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~~vtth the Advanced Research Project s Agency Info rmation Processing Techniques Of-
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and systems for effi ciently processing, transmitting, and analyzing visual images
and two dimensional data arrays. Three tasks are reported: Image Understanding
Projects; Image Processing Projects; Smart Sensor Projects. The Image Under-
standing Project s involve the development of genei’&lized processing systems for aria
lyzin g images and extracting salient info rmation. The Image P~ocessing Project s
include research on novel image codin g methods, image resto?ation, vision rnodelliq
ar -I nonlinear two dimensional optical filtering techniques. The Smart Sensors Proj.
ecLs comprise investigations of electronic and optical processing methods jptegrated
with imaging sensors to perfo rm feature and symbolic extraction.
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ABSTRACT

This technical report summarizes the image understanding and image
processing resea rch activities performed by the University of Southern
California during the period of 1 September 1975 to 31 March 1976 under
Contract No. F-336 15-76-C-1203 with the Advanced Research Projects
Agency Info rmation Processing Techniques Office.

The research program has as its primary pu rpose the development
of techniques and systems for effi ciently 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 Project s corn-
prise investigations oE ~lectronic and optical processing methods integrated
with imaging sensors to perfo rm feature and symbolic extraction.
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1. Rmsdar:h Project 3verviev

This report describes tsa pro~rass and results of tha University

of Southern California isa~e understanding and Lang. processing

research study for the period of 1 September 1975 to 31 fitch 1976.

The research study has bean subdivided into three ptoj.:ts:

Image Understanding Proj ects

Image Processing Projects

Smart Sensors Projects

The image understanding projects invol ve research directe~ tovard the

goal of devebping generalLiad processing systems capable of analyzing

images and extracting salient information. Specific studies include

feature extraction, symboLic description, interpretation, and systems

analysis. The image processing projects include research on novel

image coding techniques based upon results of the image understanding

study, advanced image restoration methods, vision molelling in support

of image unler3tanding, aad studies of nonlinear two dimensional

optical. filtering techni~ uas for the imple mentation of imaging

stinsors. The smart sensors projects comprise investigations of

electronic and optical processing method s which can ~a integrated with

imaging sensors to perfors low level iuge enhancime nt and feature

extraction within the sens~r. The smart sensors research work is

being performed by the Haghes Aircraft ompany Researc h Laboratories

in Malibu, Cali fornia  unde r subcontract  to USC.

Section 2 of this report details the research effor t on the image

J.



P age 2

understanding projects. ra~ image processing research activities are

described in Se:tion 3, anl Section ~$ covers the w o r k  on the smart

sensors projects. Section 5 is a list of publications by project

member3 durin~ the reporting period.

- i
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2. Ia~~je U u d e r st an d i~~g Projects

The e f f o r t in ~~~ image unierstanding projects  is directed toward

th~ ~v~~~tu al  devel~~ a a at  of processin; systa.e tor generalized image

analysis. App lica tions of such systems include photo in te rp re ta t ion,

vehicle gu idance , v is i a l  t r a c k i n g ,  map m a t c h i n g ,  c a r t o g r a p h y ,  and

image communica t ion .

Th~ r~ search stu ly  is organized  according to t h e  s t ruc ture  of a

conceptual image uni*cstanding system. ?his system consists of a

feature extraction stage which detects and measures  p r i m i t i v e  features

such as edges and texture regions frois an input image . Next the

primitive features are grouped into meaningful sym bols such as object

boun daries, segment; of sole common attribute , or basic shape

structures. Finally tas image symbols are interpreted in terms of

their semantic relationships to produca a concise quantitative

description of the original image. Some knowledge base is assumed

available for guidance of all elements of the image understanding

system.

The philosophic approach -to the study has been to b r ing  together

a research team skilled in digital signal processing and concepts of

artificial intelligence. Although the research eff ort at USC involves

all stages of the ov.ralL image understanding system , initial emphasis

has been deliberately placed on the feature extraction and symbolic

description system elesants. Rapid progress is neeled in these areas

to assist the researca in the higher stages of the image understanding

syst em.
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2.1 Lu siiir *ce Edye Da~~ :tion ruchni~ ues

¶4ilLiaa K. Prat t

ChauJ ?s or di.~; atinuities in an image attribute such as

lum in~nca, tristimulas value , or texture are fundamentally important

p r i m i t i ve  f e a t u r e s  of aa image  s ince  they  o f ten  p rov i de  an indicat ion

of t h -~ spat ial  e x t e n t  of objects  w i t h i n  the image. Local

d iscon t inu i t i e s  in i~ a j - ~ l u m i n a n c e  or a m p l i t ud e  level are called

lum inince edges, wh ile jiobal luminance discontinuities are defined to

b~ boundaries. This report presents a survey of luminance edge

detecti3a techniques.

- Figure 1 contain ; sketches of one and two dimensional luminance

edges ~ach  r~ pr e sent e i  as a r a m p  increase in imag e  a m p l i t u d e  level

from a L o w to a h igh L~ ie l.  In the  one d imens iona l  case the  edge is

ch t r ac t er i z e d  by its h e i g h t , the  slope angLe , and i—c o ord ina t e  of the

slope mi~1po int .  An c i j e  exists if both the  slope ang le  and height are

larger th an specified critical values. For the two dimensional

example  t h e  or ientat io i  with respect to t h e  i-ax is  is also of

iaportanc~ . An ideal edge datector processing the image regions of

figure 1 should produce an edge indication localized to a single pixel

located at the midpoint of the slope.

& common aproaca to monochrome edge de t ec t ion  is i l lustrated in F
f igu r e  2 in  which an c i gi n al  m on o chc ome image F(j,k~ undergoes a grey

sc~ile edge enhancemen t b~ linear or nonl inear  proce ssing to produce an

imaje field G(j,k) i it a  accen tua t ed  spatia l l u mi n a n c e  changes . Nex t ,
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(a) ONE DIMENSIONAL EDGE
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, I (b) TWO DIMENSIONAL EDGE
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Figure 2. 1-1. One and two dlznenmional edges.
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a threshold operation is performed to determine the pixel location of

significant edges. I negative going edge exists if -

GU.k) < T LU.k) (Z.l-la)

• and a positive going edge exists if

GO,k)
~~
T
uU.

k) 
- 

.(2.1 1b)

where T~(jl k) and Tu(j.k) are lower and upper threshold values,

respectively. These threshold values may be mad. spatially varying to

compensate for gross spatial luminance changes. Threshold selection

is one of the key issu es in edg. detection. A threshold level set too

high will not permit detection of low amplitude structural image

elements. Conversely, a threshold level set too low will cause noise

to be falsely detected as an imag. edge. An ad;. location map E(j,k)

is often generated t indicate the positions of edges within an image.

For examp le, all positive edge locations could be indicated by white

pixel valuas against a black background. Alternatively, positive

going edges could be aoted by white pixels, negative going edges by

black pixels, and non-edge regions by mid—grey pixels.

A second major a~ pcoach to luminance edge detection involves

fitting of a local rajion of pixel values to som. ideal representation

of a one or two dimensional edge, as defined in figure 1. If the fit

is sufficiently close, an edge is said to exist, and its assigned

parameters are those ~f the ideal edge.

—— - .—
~~~~~

--——.-.
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Linear Edge Eaheecas sut Neth ~ ds: A va r i.ty of edge enh a ncemen t

techniques can be 3tLLized to accentuate etg.s prior to threshold

detection. One of the simplest techn iqu.s is discrete differeuci ng

analogous to contimaoas spatial differentiation. Horizontal edge

sharpening can be obtaiaed by th• running difference opera tion which

produces an output image according to the relation

- au.k~
ar(J,k~-rtJ,kI1) 

(2. 1—2a)

Similarly , vertical sta rp enin g results from the operation

O(j,k).JQ,k)-T(.j+1,k) 
- 

(2. I-2b)

Diagonal sharpening can be obtained by subtraction of diagonal pairs

of pixels.

Horizontal edge accentuation can also be accomplished by forming

the differences between the slopes of the image amplitude along a line

according to the relation

H 
- G(j,kl = (F (j,k) ~PQ,k 1)}.[PØ,k+1)Y~,k) )  ~2.1-3a)

or equivalently

- 
- G(j,k) = 2F(j,k)-FtJ,k-1)-?(j,k+1) (2. 1—3b)

Similar expressions exist for vertical and diagonal slope differences.

Two dimensional discrete differentiation can be performed by

convolving the original image array with the compass gradient masks

listed below <l ,p.lll):

- - - -—~~~~~~~~ 
~~~ -~~~~~

-
~~~~•-- ~~~~~ •- ~~ -. -.

~~~~~~~~~~~~ ~~~~ ~~~~~~~~~~~~~~~~~~ 
- -—~~~~~~~~~~~~~~
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-

r

North
- i i  1

~ -2 1 (2. 1—4a )

—1 —1 —1

Northeast

1 1 1 1

~! 
-1 -2 1 (2. 1 4b)

—1 —1 1

East
-

~ — 1 1 1  - I
_
-

-
~ ~

i= -1 -2 1 - (2.1-4c) .

