yields
guideposts for furthar processing. Prominent features are those that
correspond to areas dof interest for scene analysis, and are likely to
exhibit some global propertiss. For exaaple, the features may
correspond to partial boundaries and be used to 1lirect the scene

segmentation process.

Ths attributes of a useful feature are, in general, unknown. The
ideas upon which to base feature extraction ars founded on human
observations of scemds aad, as is preseatly the case, the human

observer is the final acbiter of what constitutes proainent features.
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In this report f£3atures use2ful for making correspondences betwaen
tvo images of the same 3cene for image registration or stereo matching
are considered. This approach is an alternmativa to previously used
techniques of bul¢ area correlation wvhich are very expensive
computationally <1>. Extraction of some prominent features will
significantly reduce the number of eleaments to be searched for

correspondences. Soa3 criteria for detsrmining features are:

(a) relative iavariance wunder slightly dissimilar imaging

conditions and saall perspective changes.
(b) reproducibility of the feature.

(c) uniqueness or at least the set of features which have coamon
.attributes should be small, to be usefaul in complement image

matching.

(d) correspondence with areas of interest in the image, e.g.

object boundarias.

This section describes a technique for extracting features
derived from edge data. The features are called eigs segments. Local
edges consist of links satisfying certain relationships of proximity
and orientation. L>ng edge segments often correspond to object
boundaries <2>. Such eige segments satisfy the criteria above, to a
degree, and are prosinent in the sense that a human observer is likely

to note them in describing the scene. A brief Adescription of the

program operation follows.
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A Hueckel <3> el e operator processes the antire image returning

edge data on positioa, orientation, and type. Edges are typed

depending upon wvhether the discontinuity wvithin the view area of the

operator is most 1lik3: a step (S); a line (L); or unclassifiable as
| i either (U). The distinctions are described bri2fly below (for more

h. detail refer to <3>).

S —

The view area of the edge operator is guasi-circular, and in the
id2alized circle a stap (S) changes from some averaga brightness b, to
a second value by, only tvwo average brightnesses are considered in the

! disk; a line (L) occurs vhen there is a change froa bl to b2 and back

to b; within the disk. The unclassifiable typ2 results from edges

which cannot be typed as being an S edge or an L edge. |

The edgye data obtained is operated upon by a program described in

<2>. Bciefly, edge points wvhich have an orientation along a given
direction (with a givan angular tolerance) are considered. Edges
vhich satisfy certaia proximity relations are 1linked into edge i’
segments. These edge sagments are ordered sets of edge points vwhich {
denote connectivity batween adjacent edge elements. Only segments
vhich contain more taaan n links (here, n > 5) are retained. This
process is repeated for several angles ovar the entire range of

directions in small steps (e.g. here, every 10 degrees).

In the present projram, linking is performad on any of the three

typed edge sets or coabinations thereof to create edge segaments.

Pigure 1 shows the dijitized image wvhich is 256 x 256 and figure 2

illustrates typical results. The total number of step edge points is




Figure 2.8-1,

Digital aerial image
(Resolution 256 X 256)
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shown in fijure 2a. The linked segments which result are shown in
figure 2b. Similar ra3sults are shown for line adges in figures 2c and
2d. No obviously prosinant edga2s were observad by 1linking over the
unclassified edge points by themselves, however, when the step and
unclassifiable edges were unioned and linked some boundary

discontinuities were cl>sed.

The linked eljs segaents are features vith direction
(orientation), locatioan, size, shape, and position. Note the effects
vhich occur in going froa the data set of figura 2a, the edge points,
to that of figure 2b, the edge segments (similarly for figures 2c and
2d). The edge points which are retained in edge segmants correspond
to the delineation of some of the prominent features, e.g. outlining
sose river and lakeshd>ra areas, as well as much of the highway in the
left part of the picture of figure 2b. The linking of line edges in
figure 2d indicates the presence of line type faatures (the highway is
picked up as both a1 step edge and a line edge dapending upon the

placement of the edge operator).

Even though noisa obliterates some segments that a huasan
observes, the prominent features are still easily recognizable. This
processing is only expected to jive features that suggest possible
object boundaries. Also important is the radaction of the number of
elesents being consideced. Not only have approximately 35% to 50% of
the edges been rejected for failure to meet linking criteria, but
those retained are in sats of eige points. The search space using

edge segmants contiins consilerably fewer elements. Note that a

PERCE
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majority of edges which occur due to texture are elisinated. The
edges ian textured cegions have random orientations and do not foras

sufficiently long conasected segments.

Thus it can be saea that features have beean obtained which are
prominent in some sease, and vhich also satisfy our criteria (to a
degree). In addition, sost texture edges are filtered out. Third,
areas of the 1image wvhere further processing might be more fruitful
have been identified. PFourth, the original data set of oriented edges
has been changed and reduced to a set of edge segments vhich contain

information of a mora jlobal nature.

Finally, the edgas segments yield areas froa which correspondences
between two images can be generated, based on some nmeasure of
"sameness", e.g. corcelation of segments Dpased on direction,
location, size, etc. Spatial relationships between edge segments will

further reduce the ambijuity in matching of features in two images.

This program has created features by linking edjes along angles
to form basically straight line sgqlents.aiang the central angle. In
figures 2b and 24 interz2ngle links 10 not exist, even though they
appear to exist., The eye creates the illusion of interangle linking.
This first step has considerably reduced th2 nuaber >f elements to be
consider2d for furthar processing. The next step is to link the edge
segments from different angles that intersect. Such 1linking will
create larger edge sa2jsents. The threshold for number of edge points
could be increased to eliminate some smallar segments. Thus edges

that 1link over enouga 2dge points over ome anjls but never linmk up to
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anything else would be eliminated. This will result in further
reduction in the nuaber of features without eliminating the iamportant

ones.
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2.9 Clustering for Imaye Segmentation

Harry C. Andravs

This report should be viawed as a broad research outline for an
approach to automatic isage segmentation. The technique is based upon
methodologies wvwhich have proven successful in the past in the
companion fields of pattern recognition 2anl1 sigaal processing of
images. Specifically the approach suggastel here involves a
mathematically generilized method to accept features or attributes of
potential seyments, to computationally select the best reducea set of
attributas or featucas for successful sejmantation, and then to

subseguently attempt hardvare simplification for ultimate
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implementation at the sensor end of an image acquisition system. The

generalization of this segmentation smethod will allovw subsequent |

addition of featuras lefined by new operators (as they are invented)
without changing the sajsentation technique. This then will allow a
quantitative methodolojy for evaluating nev attributes as they come
along while correspoaiingly improving the segmentation results withoat

need of molification >f the segmentation procedure.

Before developinj tne specifics of the proposed segmentation
procedure, it is useful to describe the placement of this technique
within the heterarcaial formalisa of USC's approach to image

understanding. Essaatially the image sagmeator is considered a

preprocessor to the iatarpretation element of the imaje understanding

which initially opacates as a bottos up processor accumulating

evidence as to proper sagmentation as it progresses. This is not to
say that it will not be responsive to feedback froa the higher level
vorld models and intarpretation phases, for in fact this feedback will
aid in the optimization of the reduction of necessary features for

effective segmentatioan..

Pinally one peripheral application of a successful image
segmentation procedaca consists of novel image coding methods. These

methods would fall into> the category of "image synthesis via image

analysis,"” the imaje analysis being automatic szjmentation. As a
simple example consider a segment which has a property vector im N
space in which (for siaplicity) each property coordinate is guantized

to 5 bits. This implies a total of 32 different textures, 32
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intensities, 32 possible means, 32 potential variance values, etc.
Thus with 5 bits per property and ¥ properties per sagment, it may be
possible to obtain vary large bandvwidth reductions through combination
of the attributes of sejaents vith segmentation boundaries. Clearly

these possibilities neel to be investigated.

Property-Attribate Vector: The philosophy of "clustering for

image sagmentation" is to describe arbitrary possibly overlapping
regions of an image by 1 vector of attributes or properties which
humans feel would b2 useful descriptors to differentiate between
segments., Because of the 1lack of complete understanding of how
segmentation occurs, the property vector will probably be
overspecified with 21ijanly redundant attributes or coordinmates.
Hovever this is to ba expectel since a "significant™ feature selection
operation will follow the property vector definition. Before
describing the feature selection and dimeasionality reduction aspects
of automatic image sajmantation, it will be wuseful to 1list a few

candidate attributes:

A0 e NS A i .l I O
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local area mean

local area variaace

local area histograas
Robert's operator

Hueckel operator

Baker operator

other edge operators

texture operators (joint density measures)
entropy

correlation

intensities

color, R,G,B

color Y,I,Q

color L,C1,C2

ratio images

angle images

depth froa stered

spatial frequencies

other transforas coefficients
priacipal coaponants '

The above list is not a3ant to> be all inclusive, but is provided as a

set of suggested first alternatives for the property vector.

Clustering and FPaature Selection: The N dimensional vector

describing the proparties characterized above becomes a point in
(hopefully Buclidean) ¥ space. If the original image is brokem into
possibly overlapping ssall rectangular sections, ani if each section
is described by an attribute vector, then each section becomes a point
in N dimensional space. During the training phase of the clustering
procedure, a class of images will be selectel in which unambiguous
segmentation exists and this class of images wvill be sectioned,
attributes cosputed, ani resulting vectors placed as points in ¥
space. Remembering that the axes in this space represent texture,

color, brightness, et:., pattern recognition clustering procedures
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will then be applial to get the points to cluster as tightly as
possibla. Such techniji2s include convergence algorithas and measures
for describing tigyhtuess of clusters using between, within, and
mixture scatter matcices. Coupled wvwith thase wvwill be feature
selaction procedures to> remove those attributes which tend to scatter
the data and do not contribute to well definad clusters. Typical
measures for effectinj such feature selection include divergence and
Bhattacharyya distancas as useful attributes or property

discriminators <1>.

The entire proceiure of sectioning, property vector computation,
imbedding in N dimensional space, clustering, and feature selection is
diracted at effectiva ail efficient image segmentation. However, it
is not clear what a "properly segmented imaga™ is or what a "better
partition of the imaja®™ seans. Therefore it w#ill be necessary to
direct this training procedure with extra-image knowvledge, i.e. bhuman
intervention. HNMuch was accoaplished in the way of the developaent of
texture discrisinants for consistency wvith the human visual process
<2>, a similar procedur2 is anticipated in the 1efinition of "correct
partitioning” in the sajaentation problem. Specifically, imagery will
be selected in which husan interpretation results in consistent image
segmentation. A segaantation discriminant vwill then be developed much
as in the texture 1iscriminant work <2>. Bxtrapolation to wmore
difficult imagery will follov with necessary fine tuning of the
segment discriminator via additional attributes or properties and more

precise clustering anl feature selection.
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2.10 Interpretation and World Knowledge

Brica M. Rounis

The goal of this research is to design the decision-making
coaponent of the iaaje-understanding systeam which will construct a
- meaningful descriptioan >f the real-world scene 3epicted in the image.

Research efforts are concentrated on two sub~probleas:

(a) the decision procedures vhich assign m2aningy to the regioas
or parts of tae image discovered during the segmentation stage
(interpretation) ; and

(b) the efficient representation of objects and their properties

and relations in tae problem domain (knowladge base).

Interpretation is a2ssentially a decision process designed to
select from a set of pr>ssible meanings ome which fits the given input
image. There is an obvious similarity to the classical pattera
tecognition problem, tha main distinction being one of complexity. 1In
image understanding, th2 physical basis of the image is of wmajor

importance, and th2 1lascriptions of object classes and segmented
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regions in the imaye rejuire more complex data sStructures than is
customary in patteca recognition. Howaver, with suitable
modifications, some of tae pattern recogynition =methodology can be

usefully applied to taa problem of image undarstandiag <1>.

Decision Process: he underlying strategy for the interpretation

is based on the "hypothesis formation and valilation" paradigm. This
is a two-phase process consisting of a 1long rainge strategy (global
search) and a short range strategy (local search). During the long
range strategy, a coarsa evaluation of the rcegions is atteapted to
discover some promiaent features which suggest tentative hypotheses
concerning the objects in the scene. The short range strategy then
accuaulates evidenca for the hypotheses by performing a sore detailed
analysis of the pictorial data. This paradigan is supported by
evidence from human visual processing which suggest that an imitial
overall scanning of a2 scene is followed by a close scrutiny of soae

prosinent object <2>.

The model for decision-making 1is shown in figure 1. Since
interpretation is stroajly dependent on the output of the segmentation
stage and conversely, sajmentation into regions may bs influenced by
partial assignment of regions, the segaentor is explicitly included in g:
the decision mechanisa. A full 4image understanding S’SCCI‘ vill |
require the integration of all components from low-level pictorial

data processing to hija-level interpretation, and wsust provide for

asulti~-dicrectional ianfocmation flow between the components. During the

i initial developmental stage attention will be directed to the
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interaction between tha interpretation and segmantation modules.

The global search reguires selection criteria for choosing a
candidate model froa a set of possible models. In addition,
provisions for backtracking must be included, in case the local match
fails. Backtracking should avoid redundant wvork by eliminating entire
subtrees of the search tree as soon as possible. A convenient wvay for
describing sequential decision-making is by mesans of a decision tree
as shown in figure 2. The square nodes are decision nodes at which
selaction or termination criteria are applied, and the circular nodes
are chance nodes vhos3 successdors are determined by the possible
values of the testel features. The term feature as used here refers
to attributes of objects and to relations betvean objects and betwveen
components of objects. This type of decision trae closely reseambles
the so-called AND-OR trees in game playing, where th2 objective is to
optimize the strategy for one player (square) issuming that the other

player (circle) always responds wvith the best possible move.
At 3ach decision n>3e thre2 alternativa decisions are possible:

(a) continue with current hypothesis and saslect a new feature to
be tested whica will contribute maximally to the accumulated
evidence;

(b) discard the <current hypothesis and selact a new model
(backtrack); and

(c) accept the ciaccent hypothesis as the fimal interpretation of

the scene (termiaate seacch).




Select features for
testing

possible
feature values

ol /I PR IR aip

decide on Select more Select new
interpretation features model

Figure 2.10-2, Partial Decision Tree.
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Selaction and tacaination criteria are based on sose guantitative
seasure defined on the attributes and relations. 1In statistical
pattern recoganition, praobability distributions ar. assigned to pattera
classes and featurss. Given the great coaplexity and variety of
objects in real-world scenes it is doubtful if one can extract

reliable probabilty astimates from sample scenas <3>. The plan is to

Aassociato a veight or index Jf significance with features. The

veights nmay be consideced as a refinement of Boolean bramching logic,
or as a coarse estimate of expected occurrences of relations and
attributes with respact to given object classes. HWeights will be used

primarily as a heuristic device to reduce the search effort.

Knovledge Repressatation: Differemt levels of processing require

different kinds of knovledge. The entire process of image
understanding can be viewed as successive levels of abstraction, 1i.e.
from a mass of rawv inpat data tdo a single symbolic description of the
scene. The amount ;E datail and the structure of the description will
depend to a significant extant omn the goal of the system. For
exaample, one may wisa to> locate a particular object in the scene as
done in <3>, or praduce an overall description of the scene, or one
may vish to extract 20d5agh information so that the systea can answver

meaningful guestions absut the scene.

The system is to ba applied to tventy images of outdoor scenes
vith a combination of msan-made and natural objects. The first problen
domain is derived fr>a aerial photographs showing various vehicles in

a desert-like environaent. Object classes consist of vegetation,
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bushes, sand, tracks, and vehicles of type tank, truck and airplane.
The goal of the systaa is to detect and interprat thz man-made objects
from the background 1asa2crt and vegetation. The intarpretation module
will construct a =conceptual wmoda2l Of an input image including a
description of major abjects and structural information relating these

objects to the scene as a whole.

As indicated ia figure 1, knowledge used by the decision
processes is roughly divided into visual data, region descriptions
produced by the segmaator, and knowledge about the probleam domain
retrieved from the kaowledge base. The first two kinis of information
change dynamically duciay processing ani may be considered part of the
short-teras memory waich stores the image dz2scriptions produced at
different levels. Th3 knowledge base is static and constitutes the

long-ters memory contiaining models of scenes and objects.