— 1 1 1

Southeast
- —1~~—i 1

1 
- 

- - 
= —1 —2 1

-

‘ 

1 1 1

- ; South

1 —1 —1 —1 
—

-

~ 
11 ~ -2 1 

- (2.1-4e)

-

~ i l l

Southwest
• 

- 1 —1 —1

~~~~~~~= i -2 -1 (2.1—41)

1 1 1

Vest

1 1 — I  -

- H = 1 -2 -1 (Z.1~4g)

1 1 — 1

Iorthvest
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1 1 1

H = 1 -2 -1 (2. 1—4b )

1 —1 — 1

The compass names indicate the slope direction of maximum response ,

e.g. the East gradiut mask produces a maximum output for horizontal

- ‘ luminance changes from left to right. It should be noted that the

gradient masks have zero weighting (the sum of the array elements is

zero) so that there is no output response over constant luminance

regions of the image.

Edge sharpening, without regard to edge direction, can be

obtained by coflvolution of an image with a La placian m,sk. Several

typ3s of Laplacian masks are listed below:

Mask 1

0 - 1 0 
—

H = - 1  4 - 1  • (2. 1—5a. )
-0 -1 0 -

flask 2
—1 — 1 —1

= -1 8 -1 (2.1—5b)

—1 —~l — 1

Mask 3

1 - 2 1

H = -2 4 -2 (2.1-Sc)

1 - 2 1

Edge sharpening can be made proportional to the statistical I -

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

— -- — —~--——- —— — —-- — --— -—- —-- — -—-———--— - ——-——-—-- - - — - —•—-—. — —---- - —--“-- — — - .-~.-—-—-- - -• —-•- - •- ——- -•--—-—— - JxJ___ — t
~~
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- 
- 

~
I
c~~

+Pa
2) 

~c~a 
-

H = - P~ (l + l ~c
) (1+ P

c
2)(1+ l

~•
2) Pa

(l+Pc ) 
(2.1-6)

- 
~C
’R 

- 

Pc(1+
~~

) 
~~~~

in which 
~R 

and 
~c represent the assumed Markovian correlation factor

between adjacent r~~ and column pixels. If P~~ . P~EO, there is no

adjacent element correlat ion and the s ta t i s t ica l  mask has no effect ;

in the extreme, 
~~~~ 

P~~1, the statistical mas k reduces to the

Laplacian mask of eq. (Sc)

Argyle <2> and Macl eod (3,4> have proposed Gaussian shaped

weighting functions as a means of edge enhancement. The Argyle

function is a split ;aussian function defined in one dimension as

li(4 = expf(!5} x~~O

- 
-
• - 

- 

(2.1-7)
h(x) ir~~.xp {~(EJ} 

- x C O

where p is a spread :nstaat. Tb. ~acleod function given by

= 
(
.)
2 [ 1&2T .±2) }] (2. 1-8)

where p and t are spread coustasts. Ibis functi on suppresses the

effect of pixel values Lu the edge transition region and edges in rows

abov, and below the edge to be detected.

& common limitation of the linear edg. sharpening methods

previously discussed is the amplification of hig h spatial frequency

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _  

F
— - —— - ~~~~- -~~ —- -~~ -— -- - - - - - -  --- —~~- ~-— —— — - —- -

~~~~
- 

~~
—- 

-—
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noise and artifacts as a result of the inherent differencing

operations involved. Noise smoothing can be eizcocporated into the

linear edge sharpenin g cethods by performing t~a linear masking on

regions of pixels catner than on individual pixel s (5>. This can be

accomplished by forming a linea r mask

EQ,k) * H3Q,k) • H(J,k) 
- 

(2. 1-9)

by convolving one of tie edge enhanceme nt lasts previously defined

with a low pass filter averaging mask H5(j,k). Such spatial

- 

- averaging, of cour se, leads to a smoothing of edges as vei l as noise.

Nonlinear Edge Ensancemen t letbods: Nonlinear edge detection

systems perform nonlinear combinations of pixel values as a means of

edge enhancement prior to threskolding. Host technigues are limited

to processing over smaL l 2 z 2 or 3 x 3 pixel windows. —

Roberts <6> has introduced the monlia.ar cross-operation

-~~ - \1,2
- G~ (j, k) =(t J’(j, k)—J’(j+1, k+1))2+(F( j, k+1) ..F(J+1, k)] 2) (2. 1—10)

as a two—dimensional difterencin g method for edge sharpening and .dg.

isolation . Another spatial differenc ing oparation , which is of

co.putationatly simpler form, ii give. by

G
*

(jp k)=lF(j,k)_T(j +1,k+1)I+IT(j , k+1)_F(j +1,k)t (2.1—11)

It can be easily show n that

0
*

(i,k)* GAU,k)~ /TG~ (j, k) (2. 1-12)

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _  -~~~~~~-
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Crude directional inton ation can be extracted oy noting which of the

four pixels is largest at a- detected edge point.

Sobal <7,p.271> 2*5 suggested a 3 x 3 nonlinear edge enhancement

operator described by the pixel numbering convention of figure 3. The

edge enhancement plan e is defined as

G(j,k) (2.1-13b)

where

X = (A2 +2A 3+A4) - (A0+ 2A7+ A6) (2. 1-13b)

= ~Ai
f 2A1+A2) - (A6+2A5+ A4) - (2. 1- 13c)

Another 3 x 3 nonLinear edge enhancement algorithm has been

introduced by Kirsca (3> . Referring to the notation of figure 3, the

enhancement is given as

GtJ,k) = max ~~~~~ [)5S1
_ 3T. I]} (2. 1-14a)

where
- • 

Sj = Aj+Aj+i+ A 1+2 (2. 1~ 14b)

T~ Aj+3+ Aj÷4+ AI+S+Ai.~~+AL+? 
(2. 1- 14c)

The subscripts of S and 1’ are evaluated modulo 8. Basically, the

K irsch operator provides the maximal compass gradient magnitude about



A0 A1 A2

A7 F(j,k) A3

A6 A5 A4

Figure 2. 1-3. Numbering for 3 X 3  edge detection operators.

in
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an image point ignorLn~ the pixel value ?(J,kJ .

Vallis <9> has proposed a non linea r edge detection scheme based

• upon koaomorpbic inig. processing. According to this scheme an edge

exists if the saguituls of the logarithm of the image luminance at a

pixel exceeds the magnitude of the average logarithmic luminance of

its tour nearest neiga b ons by a fixed threshold value. Vith reference

to figure 3, the edge enhancement plane is defined as

- 

G(J,k)=1og(FQ,k))~~~1og(A1)-~1og (A3)_jlog(A5
)_
~log(A7) - 

(2.1-iSa)

or

G(j, k) =*log [ PQ, k) 
1 (2.1-ISb)

- [AAASA5A7J

Comparison of G(j,k) against upper and lover threshold values is

exactly equivalent to comparison of the fraction in the brackets of

eq. (15b) against a modified threshold. ?beref ore, logarithms need not

be computed. The principal advantage of the logarithmic edge detector

besides its computational simplicity is that the technique is

insensitive to multiplicative changes in luminance level.

The logarithmic edge enhancement scheme defined by eq. (15) can be

considered as a linear enhancement with the Laplacian mask of eq. (Sn)

performed on the logacitt~ms of the pixel values. In this context

• other edge enhancement nethods can be easily formulated as a

concatenation of point nonlinear operations followed by linear edge

enhancement and thresuolding.

---~~----— -—- - - —~ -
-~~~ 

— --- - ~_. - --
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Rosenfeld <10> has developed a nonlinear product averaging nask

for edg. sharpening and edge isolation. With this operator the

runn ing one-dimensional aver ag.

k)= -
~~~~~ C F(j+M- 1, k)+TQ+M-2,k)+. . . +F(j, k) -

• —T U— 1,k)—F(j—z,k)_ . . .F(j_M,k)] (2.1—16)

is formed at each pixel point where 1~ 2m and m is an integer. This

operation is perfonsel for ~a1 ,2,4,8,16,...,.t:. up to some desired

upper limit. Then, the product

~~~~ 
k)=D1(j, k) D2(j, k). . . DM(j, k) (2. 1—17)

is formed at each pixel. Conceptually, the higher order averaging

masks provide a broad indication of edges and some degree of noise

suppression, while tie Lover order averaging masks yield localized

derivatives, which are much more noise sensitive. Together, it is

hypothesized, the product of the variable length averaging masks

should give a positive indication in the vici ni ty  of true edges.

Rosenfeld ’s justi f icat ion of the operation is as follows: “...the

result P~~(j, k )  tend s to yield sharply localized detections of major

edges while suppressing noise. Intuitively, this is because the

product is large only when all factors are large, and as soon as one

moves awa y fro. a position “just at” and edge point, the factors with

low m’s become small; yu le it one is not at or near a major edge, the

factors with high m ’s are small.”

Rosenfeld < 11> has  also proposed a non l inea r  processing procedure

for isolating large sharp edges in the neighborhoo d of smaller edges.