In reference <1> decision trees provide an implicit description
of the object classes. A path through the tree specifies which
features a region or set of regions wmust possess in order to be
assigned to a givea onject class. In our system object descriptions
are explicitly stored in the knowledge base. This has the advantage
that the decision priocesses are largely independent of the problea
domain. Thus the systaa can achieve & certain degree of generality
and may be applied with relatively fev modifications to other problea
dosains by providiany a different knovledge base. Similar
considerations of flaxioility have influenced the choice of a two-part

search. The long-range strategy uses a global lecision tree to select
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a model on the Dbasis of a few discriminatory features. The local
search than attempts a aatching of region descriptions against model
descriptions in th2 knowledge base. This approach can easily be
extended t> the case shore input images may come for a number of
different problem doaiins. The 916b31 strategy would first select the
applicable probleam d>2ain followed by a selection of a cahdidate

interpretation.

A major problas in developing the knowledje base is the
identification of r3lavant features. Criteria for "good" features
include discriminatory pover and a certain degree of invariance, e.g.
vith respect to viawing anmngle and scale. In addition, semantic
knovledge such as anoapictorial attributes say be essential for
nnanbiguous interpretation <5>., OUnder consideration are the following

features vhich have proved useful at the interpretation level:

(a) optical properties (texture, shadovs{ highlights,

reflactivity)

(b) geometric attributes (relative size, location, shape)

(c) spatial relations (distance, size ratios, orientation)

(d) topological r2lations (adjacency, containment, occlusion,
- connectivity)

(e) semantic ianformation (functional, spatial and temporal

context)

Initially, scen2 aand object descriptions wvwill be derived by
segmenting the digitizel images of the example problem domain manually

and selecting features using husan protocol. TId> recoastruct objects
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seen from different pecspectives, objects descriptions will be stored
in three canonical viaws: front, top, aﬁd sila, Representation of
world knowledge is ia the form of graph-lik2 structures similar to
semantic nets, where the nodes represent concepts, object categories,
objects, and compon2ats of objects, and the edjes represent relations
between nodes or proparcties <6>. The weights discussed above are
associated with tha 23iges. The grouping of objects into categories
vhich share common praperties allovs a more parsimonious description
and will reduce th2 search effort. The major categories are natural
objects and man-made >bjects which are further subdivided by size,

shape, texture, etc.

Too auch specialized detail stored in the knowledge base will
impede matching with ragion dascriptions. The system must be able to
tolerate deviations fcoa the expected prototypss. our approach is
related to MNinsky's frame concept <7>, i.e., certain features are
labelled as essential, wvhich must always be matched, 2and others are
nonessential which say be assigned a default value representing the

most likely value.

The foregoing discassion has provided an overviaw of the approach
in ihe design of an iatarpretation module. Many details have not been
covered because tha ideas are not yet fully developed. The
icterpretation modula, for exilple, will coansist of Bmany other
subprocesses in additioan to the hypothesis generator and satching
process. Region dascriptions obtained froa the segmentor must be

analyzed for shape, shadows and related properties. Modular

P o
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development of ¢the system will facilitate the addition of new

subprocesses.
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3. Image Processing Projects

The image procassing projects comprise an ongoing research
activity directed tovard image coding, imaje restoration, vision
modelling, and the implamentation of image processing systeas. In
image coding novel ileas based upon the results of the image
understanding study are being exploread as a wmeans of achieving
significantly highar compression ratios than obtainable by
conventional coding sathods. The image restoration studies are
directed toward the solution of twd major problems: blind restoration
in which a priori inforaation about image degralation is unavailable
or incomplete; and coanstrained restoration which involves the use of
luminance bounds aai smoothness criteria to improved image
restoration. Vision modelling rtesearch activities include the
extension of previously developed models of the human visual systea to
encompass higher 1levals of visual perception in support of the image
understanding prograa. Isplementation studies are undervay on
techniques of nonlianear, two dimemsional optical filtering which can

be utilized as a fora of senéor based image processing.

3.1 Smoothing Splines for Spatially Variable Rastoration

M. Javad Peyrovian and Alexander A. Sawchuk

As 1 continuatioa 3f previocous work <1>, splin2 fuoanctions have
been utilized for 1locally variable filtering restoration of noisy
blurred imagyes <8>. For an unblurrad noisy imaje the image g(x) |is

Jiven by
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g(x) = f(x) + n(x) i (3.1-1)

The restoration operatisa is dasigned to minimize the integral

/[tﬂ(x)]zdx ‘ ‘ (3. 1-2)

among all twice diffaca2atiable functions £ (x) such that

) 2

f(x.) - g(x,
Z ( > "l")‘.s . (3.1-3)

i i
vwhere ﬁi locally controls a smoothing wvindow at point x, and S controls
the overall extent of smoothing. If available, o the standarad
deviation of the ndis2 at point x, can be used for éi . In this

case, natural values of S lie within the confidence interval of the

left hand side of eq.(3) That is

N- et <s< N+ enl ' (3.1-4)

vhere N is the number of data points., Reinsch <2> has shown that the
solution to egs.(2) and (3) is a cubic spline and sore gemerally is a
spline function of dejr22 2K-1 for least square wminimization of the
K th derivative inst2al of the second derivative. The case K = 2

lLeads to very simple a1ljorithas for the construaction of the function

£ (x).

Assuming £ to be a polynomial of degree 3 or 1less in each
interval, the optimal restoration filter with respect to the

conditions of eys.(2) and (3) can be obtained by calculus of

variations <2>. The solution is

Loobs
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S 22_ (__'r_l?z2 {p_)-x_'r 1 (3. 1-5a)
where
£ =lttx)), fhxy), ..., tx )t (3. 1-5b)
8 = Lalx)) g(x,), ..., g(xy)] ; (3. 1-5¢)
D = Diag [61. 8y0eee 6N] (3. 1-54)

Hatrix T is a positive-definite tridiagonal matrix of order N-2, and Q
is a tridiagonal matrix with N rows and N-2 columans. For a uniforaly

sampled image, Q and T have the fora !

gs |1 2w (3.1-6)
R B e ]
{
s B 3 |
1A, 4B, 1\,
‘s \\ \\
Ta SRR T (3. 1-7)

< ~
us_as s

L i £ 13 4/3J

where p is a Lagrangian parameter which, like S, contraols the overall
axtent of smoothinj. Since T is invertible, by wusing wmatrix

identities <3>, eq.(5) can be written in the more concise fora

£= @+ p o’ gg‘lo'r)'l g (3.1-8)

Although eg. (8) appears simpler, it needs two matrix inversions in
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comparison to eg.(5) which reguicres the inverse of a banded matrix.
The Cholasky dacomposition <4> g?é of a positive-dofinite band matrix

g?é?g ¢+ pT, where R is a lover diagonal (triamjular) matrix, provides

an efficient computational algoritham.

An interesting property of the fidelity criterion of eq.(3) is
that ths smoothing window can be 1locally controlled by determination

of ai. If the noise variance is higher in some regions, 6i can be set

larger at that region. An application of this property is the

filtering of images vita filam-grain noise, modeled <3> by
. ']
Dr = D' + D. n (3. 159)

vhere D, is the signal density, Dy is recorded lensity and n is zero
mean noise. Equation (9) shows that vhen the signal has a higher
amplituda, nois¢ has a jreater variance. To apply the above mentioned
filter, the value > 6i and an estimate of the signal are needed. |
Hunt <6> has shown that images are well describad statistically as a
stationary variance about a spatially non-statisnary local mean.
Assuming ergodicity >f similar classes of images, tha spatial average g
aay be wusad as an sstimate of the enseable average. A local spatial |

average is thus used as a2 non-stationary estimate of the signal aean.

A noisy blurred isage can be expressed in the fors

g=Hf+n (3.1-10) L,

for a discrete model. The following fidality criteria for image

ctestoration may then be formulated as minimization of
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f @ x)? ax (3.1-11)
among all f(x) such that
-1
D™ (e - g) 12 5 s (3. 1-12)

vhere D, £ and g are praviously defined. Using the same procedure as

before, the estimate

-w'p e T N HD g (3. 1-13)

l"a;

is obtained, wvhere A = 1/p. Setting H = I leads to the estimate of
8q. (8) . Comparisoa >f this restoration filtsr to the Wiener filter
satrix

-1 -1,-1 T
= @ CTH+C) gn (3. 1-14)

shovws the similarity >f these two filters with ;_'l replaced by A_Q‘f_l_QT.

f
In order to obtain tha filter numerically, it is necessary to invert
matrix T as well as gioxmjh’r. Matrix T is a positive-definite
tridiagonal wmatrix; a3fficient technigues exist for computation of its
inverse <7>. Matrix H is a rectangular M x N matrix vhere N < N for

non-zero background pictures, thus an exact invarse loes not exist for

The filter of ej. (5) has been applied to an image corrupted by
signal-dependent noise modelled by eqg.(9). Pijure 1a is the original
picture. Figure 1d is a plot of the brigatnass cross-section of
ftigyure 1a, and the subsayguent pictures are noisy and filtered images.

The noise is Gaussian with variance 02 = US wvwhere S is the signal
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(c)
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Figure 3.1-1.
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intansity. The filter has reduced the mean sjuare error by a factor
2f ten. The filter of aq. (13) is applied to a blurred noisy image as
showa ia figure 2 where the point spread functiom is unifors (sotion
legradation) and the adise is Gaussian vwith standard deviations of 1
and 5. The observed image has a anonzero background, amd therefore,
the systea is undeterained. The smoothing parameter )\ is set to 0.0S
and 1.0 and the {isajes are restored using taresholds ¢ = 0.001 and
€ = 0.01 for the sinjular values of the matrix ]Tf?nﬂ_qilgT. As €
decreases, the restorad image becomes sharper, but at the same time
the amplitude of unwaatad high frequemcy componants increases, The
Juality .of the restored image is highly 3epandent on the proper

selection of A ande¢.

This work has deaonstrated the usefulness of spline functions for
iigital image procassiag. An optimal (filtsar with respect to the

seconi darivative has bsen derived amd appliel to noisy and blurred

images. Although the experimental results are preliminary, they show
that spline functions are very useful in 1igital filtering and ‘

ctestoration. Moreovar, since all the matrices are banded, these

filters are computationilly very efficient.
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(a) Original

(b) Noisy blurred o=1 (d) Noisy blurred o = 5
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Figure 3,1-2., Restoraticn of noisy blurred images.
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3.2 Least Squares Imaje Restoration Using Splina2 Basis Functionms

Steve Hou and Hacrry C. Andrevs

k. This coatributioa presents a theorstical analysis and

computational techni jue for constrainad least squares image

E cestoration using spline basis functions. A realistic

continuous-discrete physical imaging model has been alopted throughout
the formulation. Tha optical system is assumad to be incoherent, and

the gensaral probles »>f image rastoration vith space-variant or

. -
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space-invariant point-spread function degradations has been studied.

A noraal eguation nas been formulated in 1 finite dimensional
spline space. The mijnitude of the smoothing parameter in the norsal
24uation provides freedom to control resolution in 131 trade-off of
smoothing the restorzi object. This effect has been demonstrated with
zxperimental results, Constraints that characterize the physical
properties of the rastored object have been formulated so that they
can be isposed on the solution of the norsal aguation. These
constraints require the restored object pizels be positive and the

eneryy of the object be egual to that of the 1ejradel image.

Iterative methoils for both unconstrained aad constrained
solutions of the nocrmil equation have been studied in detail. Among
the unconstrained metidis the conjugate gradient asethod has been
successfully simulatad on a computer and strikingly good results have

been obtained.

The needs of dijital image restoration arise from the fact that
an imsage in the real world is either corrupted by noise or degraded by
various physical phenj>asna during formation, such as the diffraction
limit of the optical systea, sensor and display non-linearities,
optical systes aberrations, atmospheric turbulence, image motion blur,

Jeometrical distorticoa ind fila grain or sensor noise.

The mathematical approach consists of finding a function f such
that a known operator transforms £ into a given function g. Ibn the

context >f image restacation, an estimate f of the object is sought to

“4-----"""'"'---Fﬂlinnlnzmsww":q
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be as close as possible to the ideal f that produced g. There are
sany difficulties associated with direct minimization of Ht-f". First
the invarse of the dopacrator say not exist or even if it exists, it is

Jsually very hard to €fiad. Second in most physical imaging systess 4

the ideal object 12es not exist in a measurable foca, but simply is
the conceptual object that would be produced if there were no
iegradation and noisa present in the imaging systea. Third g is only
partially knowvn because it results froa measuresants. To avoid these
difficultias, a cecrtain filality criterion of image quality is
sathematically defined in order to jJudge the 3egree of image
cestoration. The isaje restoration msodel is based upon continuous
object-discrete image 1ascription and a Predhols integral in two

variables given by

G =ff H(E n)(5, ndSdn + N (3.2-1)

vhere s is an I x J satcix vith element ’i o 8 is an I x J matrix with

element hij €Em) and § is also arn I x J :lttll vith noise samples By
as its elements. This adodel describes an object scene as a continuous
function in two dimansional space, as it shoull be in the real world,
but the isage at the seansor output (or at the iaput of a processing
coaputer) is discrete, and has been sampled into I x J points. This
is certainly a realistic model for digital image restoration systeas,
and will be pursuel in detail throughout this report. Note that the
aatrix H(E,n) is a point spread function wmatrix vhose entries are

continuous functions >f the object plans (E,n) 1s vell as the saampling

vosition in the imaga plane (i,jJ). Clearly this point spread matrix
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in its most general fora can be space-variant.

To proceed it is n2cessary to establish certain criterion on
image Juality for r2storation that permits control of the resolution
versus noise smoothiny on the final restored object. The criterion
used is 3 wmodified least squares objective function. By minimizing
this objective function it is possible to foramulate a linear,
algyebraic equation for solving the unknown parametars. However these
anknowns must be disccete and have finite nauambars, since a digital
computer can only 2aandle a limited amount of discrete data. On the
other hand an estimation is soujht for a continuous object which needs
infinite data points for its description. Hence an interpolation
scheme must be desiganad to restore the continuoas object from a finite
set of discrete data. FProm a data compression point of view, this
interpolation approaca is attractive becausa it is only necessary to
solve a linear, algebraic equation in finite-dimensional space instead

of the integral equation of eg.(1).

Pictorial isage pricessing usually reguires handling a large
asount of data. Bffactive iterative methods must be considered for
the solution of the linesar, algebraic egquations derived froam the
minimization of the objactive function. This iterative algorithm must
also be tested fo:_its speed of convergence for its usefulness for

image restoration.

In the formulation of the sguations for image restoration, three
points must be considsrad: (a), tradeoffs betwean image resolution and

noise smoothing; (b), faasibility of numerical calculations of very

b e ot i oo e vt . e
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large size wsatrices; (c), constraints imposel on the equations by a
priori knowvledge about the object function. To satisfy the first
point the objective function consisting of the sum of the noise nora
in eg. (1) and a smoothinj integral is chosen for asminimization. Por
the seconl point, 21 finite-dimensional space is chosen in which the
abjsct fuoction £ is a 1linear combimation of the cubic B-spline
functions, 1i.e., tha bases are cubic B-splines. This choice enables
conversion of an infinite-dimensional or continuous problem such as
that in eqg.(!') int>o a discrete one, to obtain computationally
attractive solutions. Por the third point, bounled, lossless imaging
restoration mentionel above, is utilized. The positive restoration
and lossless imaging assumptions add additional constraints to the
solution although tae solution is still not wunique because of

ill-conditioning.

To derive a funiasantal eguation for imaga restoration im two
disensions, the so called norsal equation fros the least square
sriterion, an objectiva function, which is @minimum at E(g,n), is

defined as

- Py 'r a
w(f) = Tr((G-G) (G-G)] + Y f / [v*(e, niagan (3.2-2)
vhere 2
" -
b 2 2
38 an

®
_G -'-'//Hf(g.‘ﬂ)dgdn
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and

G = f f Hf(E, 1) d€dn (3. 2-3c)

Ls a matrix that has tha same size as G wvhich is I x J. The elements

9ij e for i = 1 to I aad j =1 to J, of matrix G are the measured data. :

H is tha point spreal matrix, vith elements hi (E/m). The second ters

J
8 10 eq.(2) is the desir3l smoothing measure for the class of estimated
dbjects, f(%,n). Tha function E(@.ﬂ) can be linearly interpolated by

a product of tvo ona-ilisensional cubic B-splines. Heace let

K L
M=) D e, o (Ba ) (3.2-4)
k=1 =1

. 5 Z g Pl 5010
k=1 2=1
where s, (§) and s, (n) ace one-dimensional cubic B-splines and qu is

the product of Sy vith S, -

The next step is to find an f(@,n) i.e., 1 particular set of
coefficiants {ck'}2 io 3g.(4) such that the objectiva function U(f) in
2g. (2) attains its ainimum. This can be achiaved by solving the

| normal egquation

A+YB)c=4 (3.2-5)

where

3 T
_&=/f ff@(g.n)'rr&_i (8, m) H(E'n")] & (§'rf)ag ande’ dny (3. 2-6a)

B= f f 7% a8 n) e (5, n) agan (3. 2-6b)




- Equation (S5) desecves special attention because of its general

tora. It should be obsarved that e3j. (5) can be further reduced to the

form

where
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d-= f f c(g.n)Tr[r_tliz.n)G]d;dn

~T~ 4 ~T
q& é:+ YE;‘D:By)fE- A

A- ( i f. h“(g.n)sk(g)eén)dﬁdn)
B_- ( /: 8! (€) -r';‘(g)dg)

= KxK
®

§y= ( / gy () 8] (n )dﬂ)L i

IJ x KL

and@denotes the Kroanacker (direct or teasor) produst.