-- - -~~~~~~~~~~~~~~~ -— — - 5 -  ~~~~~~~~~~~~~~~~ - ~~~~~--  -~~~——•- ~~~~
— - -
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This procedure , which v a i l  be called dominant ne ighbor  suppression , is

p e r f o r m e d  by scanni ag  the edge enhance d p l a n e  G (j , kI wi th  a small

pix~]. wind3v. The value of G ( J , k) in the cen ter of the win dow is

suppressed (set to ze ro )  unless its magnitu de is tae greatest  of al l

samples within the window. Conventional amplitu de threshol ding tb en

follows. A var ia t ion of the  process is to perlit suppression of

~~(j, k) on ly  if a ne i ; ub r in the  window dominates  by a s ignif icant

~ uount .  The dominant  n e ighbor  suppression t h re s ho l di n g  a lgor i thm has

proven quite effectiv e for edge detection when coupled wi th  an edge 
—

enhancement method t h at provid es some noise smoothing .

Edge Fi t t ing N etn o ls :  Ideal edges may be viewed as one or two

dimensional ramp signals of the form sketched in fi g u r e  1. Actua l

iiage data can then h a natched aga ins t , or f i t to, the ideal edge

models. If the f i t  is suf f ic ien t ly  accurate at a given image

location, an edge is assumed to exist with the same pa rameters  as the

ideal edge model.

In the one dimensional edge fitting case described in figure 4

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

5(x) = 0 (2. 1—18)
-

~~~ 

( b+h x~~ 0

An edge is assumed present if the mea n square error
• 

(
X

0+L -
- 

24J - [f ~x) — e ( x~] dx (2.1—19)
z0-L

______________________________________ 
_______________________ 

F
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Figure 2. 1-4. One and two dimenwLonal edge fitting.
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is below sone threshold value. In the two dimensional formulation the

ideal step edge is defined as

b zco.B4ysIn9<p
S(x,y )  = (2. 1. 20)

- x -coaO+y aln 8�p

where 8 and  P represent the  polar distance from the cen ter of a

circular test region to the normal point of the edge. The edge

f i t t ing  error  is

- 4ff(Pfr,y)~ Sfr, y~)
2dxdy - 

-
- 

(2.1-21)

over-
c~rc1e - 

-

Hueckel (12> has developed a procedure far two dimensional edge

fitting in which t ae image points within the circle of figure 4 are

expanded in a set of t w o  dimensional basis funct ions  by a Fourier

series in polar coordinates. Let 01 (x,y) represent the basis

functions. Then the weighting coefficients for the expansions of the

image and the ideal step edge become

• 

- 

~ f f  ~~~~~~~~~~~~~~~~~ • 
(2.142a)

. • 

b1 if] H~(x~y)S(x~y)dxd~ - 
(2.1-22b)

It should be noted that S(x,y) is defined parametrically in terms of

the set (b ,h ,P,8). Lu aueckel’s algorithm the expansion is truncated

to eight terms for computational economy and to provide some inherent

noise smoothing. ~iniiization of the mean square difference of

— —i- __ __ _ __i____ — •—‘----————--—•-—------— — - — —----—-•— - -~-—-~--~- - —~-——~• ~—
,
~~~~
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•q.(21) is egui.aleat to minimization of (a —b
1
)2 for all

coett ict smts. Hmeca il. has performed this minimization, invoking some

simplifying approximatio ns, and has formulated a set of nonlinear

•g.atiom s expr essing ti. edge parameter set (b,h ,P,R) in terms of the

•*pamsioss co•fficient s a~~. & test is performed to compare the actual

image data P (x,y) with the .dg. fit , and if the resulting f i t  is poor

b .caus. of cots., no edg. is judged present. If the fit is

muff ict.a tly close, a further test ii made to de termine if the edge

contrast factor h is treater than a threshold factor.

The complexity ( the Riaeck.l algorithm renders it difficult to

analyze theoreticall y. However , experimental evidence indicates that

the Uw’k.l operator is quite sensitive to the detection of low

contrast edg.s in reasonably noisy images.
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2.2 A New :lass of E1~~e and Feature Detection Operators

Werner Frei and Chung—Ching Chen

Human or machine scene analysis depends greatly upon th. ability

to partition an i.a~ e into regions that correspond to individual

objects. One popular approach is the detection of edges , which are

crudely defined as the boundaries bstvesn image regions having

different properties. Such properties are brightness, color, texture

or whatever might enab le the detection of object boundaries within the

image. clearly then, edge detection must be based upon the inspection

of more than one picture element within sub-areas of an image in order

to decide whether an edge segment is present within each area. This

operation can be expressed as

.dg.= !llf(A)) (2.2-1)

where f(.) represents some function of the picture elements within

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

edge elements can be characterized by variables such as amplitude,

orientation, position, and a confidence factor.

Upon ezamination of the whole picture, object boundaries are

constructed by connecting the edge el.aents detected into lines, an

operation that can be based upon simpl. syntactic rules, for example,

to connect neighbor edge elements that have similar orientation and

delete isolated ele•eats. Some of the difficulties of edge detection

are created by noisa, but muck more so by the facts that visually

~~ ~
::TIt :::~ ::: ::: be 4.te:t~~ :jtht: i area of TZ1~~~ .II.I. I.IIIII J
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or conversely, that wh at appears to be an edge within A sometimes

belongs to a homog.neausly textured are a of th. picture. Increasing

the size of A would apparently solv. the problem , except for

computational limitations. Al so note that if the siz e of A is

increase d greatly, the description of an edge wit~ Ln & becomes very

complex . It is generally recognized that boundary detection is

therefore best done oy the combinati on of a r.lattv.ly simple edge

operator followed by aL~oritbms such as thinning and linking that

delete irrelevant alga points and connect the remain in g ones into

lines. 8 number of saci edge d etection opera tors have be en published ,

for example , Roberts gradient (1), kirsch <2), Sobe ] (3), Preuitt <1$),

smoothed gradient <5), aobinson <6) and Hueckel <7,8). All of the

above algorithms can ~a expressed in general terms as

“edge’ T (f ( B ‘A)) (2. 2—2)

where B is a linear tra~isformation of A and f is a non-linear distance

f unction. Edge detection is then accomplished by moving the area A

over the whole pictur e 3equentially , and recording the edge parameters

found. Within that class of a]~ ori thms, the computationally fast

operators consist of a set of templates 0 of size 2 x 2 or 3 z 3

pixels that  are coavolved simultaneously with the image to be

analyzed. The maximu m , sum of sguares , or absolute sum of the

convolutions is than thresholded to obtain edge points. Edge

• direction can also be determined in a st ra ightforwa rd manner , either

by ident i fy ing  the or ienta t ion  of the template  which yields the

largest convolution value at  each point , or by an ar ct angent

________ I 
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______ — 
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computation (1-6>.

Comparison of the above operators reveals similarities that - can

be attributed to the asuristi; design approaches used. Yet there does

not seem to exist a gmncrally recognized criterion for optimization;

the evaluation of such an algorithm Is performed chiefly by visual

inspection of processed edge pictures. The excaption is the Nueckel

operator, in which na ideal edge is def ined a priori, and the

algorithm optimized t~ detect such ideal edges.

The present contribution follows a similar approach in the sense

that ideal edge elemast3 are defined first. The analysis reveals that

no more than two templates are reguired for the optimal detection of

such edges, and the paramiters of the operator can be adjusted to

match preferred types of non—ideal edges (sharp versus smooth). Given

the axiomatic criterion of ideal edge elements, most existing

algorithms can be readily evaluated, and it is easy to verify that

many are compu tationatly redundant.

The edge operator is then generalized for other image features

such as ideal line elements and discrete Laplacian (idea] points)

which, taken together, constitute a rudimentary but fast orthogonal

feature transform. Examination of the chara cteristics of the

transform domain sug;asts the elaboration of a measure of confidence,

or conversely, the design of adaptive threshold strategies for edge

and line detection. rurthermore, experimental results suggest that

the above featuree provide appropriate elements for contextual

thinning and linking a1~orithss.

- - - -~~~~ -—— — -——~~~~~~~~~~~~~ 
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Definitions: Con aildr an image region 8 of size n z n sampling

intervals shown in fi~ure la. An ideal edge elemen t in the continuous

• image dosain is defined as a straight boundary pa ssing through the

center of A that separates two regions of different average brightness

• and 
~~~~~
. Adopting the convention > b2, the direction 4’E of the

edge element is uai juely determined with respect to any arbitrary

direction (figure 1b~. Note that the ideal edge element is

characterized by its magnitude IS 1—S 2 f and orientation
~~E, 

where

- - ~ ~- E ~ . 2-ri. Possible discrete representations of the sampled ideal

edge element will now be examined.

Consider the set of n~ brightness samples b1~ of & as an element

of an n2-dimensional vector space B • The elements of  8 can be

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

b11 b12 b13
= b21. b22 b23

(2. Z-3a)
-b 31 b32 b33

b

I
- 

- 
In inner product (dot product) on 8 is defined as

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _
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FIgure 2. 2-1. De finitIons of ideal stru ctural elements and concept of
confidence.
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(
~,c) =

~~~~~~~~~~ ~~~ b~~c~ (2.2-4a)
i=l J=1

• 2
a

(b c) ~~~~b c  
(2. 2.4b)

¶ All of the fast edge operators mentioned previously can now be easil y

expressed in terms of the above notation. For example Roberts

gradient is given by

edge = T((LW1)
2 
+ (U. W

2
)

2

) (2.2-5)

with

with = [
~
] w2 [ i  ~

] (2.2-6)

where T(.) — 0 or 1 if the argument  is smaller or larger ,

r espect ively, than a preset value. Note that and can be

regarded as a pair of basis vectors for8 • The following hypothesis

is now formulated:

The discrete representation of all- ideal edge elements defined

above forms a proper subset 4 of 8 , of dimension two. Is a

consequence, there lust exist a basis consLstin3 of and 12
which spans 4 such that all ideal edge elements can be

represented by no more than two linearly independent coefficients

as

ç = (P~!~
) (2.2-7)

I
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for i = 1,2.

Note that this formulation is intuitively satisfying in that ideal

edge elements are characterized by two independent quantities, their

magnitude and direction . If and are orthoaorsal, these

quantities can be easily obtained fro.L1 aid 12 by

“niagnIt~d&’ = (t~ + 4)
1 (2.2-8a)

“orientation” = atan 
(..f i) 

- (2. 2-Øb)
2

A more satisf ying proof can be obtained by observing that all possible

discrete representations of non-ideal edge elements can be obtained as

a linear combination of I~, I~ and other non—edg . basis vectors to be

discussed. It has been found hovev.r that for a > 2, the subset S is

not unique, but depends upon the weighting function esed to compete .k
1

and 
~z• Figure 2 •aows examples of such basis vectors for n — 2 and

n — 3. Note that w hat distinguishes the bases of fijures 2b, 2c and

26 are the weights given to pixels as a function of distance from the

separating boundary. - This permits tuning of the edge operator to a

certain extent for the detection of sha rp or smooth .6g... It La now

possible to assess existing edq. opera tors by projection of their

templates onto the basis ~sctors found. On. conclusion tha t can be

draw. immediately is that any Dp.rator that sakes use of nor. than two

t.splate. is conputstionaU.y redmndant because the excess temp lates

ar. linear combinations of two edge basis vectors. Consequently, the

excess convolutions are linearly dependent as wall , and therefore

r edundant.  Figure 3 sn vs projections of the templates of the Kirach

L - -~~ -~~~- ~~~~~~~~~~~~~~ - ‘
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operator onto the basis vectors of figure 2. A more detailed study of

existing operators cai be made later, by observing that the teaplates

used are sometimes a Linear combination of !i’ !~ 
and other non—edge

basis vectors to be lLs:ussed. Figure I shows two convolutions of a

test image (figure Ia) with the basis vectors !l and of figures lb

and sc. Edge detection could be done at this stage by thresholding

the magnitude of the projection of j. ont o 8 shown in figure Id.

Other Features: the edge detection operator can nov be extended

to the detection of other image features of interest. An ideal line

element is defined in tae continuous image domain as a straight strip

of width approximatel y equal to one sampling interval, passing through

the center of A , and of different average b~tghtn.ss ~~ 
than its

surroun d 
~~ 

(figure 1~) . The ideal line element is characterized by

its direction lE, its magnitude 1E1-52 1 and its color defined as

sgn(b 1-~2). The discrete representation of all ideal line elements

forms another subset t ~fB , of dimension two, which shares only the

zero element with S • An intuitive set of templates fort shown in

H figure 5a can be redu~eI to two line basis vectors 13 and 14 and two

point basis vectors £5 and 1~
. Since the latter do not have a

directional property, and since they span the space of all possible

discrete realizations of the Laplacian operator <9>, it viii be

assumed that 15 and 16 span an independent point subset, whereas the

line subapace of ~ is spanned by 13 and 14• Et should be noted that

ther e exists an ambj ~~u ity  in~~ as to the color of lines, that  can be

resolved by examination of the components in the point subspace. 
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Figure 2.2-5. “Intuitive’t line detection templates and decomposition

into line and point basis vectors.

~~~
i 

_ _ _ _—S 
- -~~~~~ -‘ —5-- .- — —5--- 55— - - -~~~ 

- -
—- 

—-5— - 5— 5-- —‘-.-—---5----- 5-——- —---— — -—— —5-——— —5— - - -~—



— — 
- -__~~~ ~~~~~~~~~~~~~~~~~~~ 

‘
~~~~~

Page 315

The basis can be extended to span the entire spaceB . The last

three basis vectors found are 1~ 
(average brightness~ and I7~ 18 which

span a fifth subset, tentatively called a ridge subset which could be

meaningful in texture analysis. Figure 6 shows one complete

orthonormal basis for a = 3, expanded from the edge basis vectors of

figure 2b. Figure 7 shows the convolutions of the image with each one

of these vectors (sea also figure lb and Ic).

It is nov possible to define a feature vector j.~ of dimension

smaller or equal to ,~
2
, whose com ponen ts are the projections (1~,IJ of

~ onto the respective basis vectors above. For example, fot n 2 in

the expansion of the basis of Roberts gradient

1 1 1~
1 0 o - i1 =  b (2.2-9)
0 1— 1 1

1— 1 — 1 1

- - 
Mote that in this case there exists no point esbspace in B , and the

line subspace has only one dimension. Therefore, the direction and

color of ideal lines cannot be resolved when n * 2.

In order to increase computational speed, the magnitude function

is sometimes replaced by the sum of absolute values

“magnitude” = l i i i + I1~I (2.2—10)

whi~b can be in error uy up to ‘51%. It has been suggested that such

errors do not seriously affect the performance of edge detectors, but

it is easy to see tha t they give preference to certain orientat ions.
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Extensions: Several properties of the feature transform are now

being actively exploraL of particular interest are the magnitudes of

the projections of 
~ 

onto the subspaces~ ,~~~ ,9 ,R . Figures dSd and

8a, Sb, Sc show these magnitudes computed as

“magnitude” = (f~ + t7)
4~ (2.2-11)

for (i, j) = (1 ,2) • (3,tsg , (5,6), (7,8). Since the se magnitudes are

indicative of the respective contributions of ideal edge, point and

ridge ele.ents present within an actual imaje segment, it appears that

a measure of confidence can be derived as a funct ion  that  compares the

magnitudes of the projections of & onto the edge su bspace ~ and the

non-edge subspaces ~ , 9 , ft , respectively. Conversely, it is

conceivable that the threshold decision can be based upon the relative

magnitudes of the coiponents, instead of using a fixed threshold

value. ?his is illustrated conceptually in figure id , where the

vector k1 would be classif ied as an edge but  not vector b 2, although

k2 has a larger  pro ject ion  onto the edge subspace, and would be

detected dS an edj a by conventional enhancement/threshold edge

detection algorithms.

Next it is observed that the magni tude images ~f f igures  4a , 8a ,

Sb , and Sc reveal a complement ary nature of the  edge and , to a lesser

extent, ridge versus Line, and point subspaces. An intuitive argument

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

larger than one saspliu; interval. It is easy to sea that edge points

~~~~~~~~~~~~~~~~~ --~-~~~ -- ---a—--*. r--
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will be detected oa each side of the  line. Conv~ rsa1y, lines and

points are detected on each side of non-ideal alges, a fact that is

less apparent intuittvaiy, but can be verified readily in the pictures

of figures ‘5d , 8a, So, and Sc, or by man u a l  computation. This

• observation suggests t~et contextual information supplied by the

remaining element s of tae fea ture  vector ~ can be used to eliminate

edges due to noise , as well as to th in  and l ink edges or lines, since

any edge point is surcotandtd by line points of simi lar orientation, as

well as point elements, and vice—versa.

Conclusions: It is believed that the present feature transform is

a powerful  tool. fo r  image analysis , and ena bles an objective

analytical evaluatio~ of edge detectors. En additio n to the

extensions mentioned above, it is also pointed out that the present

approach can be extended immediately for n > 3. However , it appears

that a rb i t ra ry  lar~ e values of ii are not very desirable in terms of

computational load, because the contextual techniques outlined could

jive similar results at a lover cost.
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2.3 Detection and ColLaj of Edges using Dir.ctiDsal Raskm

Guner S. Robinson

& new imag. codim~ system is describe d , which combines the

detection and cod ing of visually significiant •lg.s La natural images.
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Edges  are def ined as amplitude discontinuities between different

regions of an in aje .  The edge detection system makes use of 3 x 3 —

masks , whi c1~ are weLl suited for digita l implementa tion. Edge angles

are quant ized to ei~ at equally spaced directions, suitable for chain

coding of contours. Jse of an edge direction map improves the simple

thresholdiag of g r a d i en t  modulus  images. The concept of local

connectivity of the edge direction map is useful in improving the

performance of edge operators such as kirsch and Sobel operators. The

concepts of an “ei~ a act ivi ty index ” and a “locally adaptive

threshold” improve performance even further.

Directional Nash 3perators: Two dimensional mask operators are

commonly used for filtering and enhancement (1,2>. Two dimensional

discrete differentiation can be performed by convolving the original

image with the compass gradient masks shown in figure 1. The compass

names indicate the slope direction of ma ximum re sponse , e.g. the —

North gradient mask produces a maximu m output f or vertical luminance

changes, i.e. for horizontal edges. The direction of this horizontal

edge could be from left to right or from right to left.  In the

following , edge directions corresponding to the eight compass

gradients are determined such that the bright side of the edge is

always to the left as one moves in the d irection of the edge. The

diractions of the edges corresponding to the eight compass gradient

4 

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

the sight principal directions in a 3 x 3 grid, as shown in figure 2.

This notation is used i~ order to be consistent with the Preeman chain
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coding scheme <3, p.2149> for subs.quent chain coding of extracted

boundaries.

The Rirsch operator (18> can be thought as taking the output of

one of the eight compacs gradient masks show n in the second column of

figure 1. The mask va i ch  produces the maximum output determines the

direction of the e1g~ . The gradient image is obt ained by taking the

magn itude of the output of that mask.

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

the differentiation masks

fi 1 ii. 1 0 —1

w = Io 0 o l w = i  0 - i
x I t y

— 1 ..iJ 1 0 —1

given by Prewitt <l ,p . l3 B) , as shown in the third column of figure 1.

These directional aasts are called three-level simple masks in order

to distinguish them from the five—level directional masks which will

be given later. ?ne two orthogonal masks , V,~ an d V,,., which measure

the gradients in the North and Vest directions, approximate the

partial derivatives in the z-direction and y-direc tion, respectively.

Appl ication of V~ ~n1 to an image results in spatial

di f fe rent iat ion  in two orthogonal directions. The gradient magnitude

and direction can t i en  be btained by taking the magnitude and

direction cosines at  each point.  &n analog gradient picture results

when the  gr adient  mag~~itudes are displayed as gray values. 
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The Sobel operator (5,p.271) can be thought as a combination of

two gradient masks, ae in the North and the other in the East

direction. The outputs of these two ma sks approximate the partial

derivative in their respective directions. & gradient modulus image

is obtained by takin g the magnitude of the two orthogonal mask

outputs. The direction of the edge can also b. determined from the

outputs of these two masks.

:1 In the to11owin~ a set of five—level simple directional masks are

considered for  obta~.n&n g  the analog gradient image and the edge

direct ion in a simple m anner .’ These masks, called five-level simple

masks, assume f ive int eger  weights between —2 and +2. The five—level

simple compass gradient  masks are sb~ vn in the four th  column of figure

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

(a) The two orthogonal masks

[ 1  2 
~~ 1 0 -1

Mz =l0  0 0 1 M~~= 2  0 -2

t.:1 _ 2 _1J 1 0 - 1

approximate the partial derivatives in the x-direction and —

y—direction, respectively.

(b) The zero weignts in the center of the masks result in

ignoring the transient  line where an edge might  occur.

(C) Computing t~ e ou tpu t  of the f irst  four  ma sk s is enough to

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

- - 
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Por example , if tb~e result of the North mask is positive, then

the edge direction is 0” and if it is negative, then the

direction is “1$~~.

(d) A defocusing operation can be performed on an image by using

• a low-pass mask much as

• 

M
~~

= .
~~~ {2 