The following mataamatical properties axist for the matrices

and B:

In ad

the

representel in splina space. Thus the effect of the blur degradation

(a) A and B are both real, syametric.

b) a >a _and b_ > b for p ¥ q.

(&) PP P4 PP Pq =

(c) A is non-nejative definite with all positive elements.

(d) B is positive iafinite.

dition, from egs.(5a) and (8a) it is clear that A is essentially

amount of corralation or overlap of th2 point spread function

(3.2-6c5

A s S OIS b

(3.2-7)

(3.2-8a)

(3. 2-8b)

(3.2-8c)
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aanifests itself in the rank or degree of A (or !?!). Thus A behaves

as a Gramian describing the imaging model, but in spline space. Hence

A is non-negative' jefinite. The elements S;q and apq are alvays

non-negative because >f the non-negativeness of hij (Eem) o Qp(g,n) and
Qq(§ﬂ1). The value >f the elements of A in eq.(8) depends on the PSF
overlap area. Por finite extended hij(g.ﬂ) sparseness of matrix A can
be expectad. Matrix B represents the cortnlntion‘t overlap of the
second derivative of the spline basis functions with themselves. As a
result of the separibility of the bas3is functions, B can be
represented as a kronacker product as in eq. (7). Again B represent
the "Gramian®™ of tae second derivative basis functions, but is
deterministically known because of the expansion and interpolation on
cubic B-spline spaca. This results in a banded structure. The

satrices B and jy ar3? adn-negative definita banded matrices.

Unconstrained Restoration: The formulation of A+YB in egq.(5) is
2ften referred to as the Tikhonov regulirization method <1>. Much
Russian literature <2-5> has bean devoted to the special case of
B = I. Y2t none has presented a complete solution for the general
case. A simple minded approach for arriviag at a solution is to
invert A+YB directly. dowever there are two reasons for avoiding this
iirect approach. On2 cr3ason is that the matrix A+YB is wusually very
large in image processing practice. Its 1nvers£onllay require a huge
memory space, vhich is just not available evea in .lodern computers.
The other reason is that the wmatriz A ='IFA is frequently
ill-conditioned and influenced greatly by roundoff errors. A

numarical example of this kind has been shown by Golub <6>. Adding a
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positive definite matrix YB to A may lessen this difficulty, but still

now——"

|
‘ not complataly eliminate it because B is an almost periodic matrix.
i . .
1 In this report aag iterativa technigue provided by the conjugate

jradient method 1is considered. The advantages of adopting an
iterativa approach are the ability to monitor singularity developing
during iteration, 2ad permit buman participation in the convergence
process. The conjugate jradient method is useful for the solution of
a system of simultanadus linear equations with an arbitrary syametric
positive 1:=finite matcix. It is especially advantageous if the matrix
4 is not full but contains many zero elements. In the problem as posed

by eg. (5), the matrix A+yB is syammetric positive dafinite if Yy is
7. positive and nomn-zaco. Matrix A is sparse if the point spread

function is localized; aatrix B is always sparse. In the case Y =0
! and A is singular, the conjugate gradient m2thod will give a least

squares solution.

As an introductiodan to the yradient method comsider the quadratic

fornm
Je) = <A + YB)c - cd (3.2-9)

with the assuamption taat (A+YB) is positive definite and symmetric.

Taking the partial decivative of J(c) wvith respect t> c gives

Grad J(¢) =x = (A+ YB)c - d (3.2-10)

2

Hence the solution Oof a symmetric positive definite systeam of
3

equations of the form (A¢yB)c =4 is equivilent to the problea of
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finding the minimum of 3 quadratic function of eg.(9). Por this

reason the gradiemt vactor £ in eq.(10) is called the residual vector.

Geoma2trically, ta2 contour surfaces of constant J(c) represent
concentric ellipsoids. The gradient r at every = is normal to the
surface at that point. Finding the aminimum of J(c) by varying c is
equivalent to movinj the vector ¢ in a certain diraction for finding

the common center of th2 family of ellipsoids of J(c) = constant.

An iterative impleaeutation reguiring no wsatrix inversions has
been discovered. Phe conjugate gradient algorithm offers the

following additional advantages <7,8>.

(a) Simplicity of the coaputational procedures.
.(b) The need for only a limited amount of storage space as
compared with the variable metric method <9,10>.
(c) The preservation of the original matrices of coefficients

such as A,

gx, gy, and G during tha coamputation and the

consequent ability to exploit the advantages of having many =zero
elements in thes2 aatrices.

(d) The ability to start anew at any point in the coaputation.

(e) The superiority of each approximation to tha preceding ones

in the sense of being closer to the true solution.

Por a more extensive description of this technigque, complete
details are availabla in USCIPI Report 650, March 1976. 1In addition

experimental results as vell as spline interpolation and constrained

sptimization are included in that report.
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3.3 rPast Sequential SVD Pseudoinverse Image Restoration

William K. Pratt and Ikras Abdou

Andrews and Pattecsom <1-3> have recently introduced the singular
value decomposition (5VD). of matrices as 1 means of perforaming
pseudoinverse image rastoration for blurred imajes. Also, Pratt and
Davarian <4> have 3aveloped a fast computational algoritha for
pseudoinverse image restoration. This report proposes an application

>f the fast pseudoinvarse algorithm to S¥YD image restoration.

Pseudoinverse Iaige Restoration: An imaginj systea resulting in

the observation of a spatially blurred image in the presence of
additive noise is oftan modelled by a set of linear equatioans. The

vector space representation of these eguations is givea by

5=3Bt+n 6.3-1)

where g is an M x 1 vactor of pixels obtained by sampling and colusn

scanning of the observed image, £ is an N x 1 vector of points of an

.---.-.--.--"""""'""'lE!lll!ul-lnnz:rrz|
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ideal image field, B is the 8 x N blur satrix containing elesents

{ vhich are sasples of the blur impalse respons? function, and n is an

% x 1 vector represeating additive observation noise. It will Dbe

assused that the sasple spacing on g and £ is the same and that the

impulse rasponse is space invariant. Purthermore, focr sisplicity 1in

sxplanation, the prassatation is limited to 1 one disensional blur.

4
3

Under thase conditions the blur satrix assuses the fors
(L) . «. « .BM1)*O0 . . . . O
\ N\

o \ h(L) . L] L[] h(l’ \0. o ° o

Sk N\ .
B = N N (3.3-2)
o \ N\ .
. N b
\ <

o L] ] ] L] h(L, L [ [] [ [ h(lL
vhere h is an L x 1 vactor of poiats of the ispulse response. It

should be anoted that this systes is underdetersined since N = MeL-1,

The pseudoinversa estimate of £ is given by

i: _3_ [ (3.3-3)

where B- danotes tha janeralized inverse of B, The generalized
inverse provides a sinimum least square error, msinimua nora restoration
of the ideal image. [f B is a wmatrix of rank M the generalized

inverse assumes the fora

- T -
B =8 ( B! (3.3-4)

Alyorithas requiring on the order of ll3 operations have heen developed

for computation of tha jeneralized inverse.
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The fast pseuddiaverse algocritha <U> |is based upon the

development of an adjoint modal

9= Ciptng (3. 3-5a)

wvhere the extended vestors g, and f. are definsd im correspondence

with
el oil pE
3 K R
M’ =T T
o 1 Yy c b + |--- (3. 3-5b)
J’—Mg 0 a J-K
3 L. - L—_ ‘ L:Q..

The vector £ is comp>sal of tha ceater K pixels of the ideal image
vector f where K = N-2(L-1), and C is a circulaant matrix of the fora

2y 0 ..o pw. . L . @)
-4 o e 5 B
h2) RN N

i 4
. N N .
, N S .
N\ N\
. N \ .
Cs Bh(L) B(L-1) ~ N (L) (3, 3-6)
0~ <h(L) VR 0
o o~ 2

. . ~ N\
N

. . N a
from ~ < N\
LO 0 e o ONR(L). . . . h(l_)‘

The vector  is ideatical to the image observation g over its R center
elements vhere R = H-2(L-1). The outer elements of g can be

approximated by <4>

a~d=Wg (3.3-7)

vhere W is a windowinj aatrix. Combining egs. (5) andl (7), an estimate

of f£4 can be obtainel from

L % (3. 3-8a)

st it
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-

L 2 <A

——
in correspondence wita
K j&
Laaill = g'l
J-K ---
]

vhere_gflis the inverse of the circulaant blur matrizx.

(3.3-8b)

The cestoration j>paration of eq.(8) can be performed indirectly

by Fourier domain processing. Letting A denote the Fourier transfors

matrix, eg.(8) can b2 rawritten as

PGS S |

fg= A ¢ [Aaq.]
vhere both
-1
C=ACA
and its inverse
¢tsacs”

are found to be diagonal matrices since,g_and_gfla:e circulant.

teras of C can be obtaianed from <U4> .

g = diag[hE(l)' eoey hE(J)]

where

—— e AT OO U T 0 s

(3.3-9)

(3. 3-10a A

(3. 3" IOb

The

(3.3-11)

e ccniing
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h L
e | = A e (3.3-12)
0 J-L "

With the fast psaudoinverse algorithm, th2 brute force nmatrix
operations of eg.(3) can be replaced by a pair of one-dimensional
Pourier transforms and J scalar wasultiply-aid operations. The

computational saving is usually at least a factor of 1000:1!¢

SVD Image Restoration: The blur matrix B of eq.(1) can be

decomposed in the product fora

T

B=U _* v (3.3-13)

by a singjular value satrix decoaposition where U and ¥V are unitary
matrices composed of the eigenvectors of _QB_T and QT:I;, respectively,
and A is a diagonal aatrix whose diagonal teras are the esigenvalues of

_gg_T or _B_TA. Since U and ¥ are unitary matrices the generalized

Bl

inverse of B can be written directly as

and the SYD pseudoinverse estimate assumes the fora

B e -4 T
i* 8 g* YA *‘_f g (3.3-15)

The operations of eq. (15) may ba viewved as a 1line2ar transforsation

3
(ng) followed by a scalar weighting (multiplication byA 2), followved

B = !,1_\,'* u’ (3. 3-14)
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by another 1linear traasformation (multiplication by y. The
transformations are iito the eigen-space of tha blur msatrix B.

: ; - 2 y
Estimation by eq.(15) reyuires N +N aultiply and add operationms.

As a consequence of the orthogonality of U and V it is possible

to express the blur miatcix in the series fora

R

B
B-= Z [ AG) ]%lzi!;[‘ (3.3-16)
i=1

whaere tha A (i) are diajonal elaments of A , 4, and_li are the i th rows

9f U and ¥, respectively, and R_is the rank of the satrix B. The

B
jeneralized inverse o0f 3 can also be written in the series form

Rp

B =Y, a7yt

B = 1) !i-‘li (3.3-17)
i=1

#ence, the SVD pseudoinvarse estimate can ba expressad as

a P Y
£2) D\l vul g (3.3-18)

Equation (18) can ba manipulated to obtain a sequential SVD

pseudoinverse estimate. The k th estimate is egual to

A

—fk = f-k-l + [l(k)]-* (_\1'11; -!)xk (3. 3-19) a

for 1 <k < T vhere T crepresents the number of taras eaployed imn the j

series axpansion. Jna of the principal advantages of the seguential |

———————————— e —— .

e S i 5 ot st
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formulation is that pcoolems >f ill-conditioninj generally occur only
for the higher oriar singular values. Thus, it is possible to
terminate the expansiaon before numerical probleas occur. The major
difficulty associatal with the sequential SVD aljoritha is the large
amount of computatioa iavolved in generation of tha orthogonal vectors
4 and v and the number of operations rejuired to implement egs.(14) or

(7).

Past SVD Algoritam: The SVD pseudoinversion technigque can be

applied iirectly to tia adjoint model of eq.(5) by the SVD expansion
S: EA*Y

where X and Y are unitacy matrices defined by

xccT) x'T =4 (3. 3-21a)

Z(QTQ)I'T =4 (3. 3-21b)

Since C is circulant,_g_gT is also circulant. Trherefore, X and Y must

be eguivalent to tahe Pourier traansfora matrix A (or Af} since the

\ Fourier matrix perforas a diagonalization of a circulant matrix. Por
}"1 purposes of standacriization let X = Y = [1. As a coasegquence, the
eigenvectors x; = y., vhich are rovs of X and Y, are actually the
complex exponential basis functions of a1 Pourier transfora. That is,
* 2n
£ () = exp { SH-1)G-1)) (3. 3-22)
It is easy to shov that
e
“m" .

*T (3. 3-20)
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a=ce”

-1
whereC = A C A is coaputed from egs.(11) anil (12).

Then in correspoadence with eq. (15) the SVD pseudoinverse

astimata of the extend:1 ideal image vector bacomes

(3. 3-23)

~ s *T ~
—IE = 1_' e * 2{_ g : (3. 3-24a)
or
-~ -l -* ~
= «3-24b
= & 28 2 )

Equation (24b) should ba recognized as exactly eguivalent to the
Fourier domain pseudoinversa procedurs definei in 2q.(9). Hence, it
aay be concluded that the SVD eigen space for a circulant matrix is
the Pourier domain. Computation of the fast SVD estimate by eq. (24b)
creguires J log,J operations each for the forvard and inverse Pourier
transforas using a fast PFourier transform (FFT) algoritha plus J

scalar multipliers for 1 total of J(1 + 2log,J) operations.

A sar}es form of tae fast SVD pseudoinverse estimate can be

written 1irectly in coccrespondence vith eg. (18) as

PRI ok (3. 3-25)

vhere RC is the rank >f C. Similarly in correspondeance with eq.(19)

the seguantial pseudoinverse estimate assumes the fora

e e 4. T~ %
& "y tPWTTLS pls (3. 3-26)

|

By




for 1 < k < T where I rapresents the number of tarms employed in the
series expansion. Jsfug an PFT to pre-computez and store the product
[3Q§E] rasults in a tatal of TJ(101092J) oparations regquired for the
computation. Greatar computational efficiancy can be realized if the
series is sequentially bisected until the point of ill-conditioning is

reached. This strategy requires about J log,Jd[1+1l0g,J] operations.

Past Nodified SVD Algorithm: The sarias ani seguential SVD

pseudoinverse estimates of egs.(28) and (25) cao be expressed inm

egquivalent vector space form as

.égr T f&ﬂ;? éfvz
vhere
[ulﬂ*
a2t 0
a3 - " T
0
L_ e

This gétilate inherently provides a truacation 5f the high freguency
teras of the Pourier domain pseudoinversa operator. Complete
truncation to avoid ill-conditioning is often unnecessary. As an
alternativa to truncatisn the diagonal zero elements could be replaced
by unity, or the value of [b(k)]'% or perhaps by sose sSeguence that

declines in value as a function of frequency.

(3.3-27)

(3. 3-28)

" oo u. <m“
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Experimental Results: Figures 1 and 2 contain examples of the

modified fast SVD pssudoinverse image restoration method. A blurred
image has been formel by computer simulation of horizontal blurring

with an impulse response of the fora

SRR

oy (3.3-29)

uherecﬁ) is the blur standard deviation and L is the length of the
impulse rasponse. Fhe restoration algorithm involves repeated
restoration with eg.(26) in which the J-T zero terms along the

=1
diagonal are replaced by [6(T) ]2.

In figure 1 for blurring with Oy = 2, thers is a sudden change in
the 1ill-conditioninjy effect between restorations obtained with T = 89

and T = 90 modified Pourier coefficients. The onset of

ill-conditioning is rot guite so pronounced in the sat ot restorations

of figure 2 in which S 3.
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(a) blurred observation

i um‘,m))w

IHI 1)
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(b) restoration (c) restoration

T = 89 T =90

Figure 3.3-1. Examples cf sequential SVD pseudoinverse image
restoration for horizontal Gaussian blur with
O'b :.2’ L=15, J=256.