: 

-

which has integer weights similar to E and 
~~~~

. This type of

defocusing •a~~ could be. used for obtaining local threshold

values in edge detection by simple directional masks. Nask —
has a better sidelobe structure than the Low- pass counterpart V0
o f V  and V - -x y

1 1 1 
—

-

w0 = .~
. i i  1 _

1 1 1

which makes a simple averaging operation of nine pixels in a

3 x 3 grid of an image . It has been verified that N , N and N
0 x y

are members of a seven—level  orthogonal. set of masks similar to

the set given by Frei and chen (6>.

(e) Live— level simple directional masks yield a higher gradient

amplitude in tue diagonal direction than the horizontal or

vertical direction. It is known that the visual acuity in the

- -- . 5- - - - -• . 5- - 5- - - - - 5- --- -5-- - - 
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-
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ho r i zon t a l  and ver t ical  directions is supertor to the visual

acu i ty  in the d ia go n a l  d i rec t ions  fo r  a lar ge ran ge of spatial

f r~~ uencies, n al  it is conjectured t h at  the basis of this

phenom enon lies in the retina and higher orde r visual pathwa ys

<7,8>. The directional masks of figure 1 can be compared in the

z-y domain definal by the partial derivative operators V and W •

For exam ple, the direction and normalized amplitude of the edge

corresponding to t ae  Northwest diagonal mask is described below:

Type of Mask Angle (Degree !) Amplitude

Prewitt 45 0. 943
Kirech 45 0. 943
Three-level simple 45 0. 943
Five-level simple 45 1.067

This table shows tiat a].L tour types of directional  masks are

nonisotropic. However only the f ive-level  simple masks

compensate for t a c  lover visual acuity in the diagonal directions

by weig hting tu e  diagona l elements h ighe r  in the corresponding

masks.

Ct) The structur e and integer weights of the simple masks make

them especially suitable for fast - - coaputution of gradient

magnitudes and directions 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 a 3 z 3 grid surrounding a picture elemen t gives

the gradient magnitale and dicection. The gradient picture is

obtained by taking tue maximum gradient value at each point. The mask 

5 - —  — —— —
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which yields the m a x i mum gradien t value -letermines the direction of

the edge. The edge m~ p is a two dime nsiona l. a r ray  of number s which

range between 0 and 7. The threshold map can be obtained in various

ways. In general it is a two dimensional array which is used in

determining whether th e  gradient value is large enough to accept or

rej ect the presence of an edge point. The presence of an edge is

determined by examining the gradient values, edge direction map and

the threshold map. U the edges in a 3 z 3 grid surrounding a point

sat isfy the  local connectivity conditions depicted in f igure 14 , and if

they are above the threshold set by the threshold ma p, then it is

determined that there  is an edg e point . & bina ry edge map is thus

generated at the output.

Figure 5 shows some examples of ana log gradien t images. Figure 6

shows the importance of the three basic blocks of the edge detection

system for extracting tue edges in a picture of a toy tank. The

comparison of the results with the results of the ~irsch and Sobel

operators shows that the use of the local connectivity and the locally

adaptive threshold is necessary to improve the extraction of visually

significiant edges. F igu r e  7 shows the binary edge maps of two other

images using a fixed threshold equal to the average intensity of the

corresponding analog gradient images.

Edge Activity In1a~ and Locally Adaptive ?hre shold: Examination

of the analog gradient images shown in figures 5, 6 and 7 shows that,

a suitable fixed threahold value would produce the edges directly.

However, it should be obsetve~ that some edges are very faint, while

iL.-
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some are stronger. It the threshold is too low , too many edge points

arw obtained and if the threshold is too high, then some sign if iciest

edges are Lost. This suggest that i.prov.ment of th , analog gradient

image and the use of a Local threshold is necessary .

The improvement ot the analog gradient ima ge cam be obtained by

the use of the edge activity indsz IA! defined as the ratio of the

maximum gradient  magni tud e  at an image point to the average magnitude

of gradients in eight compass directions. If the eight directional

gradient values at a pixel (i,j) are y09y1,...,y7 ,tben

Msz[IykI. 
k =0,1,...,?)

EAI = I 7 -

krO

coul d s r v e as an obl.ctiv. measure of busyness on a 3 z 3 grid of an

image. If the Ill is greeter than a threshold , i.e. if the edge

activity is conaiderabl~ superior in the direction of the maximum

gradient, then the maxim u m gradient value is taken , otherwise the

~radient value is set to zero. This operation results in a sharper

histogram for the anaLog gradient image. It has been experimentally

verified that the gra d ient image has a R ayleigh -like distribution.

The histogram is v e r y  peaked for a large class of na tura l  grey tone

images . ? he shape of the histogram does not change for various types

of direc tional masts . A simple value for a fu el threshold value in

i i edge detection is the sca n intensity of the gra dien t image. In the

examples edge maps ~ener ate d with f ixed threshold are obtained using

the mean intensity as tie threshold on the corr esponding gradient

5 5-— — -— —~~~~~~~~ ~~~~ -- -~~~~- ~~~~~— - S -— —- ~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 5-—— 
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- t  image, in addition to t~e Local connectivity tests on the

corr.spoading edge direction amp. Another choice of the fixed

threshold can be obtained by integrating the histogram starting from

— the high intensities, since the edges have high intuisity values in

the gradient image. lore and more edge points can be added in order

to attain a fixed sumner of edge points in the resultant binary edge

map.

A locally adaptive threshold has bess obtained by comparing the

analog gradient image with a blurred version of the ori ginal u sgs,

which is obtained by a low-pass operation on the image. The

part icula r low pass operation can be performed by the mask M 0. Thus

the locally adaptive threshold has been defined as

Maxt i ,~I , k 0,1,...,7) H
LAT =

OUtput of the lowpa.s fliter M0 at pixel (i, j)

?igure 6 shows the result of the use of a locally adaptive threshold I:

on the toy tank.

Coding: Preliminary results show that the transmission of edges

extracted using compass gradient mask s may be enough for some low

level applications. For more sophisticated applications, a simple

grey tone image can be generated by transmit ting a reduced size

version of the original image. The size reduc t ion is obtained by

successive size halving of the input image by averaging four 
-

neighboring picture alements on tvo lines. ?he reduced size image
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(32 x 32 or 64 x 54 for example) can ne coded by standard

two-dimensional coding tecbnigus3. At the receiver a full size

blurred image is ton ed by successive linear interpolation. The

superposition of the adjes  with this grey tone imag e is expected to

give more visual int~raation than just an edge izmge, while providing

a good d a t a  rate reduct ion . Investigation of efficient coding methods

as veil ~s receiver interpolation of edg. intensities is presently

under way.
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2.4 Color Edge Detection

Guner S. Robinson -;

Color images may be described quantitatively at each pixel by a

set of three tristiaulus values which are proportional to the amount

of red, green, and blue primary lights required to match the pixel

color. The red , grain and blue components may be transformed by some

linear or nonlinear invertible function to quantitie. which are mote

suitable for efficiant transmission, color perception, redundancy

reduction, edge extraction, etc. <1). The R.T.S.C. transmission

color coordinates y, £ and Q are obtained f roe the trietisulus color

components by a linear transformation. The T componant, which is a

weighted sum of the tristimulus values, is a measur e of the luminance

of the color. The I and Q components jointly describe the hue and

maturation of the image.
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several definitions of color edges are possible, depending on the

choice )f the color coordinate system. In monochr ome images an edge

is def in ed as a d i scon t inu i ty  in the brightn ess function . £

generalization of t a i s  defini t ion would be possible by defining a

discontinuity in the three—dimensional vector space d~Ciued by B, G, a

or other color co rd inates  obtained from B , G, B by a linea r or

nonlinear transformation. For example an edge in a color imag e could

be defined as a discontinuity in the luminance component , ignoring the

discontinuities in I and Q in regions of constant luminance. Then the

color edge detection p roblem reduces to the case of monochrome edge

detection . It is kn odn that the red , green and blue components of an

image ace highly correlated . The transformation which gives the

N.T.S.C. color transmission coordinates partially removes this

correlation., i.e. the !, I , Q components are still partially

correlated. A second approach to the color edge detection problem

involves use of the Karkunen—Loeve transformation to decorrelate the