(a) Blurred observation (b) Restoration

T=58

(c) Restoration
T=60

Figure 3.3-2. Examples of sequential SVD pseudoinverse image
restoration for horizontal Gaussian blur with
Ty = 3, L=23, J=256.
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3.4 Nonstationary Wieaer Piltering of Pils-Grain Noise

Pirouz Naderi and Alexander A. Sawchuk

Taking into account the chemical and optical degrading factors as
well as the granularity noise results in a subjectively reasounable
mathematical model for the formation and recording of photographic
images. This wmodel crspreseants highly nonlinear observations, msaking
the subsaquent restoration difficult., When imajes are scanned vith
very small apertur2s on a microdensitomseter, the noise is so severe
that conventional estimators do not perfora wa2ll. In these cases
jetection schemes suitel to individual degrided pictures are much more
effective. When the asise is not so severe, an adaptive minimum aean
square error filter can be applied. This filter explicitly includes
the nonlinear image formation effects and 131oes not require the

assumption of stationary image statistics.

Molel: Basic to all estimation problems ara a signal s to be




Page 147

estimated, a noise a which has made the estimation necessary and an
dbservation which is 3 function of the signal ani tha noise. Denoting

the observation by y let

-y g(s,n) (3.4-1)

where eg. (1) is the observation model. Ths function g in the
observation wmodel =ay or msay not be linear, If nonlinear, the
aonlinearity may be in terms of the signal only or it may include some

cross-multiplication tecras involving the signal and the noise.

The statistics >f the noise may depend on some parameter of the
signal, thus makiny it signal-dependent noise. The complexity of
different types of 2astimators designed to estisate s from the
dbservation Yy is vary much dependent on the coaplexity of the
obsarvation model. To illustrate this point, consider the asinimaua
mean square error (MMSB) estimate of §. Denoting this estimate by 5“_

it is well known that

s - E(s|y) =f_g P(sly) s (3. 4-2)

vhere P(g|y) is the a posteriori probability lemsity £function of s.
clearly -2valuation of the MMSE estimate of s reguires evaluation of
this probability density, wvhich may prove to be guite difficult if the

function g in eq. (1) is highly nonlinear in nature.

Thus, before attaampting any restoration of imajes corrupted by

film-yrain noise, it is imperative to establish an analytical amodel

bt i N o 5 ’ > by b ol
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r
_‘ which reasonably reflacts the forsation and recording of images anmd
yet is mathesatically tractable.

In developing a sathematical model for any real wvorld physical
process, one faces taa tradeoff between tha utility of the simplified 1
sodels versus the accaracy of the more complex ones. In the case of
1 images, the degradiation in the recorded imaje is not merely due to

jranularity noise, but is also caused by complex chemical and optical

ombiaia

effects.

The model chosen f>r analysis, shown in fijure 1, is basically an
augmented version of Kelly's wmodel <1>. Tha model of figure 1 has

been subjectively evaluated by comparing a real wvorld image with a

N

similar target simulated according to this model. The results are
shovwn in figure 2. Fijure 2a shows a Kodak Pan-X file digitized using
a 2(ul)z aperture. Pijares 2b and 2c shov simulated targets of almost 1
the same size, shape and contrast. Pigure 2c was sisulated according
to the the model in figure 1, vhile in figure 2b only the effects of

jranularity vere comnsidered.

Restoration: In scanning photographic filas, it 1is sometimes
aecessary to use very saall apertures (on the order of 4 to 25 (ul)z)
on the microdensitomater in order to detect fina2 details in the image.
For apertures of tais size the filam-grainm noise is so severe that in ]
tegions of low contrast, conventional restoration techniques employing

linear or nonlinear astimators will have little effect.

In such cases aljorithms suited to a specific dagraded photograph
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Figure 3.4-2.

(b)

(c)

Subjective evaluation of imaging model of figure 1.
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can be developed to yield very good results <3-4>. One such scheme is
the noisa-cheating aljoritha devisel by Zweig, Barrstt, and Hu <2>.
It has been shown that this algoritha is a sub-optimal
maximum-lik2lihood detaction scheme, but is useful as the basis of a
aore flexible sub-Jptimal Bayesian detection aljorithm <4,7-8>.
Although the developmaant of this detector will not be discussed here
in detail, its effactiveness is demonstrated in reference <7>. If
this detection scheme i3 to be successful, tha2 paraseters used in
designing the detector need to be accurately calculated based on each
individual picture to b2 processed. This is in coantrast with some
purely statistical astimators such as Wiener filtering in which the
astimator paraseters ire calculated in terss of the ensemble
statistics of a class of images so that all pictures belonging to that
class can be processed by the same estimator. The tradeoff is that

these estimators have little effect vhen the noise is severe.

Anothar disadvaataje of Wiener filters as applied to images |is
the assumption of stationarity. In general, most images of interest
are not s%atistically stationary. Hunt <5> points out that in most
cases images have i stationary second moament about a non-stationary

A lina2ar MMSE estisator based om the model of fijure 1 in which
the imaje is not rajuired to be stationacry vill nov be derived.
Figure 3 shovs the discrete version of the model in figure 1 vhere Il
is an M x ¥ blur satcic which accounts for the coabined effects of b,

and by. Similarly, §, is a R z B blur satrix dascribing blurs b; and




‘wajsds SurBewsr 9y} 10J [9POW IIPIVSIP ¥V *¢~-§ ° 2andrg

H) - X

élﬁ

I

XN




Page 153

by of figjure 1. Oparation in the linear region of the H and D curve

is assum2d. Thus th3 fanction 3 in figure 1 is approximated by a
linear function vhos2 parameters are g and B. Matrix F is structured
so that it reflects tn2 nonlinearity of the obsa2rvation msodel and is

of the fornm

de I)P

(degg

e
[}
=

RN (3.4-3)

Y
~

REchlp
b, ]

where k is a constant cra2lated to the grain size and the scanning
aperture, exponent p is a constant which different experimentors have
reported to be anywhere in the range 0.2 - 0.5, and del,...,deM are
elements of the non-stationary mean vector D of figure 3. Pinally,
vaector N is taken to b2 a zers>-mean, unit-variance multivariate normal

vector which is statistically vhite and indepenieat of the signal.

As it is well known, the linear MNSE estimator has the fora
- -1
o o o

regardless of the uniarlying observation model, vhers Lo and £pp are
. o (o o)

the cross-covarianca of the signal and observation, and the

auto-covariance matrix >f the observation, respectively. Evaluating

the above two matrices from figure 3, it can be shown that

W= (ac_:_ug_}' +1 B' +B) ’H, +C H (3.4-5)

Fhe form of eq.(5) is jreatly simplified by setting the scaling factor

L : . /
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G=1anl B = 0. In this case

Y e B e N e

i+ el (3. 4-6)

w-= —NINI) !.!.

Sy M6, H)

In the above equation 3; is the auto-covariince of the signal I which
is to ba estimated aad Cpiris the auto-covariance of the effective
noise tera vhich is a diagonal matrix vhose diagomal is related to the 3

(2p) th moment of the sijnal. It has the fors

2 2 |
Diagonal (Cy,\,) = kK (H,) (D°P (3.4-7) E
vhere
2p 2p .2p 2p .4-8
(D™ = E0, 14,7 40000, iy ] (3 )

and wvher?2 il,iz,....iN are the N elements of the signal vector I.

Mote that if p = 0.5 thaa
P .1 - EQ (3.4-9)
— m

ubere_;nnis the non-stationary aean of the sigmal vector I. In this

case the filter W is coapletely defined in the terms of the first two
soments d>f the signal; the blur latrices,ﬂl and H,, aad the scanning
constant k. If p is taken to be a more reasonible value of less than
0.5 then the (2p)th madm3ants of the signal are required to construct

the filter. It should be noteld that since nd restriction on

stationarity is placel >a the signal, then vector I , the mean of the

signal, is not a constaat vector.

Application: This filter has been appliel to one dimensional
vectors of 1length 123 x 1 as showvwn in fijure 4. Pigure 4a is the
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Figure 3.4-4. Application of MMSE filter to one dimensional signal.
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driginal which wvas selected fros one line of a2 1igitized image. This
tepresents signal I >f figure 3, which was then blurred by a Gaussian
blur matrix H, vith a width of 5 elements. The result is signal E of
figure 3 showvwn in fijuce 4b. Sincea = 1 and B = 0, signals g,and,ne
in figure 3 are identicil. Next, signal-depenia2nt Gaussian noise is
added to signal D, to d>btain signal D shown in figure 4c. Pinally{gr
1s blurr2i with blur aatrix H, with a width of 3 elements to produce
the observed signal D  shown in figure 4d. This simulated observation
is filtered with the lLinear MMSE filter discuss2d4 above to produce the
astimata f shown in the final picture of figure 4. The sample mean
syuare error (MSE) was reduced from 0.0433 in the obsarved signal to

0.01798 in the estimated signal, an improvement by a factor of 2.4.

It is interestinj to compare the perforsance of this filter with
a similar filter uzi:h' assumes the signal to be stationary in the
mean. Pigure Sa shows a1 step function with the two levels set at 0.4
and 1.8. Taking this a5 the original signal anl setting blur matrices
H; and H, to the identity matrix, signal-depend2nt noise vas added to
the step function to obtain the signal shown in figure Sb. This
signal was then filterel with the filter discussed here as well as a
filter wvhich assum2d stationary mean. The rasults are shown in
tigures 5c and S5d respectively. Sample MSE shoved a 10X improvement

vhen no restriction on stationarity is imposed on the signal.

Application of this filter to images is a straight-forward
axtension of the >ne-dimensional case. The image is first

lexicographically arcanyed in a coluan vactor to obtain a
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Figure 3.4-5. Comparison of MMSE filters with and without assumption
of stationarity.
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one-dimensional signal <6> and then is processed by the filter. 1In
practice, a reasonable size image of 128 x 128 pixels would correspond
to a vector of size 16,384, To avoid minipulating vectors and
matrices of this size, one of two options are usually taken. Both
options result in 3sub-optimal filteriag. The first option is to
assume the filter is separable and apply it to rows and columns of the
degraded image sequantially. The second option is to break the image
into small sub-blocks (say 16 x 16 elements) and then process each

block individually.

A few computatidaal aspects for the seconl option camn be
considered at this point. Since the ma3an of tha image is assumed
non-stationary, the m3aa of each individual 16 x 16 sub-block differ
from one another. Bxamining egs.(6), (7) and (3) it is clear that the
matrix Cyip ¥ill differ for each 16 x 16 sub-block and therefore the

filter W of eg.(6) must be calculated for each block separately.

Th2 computation caa be reduced in a number of ways by making some
simple assuuptidns. Jan2 way is to use an adaptive scheme in which the
filter is updated froa Jne sub-block to another only if a significant
differenc2 exists batwveen the means of the two sub-blocks. A second
method is to assume the overall mean of the image is globally
anon-stationary, but i3 1locally stationary within each elemental
16 x 16 block. This aa2ins that wvithin each block the mean can be
taken to be a constant. Equations (7) and (9) indicate that if this
is taken to be the case, then lattix,grvppof eg. (6) can be writtem in

the foram
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Cane = YD (3.4-10)

where I is the identity matrix and vy is a constant. 1In this case the
ounly <chanje in filter d of e3j.(6) from one block to another is caused

only by the change inY . Inspacting eq. (6) it is noted that _most of

the calcalation in foraing filter H, is due to the inversion

= T "l
K= HCH + Cupn) (3.4-11)

The other inversion t> form H, needs to be calculated only once since

i, does not change from one block to another.

If the assumption 2f local stationarity is made such that eq. (10)
holds, than a simpl: way exists to perfora tha inversion of eq. (11).
This is done by using a similarity transformation on matrix (nlgnﬂ};
to reduce it to 231 diagonal form. Since Iatti!,ﬂqu.iS of the fora
given in egq. (10) the sisilarity transformation would leave it diagonal
and eg.(11) is reducei to the inversion of a diagonmal matrix at each
block. This filter was tested on a simulated isage and the results

are shown in figure 6.

Pigure 6 represaats one of the first attespts in applying the
discussed MSE filter to twvo dimensional signals. In obtaining the

noisy image of figura 6 the two lnttices,ﬂl and H, were set to the

identity wmatrix. As dictated by the non-stationary wmean of the
signal, three differant MMSE filters wvere obtaihed to operate omn the

tows of the noisy imije. The estimated image is shown in figure 6c.




(a) Ideal image (b) Noisy image

(c) Estimated image

Figure 3.4-6. Application of MMSE filter to two dimensional signal.
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Mor2 vresults ia application of this filter to images are
forthcoming. It 1is expected that if filtering is 3done on sub-blocks
rather than rows of tae degrad2d image to tak2 advantage of image
correlation in bota horizontal and vertical direction better results

can be obtained.

Conclusions: It aas been demonstrated that whean dealing with low

contrast images anl severe noise, some picture dapendent detection
schemes parform bettar than filters designed solely on enseamble
statistics. It has also been shown that there is an advantage in
designinjy MMSE filters with no stationarity of the mean imposed on the

image.
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3.5 Degrees of Preedom in Image Pormation

Dennis McCaughey and Harry C. Anirews

The concept of 1ejrees of freedom (DOF) has arisen in the imaging
literatur2 in an attespt to guantify the nuaber of truly independent
sasples of data one gathers with photographic or othar image sensing
devices <1,2>, As s3asor technology grows, the guantity of data
jathered increases, 1al it becomes reasonable to ask vwvhat the true
increase in information content is as one increases image samples.

One useful model, in which the degrees of frezi1oa (DOF) concept fits
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nicely, 1is the coantiauous-discrete representation of a two variable

Fredhola integral <3>

g; =//f(€.n)hi(§.n)d§dn (3.5-1)

bhere the object £(5,n) is continuous, and tharefore, represents a
non-countably infinita numbecr of DOP. The image g is described by a
finite number of samples N, and at best represents N DOF. However,
the imaging integral 2guation causes reduction of this number due to
the point spread function (PSP) blur providad by & (E,Mn). Berte the
PSF is described by an N-vector vhose elements are continuous
functions of the object coordinate systea (E,n). Intuition wmight
serve here in the cdhncept that the greater the blur, the fever the
DOF. Thus, if hi(g,np is a "narrow" function the DOF would be greater
than 1if hi(§ﬁ1) vere a "broad” function. Sinca hi(g.n) can represent
a space variant point spread function (SVPSP), intuition also suggests
that in regions in which the object is in "better focus" (i.e.
narrover PSP) greater DOP will be obtained tham in regions of "poorer
focus" (i.e. broadar or greater blur PSP). Pigure 1 presents the
conceptualization in pictorial fors where the shaded region represents

*
the amount of overlap of neighboring PSP's.

To place these ilaas on a firmer mathematical footing, it is
suggested that the Gramian matrix formed from the PSF N-vector could
provide a guantitativa aeasure of the DOP available in an imsaging

systaa. The entrisas in this wmatrix rapresent the correlation or

*This figure has been provided by Dr. H.S. Hou <8> wvhose research

aided the authors in developing some of these coacepts.

N T
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Figure 3,5-1. Continuous-Discrete Model with PSF
Kernel Linear Dependence
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overlap of each PSP with its neighbors, and the rank and/or eigenvalue

sap of such a watrizx could be used in the definition of the DOF

<1,2,5>. Twomey has ajuated the degrees of freedom of an imsaging

systea vith the nuaber of effectively non-zero eigenvalues of the
Sramian of the imaginj systea <2>. Twomey's techniques were developed
E for ons-dimensional systeams, but are applicable to two-dimemsional
il systeas and will be suitably extended and 12appliad to projection
f imaging in what follous.