color components. Bije detection is than performed on the individual

principal components of the particular image. Still another approach

is to perform the edge detection operation on each component of the

color space and combine the edges suitably, depending on the

definition of the color coordinates. This approach then reduces the

problem of color edge detection to repetition of the monochrome edge

detection scheme f or all three components. The U V V and L a b color

coordinat, systems could also be used for color edge detection sinc.

they posses a metric color difference sensitivity to a good

approxima tion , while the A , C, B space does not (1>.
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In order to substantiate the above ideas and conjectures, various

color components have bees computed using the red, green and blue

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

color components th a t  were considered are: princt?al components

P1P2P3, Y I Q, L a b, an d  C1G2G 3. The components G 1,G2 
and are

obtain ed using the modal of the human visual system developed by Frei

<2>. Figures 2 to 5 snow the various components, which are scaled to

have the same ranj of values, 0-255, for display. The percentage

energy each component represents is given in Table 1. The normalized

covar iance matrix of the red, green and bin. components of the girl

pictur. is

f1.000 0.221 0.1721
= 10. 221 1.000 O. 228 j

L0.172 . 0.228 i.000J

The principal components have been obtained using the above covariance

matrix.

Experimental Re sults for Color Edge Detection: Experimenta l
* results in the edge detection are confined to the directional mask

edg. extraction algoclta m <3> . Th. directional mask edge extraction —

algorithm was applied to each componen t s.parmtely . The binary edge

maps were gen erated by using local comn.ctivity and a fixed threshold.

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

gradient pictsre. Ta. color •d;. was obtained simply by comparing the
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Range of Value 8 Energy Content
Color Component (mm -max) (%)

R 56. 0 255 .0 37. 6

G 3.0 245. 0 43. 8

B 43. 0 219. 0 18. 6

P1 59. 2 400. 0 90. 6

P2 -91.4 60. 4 8.4

p
3 24.7 101.2 0.8

Y 25.9 241.6 89.2

I 14. 9 88. 0 10. 3

Q 25.8 66.0 0.5

L 38.2 98. 0 82. 1

a - 14 61.0 16.8

b —30.9 34.3 1.1

~ .0 118. 0 96. 9

-17.5 1.76 2.9

- 2. 89 6. 05 0.2

Table 1. The range of valuec and the percentage energy
content of varioue color components.
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twenty four gradient values in three components and eight directions.

The gradient that gives the maximum value at a pixel thus determines

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

first, second or the third color component. rigure 6 shows some

exaiples of gradient images of color components amd figures 7 and 8

illustrate examples o~ the color edge extraction algorithm.

Comparison of Color Coordinates: Visual examination of the color

components show n in figures 2 to 5 shows that  the conjectures that

were made in the seie~tion of five sets of color coordinates are

basically correct. The percentage energy each component represents

is, in general, indicative of the edge activity in that component.

The principal components do not have a physical meaning in terms of

the perception of colors. However, the first principal component is a

weighted sum of the tr iat imulus  values, and therefore , is a measure of

the brightness of tha iiaye similar to the V and L components. The

f i rs t  principal comp onent has the most energy content , which is most

likely due to the sharper amplitude discontinuities . In the case of

the  L a b components, “L” reflects the brightness of the image, the

values of “a” and “b” reflect the redness-greenness and

yellowness—blueness o( th e  image , respectivdly.

Objectiv e measures in addition to the subjective evaluation are

necessary for comparing color components for suitability for edge

• extraction. The ed~p act iv i ty  index FAX could be used as an objective

measure of edge busyness in an image (3>. If th. edge direction

angles at a point (i .3) are quantized to ei ht compass directions, the
p

I
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Figure 2.4-7. Edges detected In the ROB color space and comparison
with edge maps obtained In the fl , G and B components

- separately, using dire~tional Kirich masks.
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Figure 2.4-8. Edges detected in various color coordinate
systems using directi onal Kirsch masks.
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EAI provides a measure of th. superiority of the ma ximum gradient

direction to th. gra~iests in the other seven compass directions. If

the values of 1*1 nra computed on the edge positions throughout the
I

-j 

- image , then the mea n and the varia nce of the 311 is •xp.ct.d to b.

indicative of the eIj a activity in that image. The study of the .6g.

activity index as an objective measure in comparing the above fivs

sets of color compoesnts is presently under way.

Ref erences
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2.5 Uueckel Color Edge )etector

Rae Nevatia

A common operation performed on images is that of edge detection.

Fdges are defined as a discontinuity in some image attribute, usually

luminance. Boundaries Detveen two objects are often accompanied by a

discontinuity in luminance. In color images different objects may

have d i f f e r e n t  colors and it seems useful to look for color

discontinuities or color edges. This paper provides a definition of a

color edge as a general izat ion f the Bueckel edge operator ( 1—2> , and

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
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a techniqu, for its computation. Some experime ntal res ults are

pr.sested.

Repr esentation of a Color Im age: A digital isag. is described by

a function, say I(&,y), defined at chosen ~tid poLite of the image.

For a gr .y level (achr omatic) image, the £ section I is scalar valu ed;

its value being the Isminanc. of th. isag. at a cer ta im point. For

color images, three val u es must be specified at sack point , i.e. the

function I is vector valued and has three components.

A common choice for the three components of I is the Red, Green

and Blue (R,G,B) components of a scene viewed through red, green and

blue filters. The 9, ~ and B components can be transformed to other

quantities, more closely associat.d with human visual sensations of

color, suck as brightness, hue and saturation. The choice of

components for representing color is discussed later.

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

defined by a discontinuity in the luminance function, I. The precise

definition of a dLsc,ntinuity varies with the different edge

operators. To determin, an edge in a color image, a definition for

discontinuity in a three—dimensional color space is required. The

simplest scheme is perhaps to compute edges in the three color

components separa tely and determine an edge in the color image if

certain relations between edges in individual components are

satisfied. This pape r describes a technique in which a constraint is

imposed before the computation of individual edges. This approach is
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based oa an edge Oper at or  developed by Hueckel (2> for a single, grey

level image which is first described briefly.

• The lIudckol operat)r determines the pr~sen:e of an edge in a

circular neighborhoo~i by f i t t ing an optima ]. step to the input signal.

An ideal edge step is defined to have a step or line profile in

amplitude , this profile being constant along a straight line in the

signal window.  The edge is characterized by the position and

orientation a of this line, and six other parameters which determine

the amplitude and the profile of the edge (for details, see (2>) .

dueckel’s method determines the paranetars of the edge step that

latches best with the image in a given neighborhood.

The matching is simplified by expanding both the input signal and

an ideal step into ena first eight elements of a series of orthogonal

functions. Let the coefficients of expansion be aj an d s~ for

o < i < 7. Hote that the S. are para.eterized by the edge parameters.

Optimal edge parameters are found by minimizing 
-

- 

N2
~~~~~~ (a. - ••)

2 (2.5-1)

I t is shown in <2> that the optimal value for th e edge direction a. can

be det er mined independent of the ot her edge parameters  as a function

of coefficients a~. The remaining edge parame ters are then computed

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

step with the best fit i. sufficiently large and the fit is

sufficiently good (1 is small compa r .d to the step amplitude).

k—— ~~~~~~~~~~~~~~~~ - 
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To extend this concept  of an edge to a color edge , an optima l

step in the  vector color space is defined first. Let a step in the

color space have tbr e~ components SR. S G aftcl SB in the three color

components, and let tn a  corresponding degrees of f i t  be 1ft’ N0 and

w her e 
7 

- 

-
~

NB
2 

=~~~~ (a~
_ )2 

(2. 5-2)

Simila r equations exist for fiG and 1B low , an opt ima l step in color

space is defined by determining S~ S~ and such that

N2 2 2 2
= N~ + NG + NB (2.5-3)

is minimized. If tne three step components are allowed to be

independent , then minimizing I in n j .  (3) is equivalent to minimizing

the three components separately.

To simplify the optimiza tion the three components are allowed to

be independent, except that the spatial angles are constrained to be

identical (i.e. a
R

z a
G 

a.~ ). 3nce an optima l step with this

constraint is obtained, a decision process for judging the presence of

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

determined by N , and a weighted sum of the iguar es of amplitudes of

the steps in the three components, analagous to the achromatic image

case. -

Alternatively, tae presence of edges in the three components may

be determined separately fro. components of th. optimal -step above.

Presence of an edge in the color image may now b. based on

-

- ---- --- - —---5-- 
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rela t ionships  between tn e  edges in the three components. Experimental

results us in g two types  of relation s are presented later.

Computation of a C ]or E d g e :  An ex pression for N, defined in

eq. (3) can be easily generated from expressions for individual

components (following e~. (12) in <2>) • From th i s  expcession , it turns

out that  the  angle a can still be chosen indepe ndent of other edge

parameters (see Appendix 1). The remaining edge parameters may now be

computed ex~act ly as for  the black and white images.

Computing the optimal value of a requires the solution of an

eighth order polynomial. As an approximation , a. can be determined as

~ weighted average (weighted by the step a mplitudes) at the optimal

angles of steps in the three components, determined separately. This

is the method used for  the  results presented later. - -

In s u mm a r y ,  an optimal step in color spac e is computed as

follows. First, optiial steps are computed for the three components

separately. A common angle is determined by a weighted average of the

three angles. Using this new angle, the other edge parameters are

recomputed, each component being treated independently again. Also

new values for N~, NG and 9B are obtained. The resulting edge

parameters are taken to define an optima l step in the color space.

Next, the presence of edges in the three compone nts of this optimal

step is detected separately. Eelationships between these edges are

used to infer the presence of color edges as described below.

_________________________________ 
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Exp erimental  Eesult s:  Figures  la , l b  and 1: show the R , C and B

components of a color picture of a girl, an S~ PTE (Society of Notion

Pictures and Television Engineers) test picture. Figures 2a and 2b

show the color edges obtained by computing an optimal step in color

space as described ea r l i e r .  Figure 2a shows the edges that occur in

at least two comp aeats of the color step (the displayed edges are

those occuring in the strongest component). Figure 2b shows edges

occurring in all thre e components. These results m ay be compared with

the edges obtained from an achromatic imag e derived from the color

girl image and shown in figure 2c.

The edges shown in figure 2a contain fewer undesired edges.

However, some desired edges may be lost because of the strict

requirement of the presence of edges in all three components. Figure

2b contains a larger number of edges, fifing in some of thie gaps in

figure 2a.

The number of components occurring in a color edge may be

considered as a measure of the confidence or prominence of the edge.

In subsequent processing only edges present in all three components

may be processed initially. Ndges with fever components may then be

used to fill in as analysis proceeds and mor e con text becomes

available .

Another approach is to accept a color edge if an edge is present

in amy of its color components. The color edge is further

characterized by the components in which edges are present. This

description is used in further processing of the edge data .

~~~~~~~~~~~ — ~~~~~ -~~~~~~~~~~~ -~~~~~~~~ - - ~~ - - -  - —~~~~~~——- -- 5 - -  -
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A common step is the proc.ssing of an image is to link the local

edges into longer segments. One techniqu. of linking edges into

nearly straight line segments is described in <3>. It is also

suggested there tha t the elongated segments are often useful in

isolating the edges belonging to object boundaries. Only neighboring

edges having orientations within specified limits of each other are

l inked. Further, onl~ edge segments that contain at least a certain

minim um number of edge elements are preserved.

The description of a color edge as defined above allows further

constraints to be imposed on linking of two edges. 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

which one edge occurs are the same as, or a subset of, the components

in which the other edge occurs. Figure 2d shows the result of linking -

edges obtained fro. the girl picture with this additional constraint

and using the metnod described in <3>. Only segments conzistin~j of

more than five edge elesents are shown. Again, linking with tight

constraints nay be aced to obtain boundary segments initially. These

constraints may then be relaxed based on the additional context

available now.

• Choice of Color o cdinates: The edge detection scheme described

- - above is applicable to any image where each pixel is described by

three numbers. The conventional  1, G and B components  of an image

were used for the reaults presented in the previous section. These

components do not correspond directly to the hum a n perceived color

L
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attributes of an i m a g e .  tha man perception of color is normally

described by the attribztes of brightness, hu. and saturation. The N,

C and B components can be transformed to give these attributes. Edges

obtained in the transformed space have more intuitive meaning and may

be easier to use in further processing. e.g. it may be useful to
extract edges differing in hue only.

Edge detection e~pert.ents, similar to those described for the

R,G and B components, were performed in a transformed color space

using a transformation based on a model of human visual system

developed by Frei CI>. The transformed space contains a luminance

component and two chromaticity components. - The chromaticity

components are claimed to be independent of the Luminance for a wide

range. The three components were scaled to have the same range of

values. The results obtained are comparable to those of tigur.s 2a,

2b and 21. However, acre the chromaticity edges at. separated from

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

Conclusions: An optimal step in color space that - allows the steps

in the three components to be combined in useful ways has been

defined. Sole alternatives for combining the com ponents were

discussed and ezpeciaantal results presented. Lu important issue

requiring further experimental  invest igation is the choice of color

space used to represent an image.

Acknowledgements:  The definition of optimal color step presented

here was suggested to the  author by Dr. T.O. Binfotd. W.D. Miller
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helped with the early analytical and programmin g work. Dr. V . Frei
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Appendix I

• In reference <2~, Hueckel presents a foraula, eq. (12), for

computing N (for an achromatic image) which may be abbreviated as

follows

N = f 1(&) + 12(a) + f3(v) (2.5~4)

where f1 is a functio3 of the coefficients a., f2 is a function of a
0 1

only and f 3 is a function of vector j  containing all the edge

parameters. It is sn awa in <2> that f 3 is always equa l to zero at the

optimal solution point, and that to minimize I, a may be chosen

-

~~ 

- 
independent of other parameters in j.

For the color case it is necessary to minimize

- 
- 

N
~~~E (f~j(&) +f 2~(ca) ) 2 

(2.5..5)
j=1t,G,B - 

-

Different iat ion with respect to a yields an eighth order polynomial in

cos (a) . After a is coaputed , other para meters of -ER’ X.~~and I B CSR be

computed separately as fo r  the case of black and white images.

-

- 
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2.6 Recursive Estimator for the Determination of Boundaries

Nasser E. Nahi and Simon Lopex—Mora

The purpose of t aL e  research is to develop recursive algorithms

for the estimation of boundaries of objects in noisy pictures. The

available information is assumed to be limited to the statistics of

the object boundary toce~round and background.

The scanned picture is represented by

a(k) = A(k) + (2.6-I)

for k — 1,...,N~ where i is- the number of lines in the picture, 
~~ 

and

I•note the intensity values of object and background, assuied to be

sample functions of two statistically independent , cyclo—stationary

random seguences whose first two moments are avai lable , and A is a

binary valued function taking values of 1 or 0 corresponding to points

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

The domains of si,, 3b and A correspond to the entire picture.
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A set of observations

y(k) = •(k) + v(k) - (2.6-2)

• is assumed , with s(k~ as defined in .g.(1) and v(k) representing a

zero •ean Gaussian white noise sequence of variance a
2
.

The dynamic system chosen to rspres.nt A (k) is given by

w i+1) = A(i)(\ ( i ) + B(i) u1 (1) (2. 6—3.)

M b) = .5(1+ sign (~ j~ ( - U )  + — c — TRi(k - 1(1) — SD)  (2.6—3b)

1’ a-1)N+1’kl’iN’N2

where,
I U s ’ O

sign (s) - 0 ifs -0 (2.6-4h)

-.1

c+~~~ m U-~~~’~~ < O  
-

TR1 - N $
(2.6-4b• 4c N

- c-jj.s U

TR.I(s ±N) TR i (s) for all s (Z. 6—4c)

for c > 0. It is shown that this noniimsar model represents the

statistics of A , wa.re ‘ (i) is th. variation of the object width at

line i about its mean . s(i) is th. deviation of the width center

from its mean i (measured from the m idd l, of the picture), 1(i), B(i)

are matrices of appropriate dimensions, and g. (u i, u 2)
T 

is a zero

--

~
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ne~ n whi te  Gaussian s a j~ ence of unit  covar iance.

When dynamic models representing the statistics of the object and

the background are adjoined to eg. (3) it is possible to formulate a

nonlinear minimum awan s~uare error estimation probiss for which the

method introduced b~ Naki and Naraghi <1> can be implemented. To

illustrat , the p.rfacsa sc. of the .sti.ator, a bima ry picture with an

object imt*ssity of saLty and a back~~nsnd iat.asity of zero has been

used. The parameters L3r the diamond shape is eq. (3~ were calculated

as

,.998

A(i) =( (2.6-5.)