Continuous-Discrata Model and the Gramian: In applying

| tvo-dimensional linaar systeas methods to imaging systeas the
assuaption is made taat an image g is related to the original object £

k| by a superposition intejral

: g(x,y) = /h(x.Y:E. n)(§,n)dEdn (3.5-2) ﬂ
{ R = :

where h(x,y;5,M) represants the weighting function of the imaging
system and R is tha cegion of integration over the input coordinate
systea. The aim of aany recomstruction process is to recover £ as best
as possible in some sanse, knowing h and g. In a practical situation
g is known only for a finite set of points in the output plane. Let
gi denote g (x,y) saapled in the image coordinate plane (x,y) and

similarly for h, thea the vector form of eguation (1), the

continuous-discrete isajing madel

i . £=f‘/‘k(gnﬂ)f(§o'ﬂ)d§dn +8 (3.5-3)
R

ctesults vhere i is an 2acror tera and all vectdodrs are N x 1 coluan

vectors. { i
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In obtaining an astisate f for £ in eg.(3), consideration must be
taken of the fact that the PSP kernel vector h is coaprised of kernel

functions that are ndt necessarily independent. uegiectinq the error

teras for the moment, tanis dependency of kermal functions implies that
soame of the output sasples can be predicted by linear combinations of

the others, are thus superfluous, and serve t> reduce the DOF of the

S P B b i b

! imaging system. The 2rror tera aggravates this situation since, if an
! dutput elz2ment can ba predicted by a linear combination of the others
to within an accuracy better than the meisureseat error, that
seasuresent adds no nev information to what is already known. Tvomey ;

applied this reasoninj t> systess involving ona-dimeansional integral

equations with significant results <2>.

To obtain a better feeling for how the DIP of the systea aight be
reduced due to this linear dependence amongst PSP kernels, an

arbitrary unit length vactor is defined such that its dot product wvith

the imaging equation yields

<o,g> =<g.ff_l_:_(§.n)f(§.n)d§dn> +<a,8> (3.5-4)
R

If the first term on th2 right is such ssaller than the second, then

|
its contripution can b3 considered minimal. Tiking this into account 1

wr

along with the fact that llall = 1, it is posslbl$ to reduce the degree

of indepandence or auaber of DOP by one for every independent O such

that

"<2o / f la(:,n)f(;.n)dsdn>"z§ I8l? (3. 5-5) E
i i

vhere Hdnz can be consilsred the sensor noise which contributes to the
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definition of the sijnal to noise ratio of the imajing systea. The

Rt S

st st b

implications of egq.(5) can be further investigated by noting that the
vector inner product on the left can be related to the continuous

inner product of £ with h by

F‘; : i “<E_'//_h_(§on)!(‘;lﬂ)dgdﬂ“z =<t(g"n). <h(g'n"a>>z (3’ 5-6) ‘
B! R ; = =

and applying the Schwartz inequality

| <£(§ M) <li(go ﬂ)._;_.>5z §<g; »N)f(E,M )><<ll(go ﬂ)n.g>o<_l}(§ » n)o&>>

4 =g, a*Ta (3.5-7)

dinlaot

Here I is known as tha sramian of the PSP kernels and is defined as

I =[f[hi(§.n)h;(§.n)d§dn] (3.5-8)
R

which is dermitian haviag real eigenvalues omly. Since f£(E,n) can be

e AR e N S A 5B i M bl

considered bounded, |f(£,n)| < B, eq.(5) becomes |
E‘g*Ta =gl (3.5-9)

*
Expanding I into its sijenvector decomposition I = gAU and letting

B = ya, another unit vactor, gives

elpeap s g |12 (3. 5-10)

%
Clearly BAB is miniazized by the allowing B to be the eigenvector

i o atitle i L o

associated with tha smallest eigenvalue of I ; which leads to the

conclusion, that for avery eigenvalue of I such that

2 2
E" <a] (3.5-11)
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one degree of freedoa is lost.

Attention can adov be directed to tha estimate of the
reconstruction of tha object f by expanding this estimate in a set of

¥ orthogonal functions {#(E,n)} such that
8 N
(8, m) =§ a8, ) = <9 (5, n),2 > (3.5-12)

In order that f be a solution up to the degrea >f freedom of I the

orthogonal set will be defined as

@(5,n) = U*(E, n) (3. 5-13)
Then
E /f!‘g’m!’.*(g’")dgdﬂ=//£7“_h;(§-ﬂ)_ll*(goﬂ)lj_dgdﬂﬂ_{*_l_‘g=_1_\_ (3. 5-14)
, R : R

>

Thus, tha set is ortas>jonal. Solving for the imaging a2quation for f

without noise yields

£ =/_[P.‘g'“’2*‘g-ﬂ)3 dgdn (3. 5-15a)
R

8- f f h(g, h*(E, n)U adg dn (3. 5-15b)
R

=LUa=UAUM a=UAa (3. 5-15c¢)

consequently the coefficients of the estimate f from 2q.(12) becoame
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(3.5-16)

)
"
| >
=]
*
[

Thus,
(€)= g* _lj'll_x(E.n) (3.5-17)

and the astimate of tan2 dbject is shown to be directly related to the ;
image and expansion JOf the PSF kernel in the space of the Gramian
(veighted by the invecs2 of the Gramiam eigenvalues). fcleatly, the
larger the condition number of ' , the poorer the estimate of the
abject. A large condition number on I iamplies low eigenvalues which
implies an effectiva linear dependence in th2 point spread function
kernels which implies overlapping point spread functions in the

imaging model.

The r2sults of 3 s. (16) and (17) indicate an ill-conditinning
problem in vhich an apper bound on the relativa error ||5all/llall can be

found to be

Il &

_FTT"" g%:f‘l H (3.5-18;

Thus the condition nuambsr of I and the noise to signal ratio in the

data define an upper oound on the relative 2rcor in the reconstruction

process.
Herstofore comnsidecration has been given to the case of a :
non~singular Gramiaa, and attention must be jiven to the case where 1

Af% and thuszfl, do nd>t exist. Letting C be a non-siagular constraint
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‘{ aatrix this probles >an be postulated as a suitable minimization as

follows <13>:

minimize: a*C a (3. 5-19a)

| ; eubject to: lg - U A alZ =0 (3. 5-19b)
! N

The c:}tetion to be ainimized becomes

a* Ca+Ylg-uaal? (3. 5-20)

where Y is the usaal Lagrange multiplier. Perforaing this

minimization results in a least sguares solution of

= (rlc+aly rus (3. 5-21a)

and

f(£,n) = a USK(E, n) (3. 5-21b)

the above result shoald be compared with egs. (15) anl (17) to see the
implications of this laist squares result. Propar conditions on C and

-

Y result in the pseuddinverse reconstruction.
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3.6 Texture Image Codinj

William K. Pratt

Many images can be segmented into a relatively few number of
regions. Some rajioas, called busy rcegions, contain objects
possessing fine detail. Other regions relatively devoid of detail,
can oftean be described as being of similar cosposition or texture.
rextured regions are charactecrized by some gquasi-periodic repetition

of a basic pattern or structure. Examples include grass, farm fields,

Jtavel, tiles, brick walls, and textiles.
\
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Coding Concept: Sejmentation of an image into busy regions and

textured regions ciaa be utilized as the basis of an image coding

concept. The coding pracess is as follows:

(a) an image is s2jmented into tvo region classes: textured and
busy;

(b) busy regions ar3 ideatified, and pixals within the region are
codad by some hijh quality coding ma2thol such as predictive or
transform codiny;

(c) texture is caacracterized accoriing to some measure within
each textured region;

(d) at the imag2 dastination busy regions are reconstructed fros
their ‘coded represantations;

(e) the textured r2gions are reconstructel at the receiver by
1nserting\ artificially generated textur2 vithin each texture

segment.

This texture coding process seaks to exploit the limitations and
adaptability of the human visual process. In most scenes textured
regions simply provila the spatial context for fine detail busy
regions. The visual systea does noé closely 2xamine textured regions;
they are perceived on some global basis. In effect the fine structure
of a textured region is redundant to the human visual systeas. This
visual p£Oporty has beean exploited by artists for ceanturies. In smany
paintings textured cegions are reprasented by relatively few brush

strokes in comparison to regions of fine detail.
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Segmentation: Tha texture coding systes reguires segmentation of

an image into busy 2and textured regions prior to coding of each
region. Image segaantation for purposes of scene analysis is
presently an active (field of reseacch. Tachnigques under study

include:

thresholding
histograam division
clustering

region growing

edge linking

Thresholding is a simpla form »>f segmentation in which individual
pixels ara classifiel according to their amplitude value. The process
is 1limited to simply structured images for which the textured
backgrouad possess2s an average brightness level significantly
different from the busy regions. - Histogranm division is a
sulti-dimansional foca 0of thresholding based upon the formation of
histograas of image attributes such as luaminance, tristimulus value,
edge density, etc. If i histogram is multi-modal, the division levels
between th2 modes are used to define classification cells in the
aulti-dimension image attribute space. Clustering techniques of
pattern recognition are a generalization of aistogram division in
which classification calls are formed froa the joint histograms of the
image attributes rataar than the marginal histogram of each attribute.
The histogram and clustering approaches often perfora quite well in

segmentation, but taa associated processing task is formidable.
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Reygion growing is a simple approach to sagmentation in which
neighboring pixels are jrouped into a region if they possess siamilar
attributes. The w®3thad works well for simple scanes, but sust be
augmented with semantic knowledje for reasonably complex scemnes. Edge
linking is a boundary formation process in vhich edge points are
individually detected aand subseguently linkad t> their neighbors if
they possess similar jradients and orientations. The major drawback
3f the technique is that the detected boundaries may not be closed.
Further work is neelad toward the development >f segaentation methods

vhich can be utilizel in the texture coding systes.

Texture Synthesis: There are ¢twvo basic approaches to texture

synthesis: deterministic and statistical. Nith the deterministic
method a basic pattecra >f pixels is periodically repeated in two
dimensions over an image field. The pattern may be an artificial
arrangemant of pixel amplitude values or some small segment of a
natural scene. The statistical approach involves the generation of a

spatially correlated twdo dimensional randoa process.

Figure 1 contains examples of artifically g2nerated textures
vhose average luminance level is 200 over a scale of 0 to 255. The
ficrst example in figur2 1a consists of a spatially uncorrelated array
Jenerated by Gaussianly distributed random numbers with standard
deviations of 32. In figure 1b the array of figure 1a has been 1low

pass filteced by convolution with an impuls2 response function

. co e i e L o
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(a) Gaussian density (b) Low pass filtering of (a)
Y=200, 0y:16

(c) High pass filtering of (a)
P = Pp = 0.99

Figure 3.6-1. Artificially generated textures.
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R (O |
H-= -;— 1 (3. 6-1)
1

The array of figure 1 results froa high pass filtering with an

f . impulse response function

4 1 %= -tzﬂl+l&t ) Pc’r
A 2 2 2 2 3,6-2
H= |-pp(1428.7)  (45.)1487)  -p (147, ) {3:6-2)
: 2
Pclr =it i) Pcfr

e e

where pC= 0.5 andpR.= 0.9.

Experimental Results: The basic concept of texture coding has

been explored for tha coding of the tank image of figure 2a. The
outline of the tank, sahown in figure 2b, has be2n obtained manually to
provide the basis for the segmentation of th2 tank and the grass. 1In
figure 2c the tank seyment has been combined with a constant luminance
background of value 200. The reconstruction of figure 24 utilizes the

lovw pass filtered Gaussian texture array.

The results presented here are merely a praliminary example of ¢
the general concept »>f texture coding. Effort is continuing on |
several fronts to complately develop the technijue. Research is being

performad on texture s3jamentation, seasur2mint, and synthesis.

3.7 Algorithms and Nd>a-ideal Effects in Nonlinaar Optical Processing

Stephen R. Dashiall and Alexander A. Sawvchuk £

T SR
il ; i
- ~ - i




(a) Tank (b) Tank outline

g

(c) Reconstruction with (d) Reconstruction with
grey background texture background

Figure 3.6-2. Example ot texture coding.
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The use of halftone screem preprocessing to realize agnoulinear
dperations in a coaerent optical systes is well established <1-7>.
Various operations such as logarithas, exponmential, level slicer, notch
filter, gquantization, and analog-to-digital conversion have been
presented. When halfton® screens are used to realize monotonic or
son-monotonic nonlinsar point transfer functions, the screemns are
usually coaposed of pariodically repeated cells wvhich are theaselves
sonotonic in deansity. This is not necessary: an iterative coamputer
algoritha for generatiny a non-sonotonic cell shape to yield an
arbitrary transfer function in the first orler has been developed.
There is no unique solution to the nomn-monotonic design problea. The
cell generated by th2 algorithm is only one of many possibilities.
Some operations, specifically the notch filter and quantizer <2,4,6,7>

are realized with non-monotomnic halftone cells.

Omitting vavelenjth and geometrical factors for clarity, the bar
structure of periol a1 on the <copy fils rcesulting from using a
dne-dimensional halftona screen can be analyzed by representing one
period U(x) as a sus >f small shifted rectangle fuactions. If there
are small rectangle functions, then

22

U(x) = Z 10,1 ) rect(x-k:§t+ a/ "") (3.7-1)

k=1

where 1 can be arbitrarily large, I(k,§,) =0 if the specific
sub-region is opaque, aad I(k,%n) = 1 if it is clear. Equation (1) is
convolval with a coab fuanction <8> to produce the complete periodic

transmittance function input to the optical processor. After Pourier
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transforaing, diffraction order selection, ani discarding of cosplex

constants, the invarsa transfora is formed by the second lens in the

systea and the magnitud2 squared yields the output intensity

4
1 2
gt = 800m = |3 D 10,1 _) exp (~j2mkalt) | (3.7-2)
k=1 -

vhare n represents the 1iffraction order selected. For the first
aorder, a = 1. In bOth egs. (1) and (2), th2 ters I(k,ﬁn) reflects
the fact the the saub-regions depend on I through the halftone

preprocessing.

The syathesis probleam for an arbitrary diffraction order cam be
stated: choose a function I(k,&n) so that the square of the n th
Fourier component of I(x,lﬁ) is egual to the desired g(in,n) with the
restriction that if I“’%n) ejuals one for any Rn' it must be equal to
one for all larger ﬁﬁ The constraint arises beciuse no sub-region

can return to clear after being exposed.

Consilering only tne first order, egq. (2) becoaes

4
i 1 : 2
Iout = G(Iin' 1) = I'Z E I(k.Iin)exp(-jZTrk/L (3. 7-3) | 4
k=1

This can be regarded is a sum of £ vectors of length 0 or 1/4 with the

angular orientation o€ the k th vector given by

O(k) = 31{3 ‘ (3. 7-4)

These are directly ejuivalent to positions ka/t in the periodic cell.

i e sl s el e i e - ata o
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A synthesis algoritam for non-monotonic cells to achieve arbitrary
aon-monotonic nonlinear tramsfer functions can be forsulated. The
procedure is to braiak the vectors into two families, those for which
1 <k £ 4/2 and thos2 £>r which (£/2)+1 < k <1, and regard the first
family as the one vhich increases the output, and the second as the
one which decreases taa output. To begin, add in vectors starting
with k = 1 until tha sum squared eguals the desired I, for the I, .
To increase Ioutfor a larger Ih{ add in more vectors one at a time and
continue until the sua sguared equals the desirad En& To decrease Iout
tor a larger %n, add in vectors start;ng vith k = 4/2+1 or, if some of
the seconil family hava ilready been used, start at the vector adjacent
to the one last used. Add these in until the " sum squared has
decreased to the 13sired value. Continue this process until the
complet2 nonlinear traasfer function has bean mapped out. One of two
possibilities will occur: (1) all of the vectors in the first family
will be used before ta2 complete transfer function has been mapped
out; or (2), the function will be completely mapped and there wvill be
vectors remaining which coull have been used. If the first
possibility occurs, iacrease the length of all the vectors and start
over. If the second passibility occurs, decida if a large enough
fraction of the available vectors (cell area) have been used, and
stop. If not, decrease the vector length and begin again. If the
tolerances are chosen wisely, this procedure wvwill arrive at a
satisfactory solution fairly rapidly. Figure 1a shows the input

picture, and figure 1b shovs ¢the output picture for a first order

intensity notch filtecr with a non-monotonic <cell halftone screen.




(b) Notch filtered output

(c) Three level quantizer

Figure 3.7-1. Nonlinearities from non-monotonic halftone cells.
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Figure 1c shows the output of a three level quantizer. Figure 2 shows
the transfer function and cell shape for a first order five level

slicer.

In the analyses to date <1-7> the film usel for the copy step in
the halftone process has been assumed to have an infinite gamma and
saturation demsity. In practice neither of these is true, and the
effects of 1low gasaa or saturation density affect the transfer
functions obtained in various ways, depanding on the particular
halftone screen. Aa analysis of the effects of finite gaama and
saturation density for Jne-film and two-film processes will be given.
A <ne-~film process is the normal halftoning process. A tvo-film
process is the same excz2pt that the halftomel picture is contact
printed onto another piace of copy film to produce a contrast reversed
halftoned picture. Tiis is useful to provide a positive slope on
monotonic transfer functions in the zero order and/or increase

effective gaama if both gammas exceed one.

Errors in the noalinear intensity transfar function arise from
the edges of the bacrs on the copy film b2ing varyiung shades of grey
vith a finite width rather than abrupt jumps, and £from the finite
transaission of supposedly opague areas on the fila. A plot of the
film density across oa2 bar will show slopiny rcather than abrupt
sides, and a maxisua Jensity equal to the saturation density for the
fila. If this bar dsasity is regarled as consisting of a stack of k
trapezoids each of height AD, the output intensity resulting from

using an arbitrary n th order coaponent of tha Fourier transform of a

o
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periodic array of such bars spaced a apart in a two lens optical

processing systea is

k
DC +Z: (\[1 ;-'1-klzn' 5 \Im:_;l:_): )

i=1

Ioui:(Dl' Dsat’ Y»n) =

-1 i-1)D' -1 iD'
(a-f (Dl- Yk )- f (Dl- Yk )

I e B )

-0 452) - o) [

ginc

(3.7-5)

vhere Dl = halftone c2ll demsity corresponding to this bar width

D .= film saturation density
sat

]
e Dsat

k = number of stacked trapezoids used

A

or YDl, vhichever is smaller

n = diffraction osrder used

f = inverse of £ where £(x) = D is the cell profile description
D!
b = YIGY fok o » 0 hnd 6 00 A%

Realizing that Iins ls;ld)l ¢ €. (5) can be evaluated for various D, and

a picture of the actual gmn for various D. and Y values obtained.

at

Equation (5) describes the effects for the one-fila case. Por

the tvo-fila case
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k J -Y,(i-1)AD J -Y,iAD :
Iout(Dl'DsatZ’Dmax’Yl’YZ’n) =l +Z( G L L ) nm

i=1

— i_lAD —_‘AD
-1 ( (Yz oy )) -1 ( (Yz : )
f D - T ———— + f D -
1 1 Yl

Y1

' ' : |
(%—- iAD) (’;’-'— - (i-1)AD | ]
-1 2 -1 2 ] -Z
5 (f (Dl g )- : (Dl % Yy ))\ !
sinc — = ‘) |
(9-'- - (i-1)iAD (—1l - iAD
-1 V2 = | \P) 2
n.(f (él - Y f (Dl - )
sinc ; 1 N1 - (3.7-6) i

uhéte AD = D'/KYZ

F saturation 1ansity of film no. 2

Dlat

nmax' 10910 (%Y ’Ii)

Icopy= copying iatansity for copying film no. 1 onto film no. 2
Ia = threshold iant2nsity on film no. 2

Yy ® fila no. 1 gamma
Yz = film no. 2 gasma

n = diffraction srier selected

D* = D or D /Yy, , whichever is smaller
max 2

DC = Jlo'D'tor a=0and 0 for n = 0
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Bquation (6) is used t> calculate a point by point plot of Iout for

various Ihlvalues, given the other specified parameters.

BEquations (5) and (6) have such a large nusber of variables that
a cosprehensive series of graphs showing all possible behavior modes
is impossible in the space available. The plots shovn assume high
saturation density 2anil lovw gamsas. Figures 3 to 6 shov examples of

sne and tvo film transfer functionms.

It is possible to ainimize certain degradations caused by finite
jamma ani saturatioan densitiss by precospensation of the halftone
cell. The precompensation can be accomplished for portions of the
transfer function waich are neither flat nor an abrupt jump. The

technique is as follows:

(a) Calculate or specify the ideal transfer function.

(b) Using the spacified fila parameters, cilculate point by point
vhat the requirai bar width is to obtain the desired output using
eg. (5) or (6) as appropriate, wvith the restriction that the
calculated cell aust be monotonic, i.e., f(x) = D is a

monotonically iacr3asing function of x.

Note that when the maxiaum allowable bar width is reached, further

increases in I serve simply to increase the ovarall filam density.

Figures 7 and 8 shov some results from this tecanique. Note from
figure 8 that even with low gamma and saturation density, a good match

to the desired transfsr function is possible.
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3.8 Artificial Stereo from Image Peatures

Alexander A. Sawvchuk and Harry C. Andrews

It is well known that stereo image information is an absolute
necessity for certain image processing applications such as
photointerpretation and cartogrcaphy. This saction describes some
preliminary experimsats in artificially generating stereo image pairs
from single pictures. In these artificial stereso iaagjes, the depth
information can be obtained from wmany different types of image
features, including pix3l brightness, edge inforsation, texture, or a
combination of thess. One intent of this study is to evaluate the
depth illusion created by artificial stereo as an aid to human
perception. An important reference for tha2 study of textures in

stereo perception is the work of Julesz <1>.

A program has beea written to accept any h2ight information about
a two-dimensional sceane and create a left-right stereo pair from a
single image. The proyram is gquite general aand the height information
can be obtained from a priori Kknovledge »of the scene height, or
artificially created £ros image features as da2scribed. The height
information is suppliel as a non-nejative number which proportionately
controls the perceived height in the left-right sterzo pair. For the
left imaje of the pair, the program locially shifts pixels to the right

depending on the heijat information. In the 1local shift operation

fRakzice

s 2T i,
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certain pixels are obliterated by ¢the shift and other surrounding
pixels must be moved in to fill in the missiny area of the shifted
pixels. The proyraa accomplishes this automatically and efficiently
keeps only the needel iaage lin2 in core. A scale factor can be also
chosen to control tha gain on the perceived depth. Por the right
image, the operation is similar except that the local pixel shift is
to the 1l:ft. The scale factor is also usad vith unnormalized height
data to control the wmaximum pixel shift. Por 1input images and
artificial stereo paicrs of 256 x 256, a maximum local shift of 10

pixels is all that is neaded for an exaggeratad depth illusion.

It is important tniat the input information be 1locally smoothed.
Unsmoothed height data produces Jagged edges on objects and severe
listortions of image shipes. Although some amount of distortion in
egach picture is tolarable because the eys tends to fuse images, any
severe distortion detracts from the stereo illusion. It should also
be mentioned that local features such as objects, spots, lines, etc.
must be proserved simply for the eye to follow in perceiving depth.
If a uniformly featireless flat field wera locally shifted, there
sould be no perceived jepth beciause there are nd features for the eye

to place in register.

An 2xperiment to tast thes2 ideas have beean performed. A Roberts
Jradient edge detector was used to create the height information.
Denoting an image arcay by f(i,j), the Roberts operator produces an

edye map
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eli,j) = |G, 3) - ta+1, j+0|+ | €6+1,5) - £G+1,4)] (3.8-1)

i
,! by operating in a 2 x 2 array of pixels. The Roberts operator is very
| affective at locally isd>lating edges, but using the a2dge output e (i, )
directly for height information produced poor rasults. The Roberts
information vas s12d2thed using a simple uniformly weighted
t‘ convolutional averaginy window. Various window sizes have been tried, g
but a window of 3 pixals horizontally and S5 pix2ls vertically seeas to

work well. The best averaging window probably depenis on the amount

of local detail in tha input image.

The smoothed Robarts edge l1ata was usad as the input to the
artificial stereo projram for an experimentil example using a moon
picture. The left-rijat ster2d pair is shown in figure 1. These
pictures are best viaw3i with a binocular viewar or with a priss held
close to one eye so taat the image will fuse. The stareo impression

from these pictures is very striking; particularly in the lower center

of the image where tha 3dge information from th2 craters msakes thenm

appear to> be floatiny at different heights.

This experiment is only prelisinary, and considerable further

work is suggested by th2se results. Different preprocessing of height ﬁ

information is a possibility; Julesz <1> has shown that stereo

perception with left-rijht pairs is remarkably unaffected by blurriag,

small size reductions or noise in one image.

Reference




(a) Left image (b) Right image

Figure 3.8-1. Artificial stereo images - edge information.
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4. Real Time Isplemantation of Image Processinj Tachaiques

In the past several years a number of daevice concepts and
technologias, such 2as charge coupled devicas (CCD) and integrated
injection logic (I L), aave been developed vhich are already bhaving
siynificant impact oa signal processingy capabilities. The purpose of
this task is to study means of perforaing proven image processing
algorithas wvwith suca techanoslagies in integrated circuit form. The
benefits of performin; the processing in silicon integrated circuits,
vhich might be incorporated into an image s2nsor, for example, are
clear in terms of powar, veight and cost. Tha advantages of both CCDs
and I L in terms of taeir power-delay product make them particularly
attractive, as shown in figure 1. However, it is not intended that
the study be limitel to these two technologies. 1If, for example, the
speed of GaAs PET lojic can add significantly to the capabilities of
the processor that technology wvwill be included and the cost and

benefits examined.

Since this is a naw task some discussion of the program goals and
schedulas is wvarraatai. The inherent flaxibility of the device
technoloyies under consideration implies that a very large number of
algorithas might usefully be studied. However, at the present time it

is our intention to 23paasize the following fiva classical operations:

(a) Convolutional processing (both spatial and via chirp
transformation techniques)
{(b) Edge detection via the Robarts magnitule opesrator

(c) Elye detectidn via the Sobel operator
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(1) Ed4e detection via the Hueckel operator

(e) Successive histogram operatioas.

BEach of these opa2rations is described in tha literature and only
such aspects of thz algorithms wvhich specially affect the circuit
pecformance will be discussed. Within each topic the critical circuit
functions will be identified and factors affecting the accuracy, speed
and powver requirements are. analyzed. Tha aspects of the device

processing which impact the circuit performance will be addressed.

Where appropriate, discussion of the processing 1limits will be
included. Por thoss operations which can b2 performed with present
technology 3 schemati: 2f the reguired circuit will be developed and a .
perforsance analysis undertaken. Where it 1is estimated that
significant developsant will be required bafore the necessary

circuitcy can be implamanted the critical areas will be identified.

An important pacrt >f any such endeavor, of course, is a detailed
cteview Of the state of the art of both the device technology amd the

processing capabilitias. 1In the first three months of the prograa,

vhich this report covecs, we have undertaken such a review, primarily
2f the charge transfer technology and its application to chirp

transform processing. A summary of this wvork is included here. §

During the next juarter ve intend to extand the analysis of CCDs
to include the other four functions described above and provide block

schematic diagrams aad circuit layouts wher2 possible, prior to

analysis of possible xZL implementations.
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Another objectiv3 2f this task is to experimentally study the

teal time implementation of nonlinear optical data processing (ODP).
ln this part of the worc, ve are utilizing a1 1liquid crystal 1light
valve as an incoherz2at light converter. The input image is modulated
by a yrating pattern. TInis process is the real time implementation of
the nonlinear ODP work of Dashiell and Sawchuk. The goals of this
work are to measure tan2 light valve transfer function, wmaximize the
“gamma" of this relationship and isplement various monotonic and
aonmonotonic nonlinear functions. In the first gquarter, ve aeasured
the 1light valve traansfar function with different driva conditions and
demonstrated a nonmondtdnic nonlinearity. This work is reported in ;

Section 4.3
4.1 CCD Technology Review

4.1.1 Charge Transfer Davices Performance

CCD Device Operation: The charge coupled 1evica (CCD) concept

<1,2> consists of a1 1linear array of MOS capacitors with input and

output samiconductor juanctions to inject and extract alectrical charge
as shown in figure 2. Multiphase clocks are used to shift the charge

from one capacitor to the next. Three basic types of CCDs exist;

surface channel (SC50), buried channel (BCCD), and nonuniforaly doped

levices such as the paristaltic (PCCD). 1In the surface channel device

the MOS capacitor is formed by a thin (typically = 0.1u =) silicoa

dioxide layer formed 2n a silicon substrate. Tha control gates,

usually of aluminua 5c heavily doped polysilicon are eposited om the
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$i02 surface. Typical jeometries, usinjy photolithography, have gates

with lengths of 10 to 25 uam.

STk ey

In SCCD devices the charge is transferred directly at the
! silicon-silicon dioxide interface where a potential sinimuam exists.
In the buried chamnel davice, a thin layer at the substrate surface is 5
doped so that the potantial minisum is located a small distance from
the silicon-silicon dioxide interface. In this case the charges
travel in the substrate and hence many of the trapping states are
avoided, yielding ‘a higher charge transfer efficiency (CTE). A

L* schematic of a buried channel device is shown in figure 3. ;

Peristaltic <3> i1avices rely on varying th2 doping density within
the buried channel t> achieve high charje storaje (as in surface
channel operation) and also achieve high CTE by transferring the last

fraction of charge within the substrate by field-aided drift (as in

the buried channel). Devices using this technijue have been operated
at frequencies abova 100 MHz, and further increase in speed depends
largely on the develipaant of high speed input and charge sensing
devices. A comparison of the bandwidth and processiny delay available

with these devices as compared vith surface wava acoustic, is shown in

o)

figure 4.

The operation of charge transfer devicas has been described

elsevhere <K4,5>, but for the sake of coapleteness the concept is

| revieved briefly here.

Pigure 2 shows a siagle cell of a typical p-typa surface channel
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device. A positive slactrode voltage applied t> the device repels the
sajority carriers creating a depletion region directly beneath the
jate. The energy bands in the semiconductor then become bent and a
potential minimum exists directly at the silicon-silicon dioxide
interfaca. If charga is now injected into the 3evice, in the fora of
aajority carriers, in this case electrons, they will be stored at the
interface modifying tae potential profiles as shown in figure 2b. The
maximsum charge density N can be written in terms of the gate

max

voltage Vs as

c
. —ox S
Nao. ~ — [VG - Vpp - 2&, - VB] o (4.1-1)

where 'I?;is the flat baad voltage, Qs is the wall potential and

1/2
(4eN_ & )
Vg as s

ox

Typically

>

Vep - 24, - Vg (4.1-2)

|"c

and hence the charge starage is directly proportional to the gate

voltage, i.e.

A (4. 1-3)
vhere A is the charge storage area.

The charge transfer is effected by clocking adjacent gates so as

to create increasinj well depth in the direction of desired charge

prr—
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| travel. Numerous clocking technijues have bea2n employed ranging froa
a singyla cycle to £full four-phase clocking. The stepped oxide
technijue is commonly eaployed to achieve two-phase operation wvhere
tvo adjacent gates ar2 connected together and the variation in oxide

thickness provides the 1ifferent well depths.

Por SCCD devices the charge travels at the silicon $i0, interface
vhere the density of trapping states is high, typically of the order 1
of 109cn'zev'} The CT'E is therefore necessarily lower than for BCCD. ?

dowever, CTE better tnan 0.999 have been obtained with STCCD devices by
! using a "fat zero" whica involves constantly clocking through a small
background charge. The ratio of the charg2 remainiang N(T) after
i time, to the original charge, No, in the absence of field aid drift is
given by

N (t) Tp_eN t
N =+ 2 ) (4.1-4)
2L%¢c

where U, is the electcon mobility, L is the distance between adjacent

jates, and C is the effactive capacitance per unit area.

i If fringing fielis axist as in the BCCD th2 relationship becomes

o

N, ' B, ZAV'II'O' » (4. 1-5) ;

vhere AV is the voltaje difference between ¢the initial and final

sites. An analysis >f the relationship betwean these two mechanisas

shows that the field-injuced irift is dominmant in the final stage of §
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the charge transfer aad is essential for hijh CrE at high frequeacies.
Since most of the electrostatic fiell is normal to the direction of
charye traonsfer, "coaplete™ charge tramsfar can be accomplished only
it relatively low clock rates (of the order of 100 kHz). In the
buried <channel concapt, a layer of n-doped saterial is introduced on
the surface of the p-typs silicon by epitaxial or ion implantation.
When a positive voltaje is applied, a depletion region is formad under
the electrode and the ra2sulting potential profile is as shown in
figure 3b. The potaatial minimuas %nhx is determined by the gate

voltage 'G as

1
2 N
ee NA (ND+NA) a ¢ ND
¢mm e i 2 ND e +'¢': 7 .
2
- .
ee, Ny Np +NQ)f 4 et .
+ — o
2 ND % \‘ox < l.
1
2
N
N_.+N N
D A d t D
+ R, v S NG s o TSR S
ND G FB I % oo . Z‘s

vhern, using the notation shown in figure 3b
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: L d Tt
i VI'eNDt(e tue )
ox 8

This function is plotted in figure 5, (which is taken from <5>)
showing that the potantial is approximataly a linear function of ‘G
over a wide range of jate voltages. When charga is injected into the
device it resides at tha potential minimum which is typically several
pundred angstroms froa tne interface. This allows more effective

charge transfer and CrE as high as 0.9999. Purther the nonlinear or

transvecse fields are coasiderably larger at thase dapths and account

for a considerable pacrt of the charge transfer. This in turn allowus

the higher speeds to oe achievel, as illustrated in figure 2.

The peristaltic concept combines the high charge storage
capabilities of the SCCD with high charge transfar efficiency and

large bandwidth capabilities of the BCCD. It achieves this basically

by storing the charg2 at the surface of the silicon while transferring
the last charges deep in the silicon substrate where the fringing
fields are strongest. Of the three transfar mechanisas, self-induced
irift, thermal diffusion and fi2ld aided drift the former accounts for
90 to 99% of the transfer and is accomplished in a few nanoseconds.
The thermal diffusion is usually much slower anil is significant only

in the final stagas of the SCCD traansfer process. Peristaltic

operation stores the caarge close to the silicon surface so as to
‘ ' achieve high storage as in the SCCD but the doping profile is modified
s0 as to force the last fraction of charge into the bulk during the

transfer process vwh3rd> field aided drift accounts for the final




e —— e

M

i s

Omin (VOLTS) ——=

18

16

L

12

10

) 5022-7
2l i ] ] I 1 1 | | | K 1 1l
| Np=2x10"em N—o-'--o 5
N_=3x 1o‘°cm‘3
P 0.2
| d =0.18MICRON
v, »9.58 VOLTS :
]
0.6
08 1l
1.0
ﬂ
p—
| e | L | 1 1 | |
4 4 a0 ¥ % 6 8 10 12 14 116 118

Figure 4.1-5,

charge density N (from Ref.<5>)

Potential minimum as a function of gate voltage and

EPPCNPIRIEN ¥ i




f Page 213

_i transfer.

input Circuitry: Tae speed and efficiency of tha CCD input and

i autput circuitry is, of course, an important consideration in the
ultimate performance >f the final device. Two basic concepts exist to
convert the input voltaje signal into the raquired charge for the CCD.
They involve either iatajrating a curreat for a fixed time interval or
charging a fixed capacitor. The integrating input requires less
peripheral circuitry, provides voltage gain, ani generally has lowver
noise. The capacitor input (Tompsett input o>r threshold correcting
input) is more linear and is less sensitive to bias conditions. Both

inputs have approximately the same traansfer characteristics.

.

A schematic of the integrating inpat is saowa ia figure 6. The
input signal is ac coupled to the vnq gate, thus sodulating the asount
5>f current trickling into the CCD. Por this pacrticular input, charge
continues to trickles regardless ‘of the state of .l « The amount of
charge finally collectal in the .l transfer bucket is, therefore,
proportional to the iatagral of tha input voltaje over the full clock
period. The input is vary sensitive to the bias voltages at the

source 1iffusion ani the input electrode, and becomes increasingly

aonlinear for large a: values of vh, due to the input MOSPET's square

lav dependence of cucctent on gate-to-source voltage. The sensitivity
f: problem of this input is further heightenel by the traditionally i 4

unpredictable threshold voltage.

e 28

The threshold coccacting input, shown in fijure 7 solves many of
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the problems at a cost >f gain and s>me noise. The input diffusion is
driven by th to a lavel wvhere the 'IN jate is overflowved. The
diffusion then recedes and the extra charge f£alls back with it leaving
an amount of charge proportional to the differsnce betwveen vin and
vdc' Whan 61 fails to> receive the input charge, it picks up an amount
2f charge proportional to the sinimua of the input signal during the

input aperture time.

The threshold cocrecting input wmakes use of the fact that
although the thresholi voltage may vary across the chip and froa wafer
to vafer, the variation between twd adjacent (or alsost adjacent)
jates can be made vacy small thus easuring that wvheam the V., dJate and
the vV, gate are at the same potential, no chiarje will be enterimng the
cCh. This diiferential aspect of the input scaeme, combined with the
large input full scale signal, sake the input biasing very
noncritical. This voltage type of input is 1lso inlapendeat of clock

rate unliks the previous integrating iamput. The speed of input

.devices of this typa is presantly lisited to about 100 MHzZ but high

tesolution bipolar circuitry presently being davelopad may increase

this to several hundrad MHz.

Output Circuitry: At the output of the CCD the charge nmust be
converted into a vdltage. This can be achiaved by discharying the
siynal through a precision controlled resistor and nameasuring the
resulting voltage. Alternatively the charje can be dumped into a

capacitor and the voltaje measured.
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E The former techaiyjua is illustrated in fijure 8. It is basically

i simpler to implement and operates at high speeis. In general, when R
! is large enough to match the resistor noise current to> the CCD noise
; surrent, the signal bandwidth is below ona3-half the clock frequency.
Ef ; Fo increase the bandwidth, a transimpedance amplifier is used instead

of the resistor. Th2 transiampsdance aaplifier is gesnerally an op amp

with a feedback resistor R. The output diffusion is tied to the
summing junction of the op amp, and the output vo;tage bias is
connected to the positive input of the amplifier. Such a circuit is
shown in figure 9. The advantage of this low input impedance
transimpedance amplifisr is that the effact of the parasitic
capacitance on the output node is divided by tha2 open loop gain of the
amplifiecr. Discrete ciccuits capable of handling 10 pPF on the output
node have been built with a transimpedance of 5) K ohms at signal
fregquencies up to 10 MAz. The bandvidth can be extanded further if

lover transimpedances ace acceptable.

The second outpat circuit (mormsally callsed a reset output) is
more coamon than the lirect curcent mode type. The two kinds of reset
output circuits are called floating diffusion and fl>ating gate. A
schematic of the floating diffusion output is showa ian figure 10. The
aethod of operation for this output is (1) while Q@BRST is high, @ 2

tises to dump charja s>ver the scraen gate; (2) this charge increases

the surface potential around the floating diffusion thus increasing

e o

the diffusion pbtential; and (3) the sourc2 follower rises as the
floating diffusion rises. The output is reset vhen @RST lowers and

allovs the sigmal charge to flov into the Vpp supply. The output
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voltage from this circuit is constaat with clock frequency if the duty
cycle of the output is held coanstant. The magaitude of the output is
deternsined by the amouat of full scale charge and tha capacitance on
the output mode. Wita a S0% duty cycle, the output magaitude can be

as high as 0.5 V rsms.

Using standard pnotolithography output cirsuits of this type have
been operated routinely at 20 MHz. Presently thase bipolar devices
are beiny developed usinj electron beam exposura to operate at speeds

in excess of 100 MHz.

Charge Transfer Efficiency (CTE): rhe charge transfer process,

even for a single traansfer, is never complate. A certain fraction of
charge, € , is lost. TIa2 principal causes of thz incomplete transfer
are the finite velocity of the carriers and tha trapping states. The
CTB is usually lower focr SCCD devices than for BCCD because (a) the
density of trappinj states are greatast at the Si-Sioz interface and
(b) the transfer is usually incomplete (at all but the very slowvest
clock rates) since field aided drift is assent. In addition the
charges trapped in tha interface states a2mpty slowly and hence
contribute to trailiay data. In fat zaro operation a constant charge
level, of 10 to 20% >f the fall signal level, is usel to keep all the
states full and than reduce the charg2 1loss. The technique is

primarily used for dijital applications and can result in e=> 10'4.

The density of traps deep in the silicon is much less and hence

the need for fat zacd in BCCD is reduced. A principle effect of the

i
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tinite charge inefficiancy, apart from resulting attenuation and
limiting the dynami> riaange, is to limit tha total nuaber of tramsfers
vossible. Since the charge attenuvation is cuasulative, the overall

characteristic for n transfers is given by

out (1, ” t)n SR (4. 1-7)
o avoid excessive 1ajcadation in signal to noise ratio usually

requires less than<0.1/¢.

The effect of charje spilling into trailing data slots is to
create dispersion. This can be seen from the 2Z-transforas

characteristic of a sinjle stage, vhich can be writtan as

T(2) = (— =) 2-! .
(l ¥ ~z_1) (4. 1-8)
where
2 = exp[i.zrlf.] : (4.1-9)
c

and fc is the applied clock rate.
For a transversal filter with ideal impulsa respoanse

n
T(Z) = E n 2k (4. 1-10)
k=1

where hk are the weijating coefficients, the actual transform can be

written as

|
y
{
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n £ s
i
T(2) = Z hk( 1o ¢ 1) z-k (4.1-11)
k=1

It has baen shown that this is eguivalent to th2 transfer function of

an ideal device evaluated at frequency

ef
) el —S }ain (2XE e 2t (4.1-12)
£ = t+2w lln(fc)-_]{l cos(fc

vhich represents a frejuency shift, or dispersion, given by

ef
Af = —£ sin z—ﬂi)

c
and an envalope modulation given by
Aff) = 1 - rz‘-[l - cos (—%lf-)] i (4.1-14)
i L c

The effect of this on the msodulation transfer fuanction is shown
in figura 11, Por larga fractional bandwidth the product, ne, must be
maintainad as small as possible. Thus for a 1large time-bandwidth
product, the signal, €, must be reduced as much as possible. Further
it can b2 shown that the charge transfer inefficiency does not alter

the signal-to-noise ratio to first-order.

Accuracy of Waijating Technijue: Typically CCD devices are

weighted by the split electrode technique illustrated in figure 12.
As shown, both ends of 2ach storaga electrode are connected to a
differential current amplifier which sensas the charge directly

beneath it. The location of a small gap determines the tap weighting.
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For =2xample, if tn2 yates have length L and the distance between
thea gap and the canter of the gate is hk the fraction of charge

coupled t> the positive and neyative clock line is given by

et = Fu+n)

and

Qk -Iz'- (1 -hk) (4. 1-15)

T R L N

respectivaly. Ther tne output signal is

. _ :
v () = Z [Avk+ (t) - Avk‘(t)] "
k :
or
Vo(t) = const Z h, Vin (t - kT) _ (4. 1-16)
k

Wweighting errors can tharefore be caused by inaccuraciers in the amask
fabprication or alijam3at as well as nonuniformities in the oxide k
thickness and substrate sensitivity. Of these the principle source of
coherent error is the gquantization error introduced in the mask
Jenerator. The actaal resolution attainable after exposure and
etching is wusually considerably 1less than that of the mask. Por
example routine photolithographic techniques are limited inm resolution
to about 5y m. For a yjate length of 200 um this rapresents an error
2f about +13. The 3situation is auch iasproved if electron beas

aicrofabrication tecanigjues are eamployed. Por example the facilities

developed at Hughes Rasaarch Laboratories use a 15 bit D/A converter

to provide resolutioa >f 1 pacrt inm 32,000, and can provide final line

accuracies of about J.2u m in an overall scan of 1 anm. Hencé, for
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typical g3jate 1lengtas Oof 200 um an error of approximately C.05% is

attainabla.

The effect of weiynting zrrors, Ok, on the overall HTP of a

transversal filter can be writtem in the terms of 2. (10) as

n
T(f) = Z (b + o) °"P[sz"£} (4.1-17)
k=1 c

where T(f) is the distorted transfer function. The orror team

AT(f) = T(f) - T(f) : . (4.1-18)

then can be expressed as

(4.1-19)

n
AT(f) = Z o exp["zf"kf]
k=1 c

In general the exact a2vialuation of AT(f) depends on the desired filter
response T(f) and the characteristic of the weighting errors.
However, if the weijating errors are assumel to be randos with

variance omml then th2 fractional error cam be writtem as

AT(f 2 “rms : (4. 1-20)

T() = o W

where W is the channel w¢idth.

For a device fabricated using photolithography and uth'wo ﬂ

stages, W = 200u m and 0, = 2unm

AT(f)

T = 0. 2% : (4. 1-21)
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With ela2ctcon beam faorication technigues this 2rror can be further

L educed by about an order of magnitude.

Factors Affectinj -CD Noise: Noise is an important consideration

in all CCD applicatioas aad novel circuit technigues have been
developed to minimize its effects. Three biasic nois2 sources can be
identified as (1) tharmial noise in the iaput anil output circuitry, (2)
noise dua to trappinjy states, and (3) dark currant noise. A number of
low-noise circuits 1ave been developed to minimize the noise in the
input and output circuitry. Typical of these are ¢the correlated
double sampling output circuit and the distributed gate amplifier.
For specific details of these circuits tha reader is referred to

qeferences <4> and <5>.

Since the CTE is liaited, a £;action of th2 charje is left behind
in each transfer and some additional charge is gathgred froa the
preceding data. In general the signal fluctuation dependgmon the data
format but an effactive noise signal can be evaluated assuming

independent fluctuations as

AQ = miaouz

vhere A Qtrz is the m2an sgquare fluctuation in each traasfer. The

noise spectral demsity str(f’ has beea calculated as

4nf .
A c 2 2 wf
Sn,(f) A AQtr [1 - cos -——-fc )]

for lovw transfer inefficiency, L.e., € << 1/n showing the noise at

high fregjuencies to be enhanced.

W BVPNTN 2 LI S R o A it st -
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A further sourcs 2f noise 1is associated with the statistical

eaission of carriers. Trhornber <6> has shovwn that this varies between

AKJr

2 2
I-KHNS'

and

aQ’ 7 KTCs

for different parts of the clock cycle.

The trapping states within the SCCD contribute as another source
2f noise, since charje is absorbed and emittad inlzpendently of the
clock cycle. The <caacrye fluctuation from thess sources can be

evaluated as

R
aQ,.“ = q“ kT A N__1n(2)

and hence an effective signal-to-noise ratio for a ygiven charge packet
can be calculated as

: 2y 2
S . - Cox Ve

N 2n kT N, . In (2)

vhere N, is the intecface trap demsity (typically ~ 10° ca ev'l).
Similar noise contributions are made in BCCD 3u2 to the bulk traps but
in this case the noisa is frequantly daspendant, reaching a wmaximum
vhen the transfer time is approximately equal to the emission time
constant. Effective a0il3als for the noise from bulk traps have not
been developed. For adst BCCD devices the 2aquivalent noise phenomenon
is perhaps an order ot magnitude 1less in BCCD tham SCCD, and |is

usually dominated by iaput and output noise sources. A full analysis
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9f the inhcrent nois3 source in CCDs, is mads in references <6> and

<7>.

4.1.2 Basic Signal Processing Punctions With CCDs

The capabilities of CCD described in this section make thea of
Jreat interest for processing large time bandwidth signals at
frejuencies up to ~1)) 1Hz. The full range of basic operations such
as addition, multiplacation, etc. have been suggested using CCDs for
analog processing, anil in addition all digital operations can be
performed. In this section the basic function blocks required to

accomplished both anaio>j and digital processing are discussed.

Addition: The basi:> serial operation of a CCD shift register
aakes it a natural technology for analog sampleld data operations.
Linearity of the ordac >f 1% can b2 achieved over time bandwidth
products of about 133; the data being storel in the form of finite
amounts >f charge. Alddition can most easily be accoamplished by simply
aeryiny the chargye £fcom two or more potential wells into a cell
bucket. The techniqyua is illustrated in fijure 13 where the contents
of two parallel analoy delay lines are dumpel into a single line. 1In
this case the voltagye on a screen separating the two 'channels is
pulsed to allow chacje flow. The technique is not limited to any
number of szparate lin2s and can be used to form a aultiplexer.
Further, by alteriny the well size (by varying the area of the
receiving gate) the r2sultant output can be scalel by a coaostant

tactor.

e S SRR i




Figure 4.1-13, Schematic of technique for addition,
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Genaralized subtraction is a somevhat more coaplex operation and
is not naturally suited to CCD technolojy. One technigue, for
example, might involva foraming a bucket with capacity equal to the
smaller of the twd> chnarges in the operation and allowing chagge to
irain into this. OUOnfortunately this requires MOS tramsistors and
capacitors and is in jeneral not an effective tachnique.

)
Multiplication: Sultiplication can be performed in CCD compatible

technolojy by using MOSPETs and vacying both the signal to the sourca
and gate simultaneously <8>. The technique iavolves using the FETs as
voltage-controlled casistors. Purther, since higher-order nonlinear
products are availabla, listortion teras can be gen2rated and used to
aull out unvanted teras in the output. Using these techniques devices
nave been operated at about 100 kdHz with accuracy of 1%, By
increasing the resolution of the circuit this mijnt be improved to

about 0.5% at 1 HMHz.

An alternative technique <3> which eaploys the CCD structure
itself to provide multiplication relies on the sultiplying D/A concept
illustrated in figura 14, Hecre a bimary encolel work eguivalent to
one input is used t> switch in and out parallal CCD gates and adjust
the devices capacitance. In this way the capacitance is nmade
proportional to on2 input and the driving voltage applied across the

array proportional t> tne second. The output charge is hence given by
n

2 =Z£vin

i
i=1 e

and is proportional ty> the product of the two signals. At present

T TN TP L L G L VW 19T RE ST
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aevices with 8 bit accuracy have been oparatel at speeds up to
100 kHz. Two inherent limitations exist in tais type of circuit.
First, o2n: input has t> be A/D converted and hance it is a mixed mode
operation. This coull novever be advantageous in the chirp transfora
tecnnique where the maltiplyinj chirps might be storel in digital form
Ln a3 RCM. Since all the capacitors are filled in parallel the device
is not inherently 3low, but it does requir2 a lot of "real estate."
For exampl2, in a 10-vit converter the capacitor range is 1:103. Por
this reason, by usinj photolithography, the technijue is limited to
about 8 bit accuracy. However, by increasing the resolution with
2lectron beam exposura the smallest capacitance might have an area of
1u lz anl 11 bit accuracy might be achiaved. This would enable the
chirp transform to ba implemented in monolithic fors, as discussed in
Section III-A. At pr2sant 5 MHz operation is considered possible with

this technigue using alactron beam exposure.

Traaosverse Piltacring: Tha CCD structure with serial delay and
parallel output via the split electroda tachnigue is a natural
component for transvacsal filtering. At present 1evices wvith an
impulse response of 1 sec have been constructed with 20 to 50 output
taps. As 1iscussed ia Section II-A-5, the weighting accuracy is
currently 0.1 to 0.05%. By employing correctly apodized band-pass
filters, fixed matchal filters or correlators can be implemented

directly.

An important area which is receiving interest at the present time

is the possibility »>f developing programmable €filters by building

R
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variable nondestructive tapping circuits. The concept of the floatingv

clock =2lectrode seasdocr (PCES) is presently being developed. By
driving a source followver the charge can be real nonlestructively and
provide 1 low outpat impedance source. The circuitry discussed in
reference <10> for tais is shown in figurz2 15, At present the
capacitance 1load on the sensing MOSFET limits the iynamic range, but
with careful design aud using a short gate bipolar output this probleam
aignt be overcoas, Purther, by using voltage-controlled FET
conductance the technijue can b2 fully electronically prograsmsable.

At present the accuracy is limited to about 3% at 100 kHz.

An electronically programmable correlator (or filter) can be
implemented by usinjy two counter-running analog CCD delay lines and
feeding the parallel dJutputs into a series of MOSPET aultipliers (as
discussed in Section III-B-2).  This techaique requires
synchronization of th2 signal carrying the correlation (or
convolution) functioa with the input data and is limited to at most
50% duty factor for all but sliding convolution. Hovever, this may
have application whara either the data is intermittent or the phase

information is not rejuired.

A/D Conversion: Aailog td> digital conversion can be implemented
directly with CCDs oy forming potential wells eguivalent in capacity
to each gquantized bit, and moving chatyo through the array. The
circuit reyguired is siailar to that shovn in figure 14. A comparitor
circuit msust be inclulei at each site. Again the technijue is limited

to about 8 to 10 bits and is guita bulky in this ilplelentdtion.

ki




e ———

¢‘ 5022-17
5
1
' T
|
SIGNAL :
CHARGE —————» cco
Qg | CHANNEL
% Lo s
'L- h
] C
@ [|
I o] 93
V, (OUTPUT
VOLTAGE)
V66
Vo

Figure 4,1-15, Floating clock electrode sensor circuit for
nondestructive signal charge sensing.




S

T
s

F¥

Page 237

Technigues to reduce tha area of the silicon required and hence
improve th2 reliability atc. have been suggestad involving successive
approximations and Somparator operations. In general the
CCD-implemented techaijues are preseatly ‘lilited both in accuracy

(nuaber of bits) and spsed.

Digital Logic: A fall range of logic functions involving only CCD

elements has been developed <11> and wmuch of the interest iu CCD
device applications is centering on digital implementation, because of
its inherent accuracy and the ease of regeneration. As an exaaple of
this type of processinj ¢two functions, tha OR/AND gate and the

EXCLUSIVE OR, are described.

A schematic of tae layout for the JR/AND gate is shown in figure
16a. The twvo input signals are fed into parallel gates A and B vith
equal capacity. When a clock pulse is applied to the transfer gate
the contents of botn channels flow into tne bucket under gate C.
Since the area of this jate is identical to both A or B, a single
input (or one) is sufficient to £ill the bucket and be read as one.
An implanted barrier ssparates this bucket from the succeeding one.
In the event of bota inputs A and B beiny ">nes® the excess charge

spills over to C and is read as a one, representing the AND output.

The accuracy of tha technijue is, of cours2, extremely high since
binary dacisions only are requicred and frequent refresh operations can
be perfocrmed. The sinjle control gate is the only active element and

is not required to be linear. With buriel chinnel devices the speed
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Figure 4.1-16. Digital logic gates implemented with CCDs.




-
...

Page 239

is limited by the final input and output sensors.

The schematic of the EXCLOUSIVE OR is shown in fiyure 16b. Again
the tvo inputs are fel ian via gatéé A and B, and the operation through
jate C is as describz1 above. However, the chacrge undar gate C is
sensed 2and connected to the control gate separating C and E. In the
advent both inputs ara "ones" the control gate maintains a voltage
barrier over which th2 charge from gate C is prevented from flowing.
The absence of charge then reads as a "zero." If only one input is
present the control jate will not maintain the voltaje barrier and the
charge from C will flow into the final gate registering as a "one."
The performance of this circuit relies on the effective operation of
the refresh circuit as described in reference <11>, This requires
that the floating 1iffusion accurately followiny the chargelievel
under gate D. This rajuires effective découpling froa the surrounding
tixed gate potentials. In practice the capacitive coupling to the
adjacent gates and substrates is the limiting factor 2amd high speed

operation depends on creiuciny the overlap capacitance.

4.2 Chirp Transform [aplamentation Usinj CCDs

The chirp-Z transform (CZT) algorithm provides a technigue for
performing Fourier transforamation, coavolution and correlation of
arbitrary signals in r2al time. It basically rzlies on restructuring
tne Pourisr integral iato two multiplications, and a linear filtering
operation which can b2 performed vith a transversal filter. It is an

important processing technijue because of its simplicity in terams of
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nardware and because >f its speed of operation. The most widely used
technigu2 for Pouriar transformation at presant is the fast Pourier
transfors (FFT). It cejuires Nlog,(HN) co-plei aultiplications to fors
an N point transfocra as contrasted to '2 operations for the direct
technigque. The chirp transform hovever can essentially operate in
real time. The dJ=2lay involved being only that of the filtering

operation.

The advent of CC) transversal filters makes it possible to fora
transforas of 103 ani 134 points with speeds as high as 100 MHz. With
puried channel operation the basic transversal filter can operate at
frejuencies as high as 100 MHz but the bipolar sensing devices
requirel to interfaca the basic CCD structure with the external
circuitry presently liait ?hait bandwilth to 20 MHz or so. It §hou1d
be emphasized that CCD filters are operated as 2ssantially base-banded
levices and hence th2 w@maxiaum operiting frequency is the device

bandwidth, and the tim2 bandwidth product is the number of stages.

The basic CZT aljoritha derives directly from the discrete fora

2f the Pourier transfocra

N-l S z.
= =j mn
g = 2: £, exp (LK) (4. 2-1)
n=0 ;

where the data to be trinsformed fn(o < n < N-1) can be considered to
be uniform time samplas of an inpﬁi signal €£(t). The transformed data
Fx then represents a uniformly sampled varsion of th2 signal spectful

F (W) where
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F(w) = /f(t) e-dut 4 (4.2-2)

Bluestein et.al. <12> recognized that by exprassing the complex
axponent of ey. (1) in tae fora

e
2nk = w4+ k2 | (n o2 (4. 2-3)

the intajration can bz replaced by a multiplication and convolution.

This can be seen by writing

: 2
Smk® N-1 e il - )2
e N ¢ e—L—N

F
K e (4.2-4)
n=0

which is the form of th2 CZT. Signals of the form
2
+ jrk
exp{=—n-1
xpl

and

jm
N

are known as chirp sijnals from pulse compression ralar <13> and are

2
}

exp{

basically signals waose fraquehcx is linearly ralated to time. The
nardvare to perform taa algorithl‘of eg. (4) is shown in figure 1. The

symbol * represents convolution, in this fignra, with a chirp

2
exp[r%%—]

such that

-

i
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Figure 4.2-1, Hardware implementation of chirp transform.
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N-1 A (k-nz

} s, = Y, sin expt-2GRl) . (4.2-5) |
n=l ,-

This is the basic opecration of a chirp filtar and hence can be
implanted directly eitan either a surface acoustic wvave or CCD
transversal filter. FP>c a CCD impla2mentation the hardvare is more :
complex as both in phase and quadrative channals are required as shown
in figure 2. The weijoting function on the filters are basically

samples of the linear FY or chicp functions

h{nT) = cos p.(n‘l‘)z T
, Ty <nT< = (4. 2-6)
g{nT) = sin p(nT)

vhere u is the chirp cate, -T3 is the duration of the filter impulse
response, and T is the clock potibd. Du2 to the finite impulse
response of practical filters the ftequéncy r2solution 1is 1limited.
For exaaple, the transform of a singla C® signil sin(v,t) appears at

the output as

6(9’ - ul) . sinc (.l’rdt)

Presently the thermal janeration of carriers within the CCD cells

limits the maxisum stdorage tisme rd to about 1 sec, and the treqnenéy
cesolaution to about 1 Hz. The time bandwidth product of a cco ;

transversal filter is siamply egual to the nusber of stages N, i.e.

5 N
Bx‘l‘d tcx‘c

vhere f. is the clock fregquency. To implemsnt the conventional CzT, 4

T ——— —
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the filters are waijhted, using the split‘ electrode technique
(discussed in Section 4.1), to form a chirp froa -fc to ffc and the
premultiplying wavef>ra has a duration l/tc which chirps froa dc to
-f.. Por a single frajueancy input at freguency f, the output of the

ficst wixer sweep froa -f_ to 0(1. This vavefors is shifted thrbuqh

the filter and forms a correlation peak at tise

(4.2-7

Thus the freguencies coaponents appear tise ordared at the processor
autput, the proportiosality coastant between frayueacies and time
being N/ff o the filtec chirp rate. The final post wsultiplication
simply corrects tha phase of the spectral components and is often

omitted vhen the phase is not required.

The accuracy of the transformation is liasited primarily by the
accuracy of the CCD filter and the multipliars. Pactors affecting the
filter response incluia linearity,'accutacy of weijhting technique and

thermal noise generatica.

CCD chirp transfocs processors have been implemented at 100 kHz

with fregquency resolution of 200 Hz. The technigua has an advantage

aver surface wave acoustic implementations in that the tiaing can be

established precisely by sable cio:kinq circuits, Further, the very

lov insertion loss ass>ciated with the CCD process allows a dynaaic
tange of approximataly 60 dB t> be obtained. The principle source of

noise 1s the differentiil curcrent integrator at the output. Present
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state of the art inlicates that the chirp transfors process aight be
Jperated at 20 MHz with 103 resolution elaments. The imnaccuracies
included in the mask pattern used to generate the weighting linits the
amplitude resolution to about 0.1%. The nonunifors etching rate and
>xide thickness togather with mask wmisalignments contribute to am
overall error of 0.58.* The largest CCD chirp transform processor
reported to date 1as 500 stages <14> and a transfer efficiency of
0.9999. At present the chirp signals are generated off chip in a 8
bit ROM and the wmultiplier is a discrete sultiplying D/A. The
accuracy is limited by the dynamic range in the input and output
circuitry and nonlinearities in the nultipiytng circuits. Purther,
the dispersion caused by the finite transfer inafficiency of 1 part in
10-4 causd a distortion tera of amplitude (UP€/2)Z times the desired

responss.

In concept all the functions involved in the process can be
accomplished by c3Ds. For eialplo the aultiplication can be
accomplishad by the CCD multiplier D/A concapt discussed in Section
4.2 and the wmultiplying chicps aight ba stored in CCD leloty; By
using electron beam expdsure the accuracy of th2 multiplying D/A light
be wmade eaquivalent to 10 bits plus sign and integrated on the chitp;
uénevar. a capable MO53 ROM would be a more offactive techniyue since
the CCD wmemory is basically a dynamic concept and subject to
leyradation. The speal of the process is basically limited by the
capacitive area anl h3nce an increase in resolution to say 1um from

the present 5Sum might Lead to a2 system operating at about TV rates.

SN, B A
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.3 Real Time Nonlinaar Optical Data Processing

During January 1975, ve began a study of real time nonlinear
optical data processing. ‘We are using a hybrid field effect ligquid
crystal 1light valva <15> as an incoherent to coherent imaging
intarface. This device is used as a real time substitute for
nard-clipping fils to accomplish pulse width encoding of continuous

tone picture information <16>.

The light valve is used in the coharent optical data processing
system shown in figur2 1. The incoherent input lijht derived from a
sercury arc lamp filtarad at a center wvavelength of 525 na. This
Light is modulated by a continuous tone transparency in contact with a
jrating designed for 3ach nonlinear operation. Th2 experiments to
date have been concarned with the nonlinear operation of image level
slicing. The apptobciate grating- for this oparation is a Ronchi
culing <16>, The Ronchi grating used bhas a fuadamental spatial
frejuency of 12 cy/ma aad optical demsity levals of 0.21 and 0.68.
The grating modulatal scene is imaged onto the light-sensitive Cds
layer of the 1light valve. The cesultant wmddulation of the Cds
conductivity produces a modulation of the coherent light amplitude
teflected from the 1lijat valve. (For'a detiailed dasscription of the
ligyht wvalve structuce and function, the reader should see reference

<15>) . The coherent lijht source is a 50 a¥ He-Ne laser.

The set-up of fijuce 1 approximated the level-slicing experiment

of Dashiz2ll and 3avchuk (see referz2nce <K16>). The desired

Jd
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Figure 4.3-1. Coherent optical data processor.,
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input/output intensity celationship for the ligat valve has a high
jasma. This high yamsa hard-clips the gratinj modulated image. The
cesultant coherent lijht output is then pulse wvwidth modulated into
three distinct states: n> modulation (dark), square wvave modulation at
the Ronchi ruling spatial fraguency and no wodulation (bright).
Band-pass spatial filtering of the spatiil freguencies around the t
first diffraction oriar of tha grating produces an output image of the
input transparency. Fhis output image shows only a narrow slice of
the total density ranje of the input. The da2nsity value for the
selected lsvel is detizrained by the intansity of the noncoherent input

illumination to the light valve.

Figure 2 shovs tae actual input/outpat intehsity relationship
achieved wvith the lijat valve used in the axpariments to date. These
data vere recorded with a3 (typical) light valve drive of 4.0 volts ras
at 2.0 kHz. Pigure 2 shovs that this valve has 3 maxiaus gamma of

2.1.

Piguc2 3 shows tha2 transfer Cuanctioa achieved in the level
slicing experiment. The gamma of ¢the 1ligat wvalve is too low to
achieve an ideal leval slice. Howvever, a broad 1level slice is
observed. The filtatsd first order intensity increases to a peak
value corresponding t> saximus modulation of the raflected coherent
light. Bayond that paik, the first order outpat intensity decreases.
This decraase is causad by saturatioan of the light valve at high input

intensities.
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The sensitometry of the light valve depends on the drive voltage
and frejuency. This drive can be varied to maximize the gamma of the

lLight valve. Other possible techniques for increasing the gamma

include wmodificatioa >f the liguid crystal typ2, the alignment of the .

liguid crystal moleculas relative to the substrate surfaces, the

preparation of the photoconductor and the operating temperature.

Even the limited jamma observed in these preliminary experiments
can provide very usefal nonlinear processing. The particular response
of the 1light valve caa ba included in the design of the grating
sodulator, for monotoni> nonlinearities. The monotonic nonlineatigies
are implemented by spatial bandpass filtering around the zero order of

the grating. This approach allovs the extremaly useful technique of

the logarithmic filt2cinj, as damonstrated by Kato and Goodman <17>.

In continuing work on this program, we plan to pursue two types
2f experiments. The ficst is to Qtudy transfar functions of the light
valve undaer various coniitions. This will ptovide‘info:lation on vhat
jammas can be producal with the standard light valve. In the second
set of experiments, ve will study the quantititive pecformance of the

light valve in producinj monotonic nonlinear response functions.
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