.9,1~
- 

/1.~
9

3(1) -

~~ 
) (2.6-Sb)

0 $1

with I • dS . I a 0, ~ • 256 sad c a ~ To staji. net the boundary

estimation itself , s
~
(i) — 1 aid sb(k) • 0 have b s a  m ed. Note that

1 — 0 corr.spomds to obj ec ts that shoul d be centered , even though the

orig inal pictur. Is sat. Figure Ia shows the observation sequence

when Gaussian noise of standard dsviattoi 0.5 has been added to the

original picture wh os, object intensity is siLty aid with background

imt.nsity zero whil. figure ic shows the •atlsat.d (brighter trace)

and original boundaries. Similar results for the case of Gaussian

noise with variance 14 appear in figures lb and Id. 
-

Fur ther  work is .anlarway to generalize these results to more
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complex shaped object s possessing multiple gray levels.
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2.7 Figure of Merit for Rdge Location

W iUia m N. Prat t

Relatively few studies of edge detector performance have been

reported in the literature <1,2>. A performance evaluation is

difficult because of the large number of proposed methods,

H difficulties in deteraining the best parameters associated with each

technique, and the lack of definitive performance criteria.

In developing performance criteria for an edge detector, it is

wise to distinguish between mandatory and auxiliary information to be

obtained froi the detector. Obviously, it is absolutely essential to

determine the pixel Location of an edge. Other information of

interest includes the height and slope angle of the edge as well as

its spatial orientation. Another useful item is a confidence factor

associated with the sign decision, for example, the closeness of fit

between actual image data and an idealized edge model. Jnfortunat.ly,

few edge detectors provide this full gaaut of information.

_ _ _ _ _ _ _ _ _  - —  — I
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There ~re t hre a major  types of error associated wit h

determination of a~ edge location: (a) , sissing valid edge points ;

(b),  non-localized edge points; (a) , improper classification of noise

pulses as edge points. Figure 1 illustrates a typical edge segment in - 

-

a digital. inage , an ideal edge representation , and edge

representations subject to various types of error.

A common strateg y La signal detection problems is to establish

some bound on the probability of false detection resultiag fro. noise,

and then attempt to mazinize -the probability of true signal detection.

Extending this concept to edge detection simply involves the setting

of the edge detection threshold at a level such that the probability

of false detection resulting from noise alone does not exceed some

desired value. The probability of true edge detection can be readily

evaluated by a coincidence comparison of the edge naps of an ideal and

an actual edge detector. The penalty for non—localized edges is

somewhat sore d i f f i cuLt  to assess. Edge detectors which provide a

smeared edge location snould clearly be penalized, however, credit

should be given to edge detectors whose edge locations are localized

but biased by a small aiount. —

An edge location figure of merit for digita l images has been

( i developed. The figure of merit is defined as

p _.L 5 (2.7-1)
‘N j ’ ’

~ l+~~d

where 1N maz( 11 ,IA and I~ and 1A represent the number of ideal and

- 
_ _ _ _ _ _ _ _ _ _
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(a) IMAG E SEGMENT
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-~~1(b) IDEAL INDICATION (c) FRAGMENTED INDICATION
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-

(d) OFFSET INDICATION (e) SMEARED INDLCATION

Figure 2.7-1. Indications of edge location.
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actual edge sap points, a is a scaling constant and d is the

separation distance of an actual edge point norsal to a line of ideal

edge points. The rating factor is normal ized so that N 1.0 for a

perfectly detected e&~e. The scaling factor a may be adjusted to

penalize edges which are localized but offset from the true position.

Normalization by the sazi sun of the actual and ideal number of edge

points insures a penalty for smeared or fragmented edges. As an

example of performance, if a = 1/9, the rating of a vertical detected

edge o f f se t  by one pixel is set at N = 0.90, and a two pixel offset

yivas a rating of R 0.69. Vith a = 119, a smeared edge of three

pixels width centered about the true vertical edge yields a rating of

N = 0.93 and a five pixel wide smeared edge gives N = 0.84. A higher

rating for a smeared edge than for an offset edge is reasonable

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

Some edge detect ors provide an indication of edge height, slope

angle, and orientation. For these detectors, it is useful. to

determine tiLe mean s~ iara deviation in these guantities from their

true values averaged over all true edge points which are coincident

with detected edge points. -

The performance evaluation methodology described above has been

applied to the 4ssassment of edge detection technigues using a test

image consisting of a 611 z 61$ pixel array over a 0 to 255 aaplitude

range with a vertically oriented edge of variable contrast and slope

placed at its centar . Independent Gaussian noise of standard

deviation a2 has o~ aa added to the .dje imag e, and the ressltaat

_ _ _ _ _ _ _ _ _  _ _
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pixture has been clippel to the sazissa display h u t s  (0 to 255).

The signal-to— noise ratio is defined as

SNR. = 2 (2.7-2)

where h is the edge height.

Since the purpose of the testing is to coapare the perforsanc. of

various edge detectjo3 sethods, for fairness, it is isportant that

each edge detector be tuned to its best capabilities. Consequently,

each edge detector is peruitted to train both on rudo. noise fields

without edges and the actual test isages prior to evaluation. For

each edge detector the threshold paraseter is set to achieve the

uaxi.u. figure of sen t subject to the m u m ,  allowable false

detection rate.

Figure 2a contains a plot of the figure of merit as a function of

signal—to-noise ratio f3r several edge detectors. The figure of aerit

is plotted as a function of edge width in figure 2b. The figures of

merit genarahly folLow .zpected trenis: low for low contrast, wide,

noisy edges; and hip in the opposite case. Sose of the edge

detection aethoda are universally superior to others for all test

isages.

As a check on the subjectiv, validity of ta. edge location figure

of merit, figures 3 aad ~$ present the edge location saps obtained for j
several test isages f3c high an~ low ranking e~;e detectors. These

figures tend to cocr3borate the utility of the figure of merit. A
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high figire of merit jenerally corresponds to ~ veil located edge upon

visual analysis and via , versa.
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2.8 Extraction of Prominent Features from Aerial Photographs

Lee V. Martin and Ran Nevatia

The identification of “prominent features” in an image yields

guideposts for furthar processing. Prominent features are those that

correspond to ar.as of interest for scene analysis, and are likely to

exhibit son, global prop.rtias. For example, the features nay

correspond to partial b undaries and be used to lirect the scene

segmentation proc.ss.

The attributes of a useful feature are, in general, unknown. The

ideas upon which to baa . featur . •xtraction am, founded on human

observations of scsi.. and , as is presently th. case, the human

observer is th. final arhit.r of what constitutes prominent features.
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In tbis report fu tures useful for maIm ; :orrespondences between

two images of the same scene for image registration or stereo matching

are considered. This approach is an altemnativa to previously used

tecl~niques of bul t area c rr elation whic h are very &xpensive

computationally <1>. extraction of some prominent features will

significantly reduce the number of elements to be searched for

correspondences. Som a criteria for determining features are:

(a) relative invariance under slightly dissimilar imaging

conditions and shall perspective changes.

(b) reproducibility of the feature.

(C) uniqueness or at least the set of features which have common

attributes should be small, to be useful in complement image
• matching .

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

object boundaries.

Thi3 section describes a technique for extracting features

derived from edge data. The features ar. called edge segments. Local

edges consist of lini s satisfying certain relationships of proximity

and orientation. L n g  edge segments of ten correspond to object

boundaries <2). Such •~g. segments satisfy the :riteria above, to a

degree, and are prominent in the sense that a human observer is likely

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

program operation follows.
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A øue~ k el <3> ei~ e operator processes the ent ir e  image returning

edge data on posi t ion , orientat ion , and type. Edges are typed

• depending u pon whether the diScontinuity within the view area of the

operator is most l ike:  a step (S) ; a line ( I ) ;  or unclassifiable as

either (U) . The distin:tions are described b r i e f ly  below (for more

detail refer to <3>) .

The view area of t ae  edge operator is guasi-circular, and in the

id3alized circle a step (S) changes f rom some average brightness b1 to

• a second value b2, only two average brightnesses are considered in the

disk; a line (L) occurs when there is a change fro m b 1 to b2 and back

to b 1 within the disk. The unclassifiable type results from edges

which cannot be ty~e3 as being an S edge or an L edge.

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

<2>. Briefly, edge points which have an orientation along a given

direction (with a given angular tolerance) are considered. Edges

vhi~h satisfy certaLu proximity relations are linked into edge

segments. These edge sa~ments are ordered sets of edge points which

denote :onnectivity between adjacent edge elements. Only segments

which contain more tau n links (here, n > 5) are retained. This

process is repeated for several angles over the entire range of

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

In the present pro;ram, linking is performed on any of the three

typed edge sets or :ombinations thereof to create edge segments.

Figure 1 shows the di~itized image which is 256 x 256 and figur. 2

illustrates typical results. The total number of step edge points is
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shown in f ij u r e  2a. rho l inked segments which resul t are  shown in

f igure  2b. Similar r e su l t s  are shown for line edges in figures 2c and

2d . No obviously p r osinen t  edges were observed by l ink ing  over the

unclassified edge points by themselves, however, when the step and

• unclassifiable edges were unioned and linke d some boundary

discontinuities were :l,sed.

The linked eija segments are features with direction

(orientation), location, size, shape, and position. Note the effects

which oc:ur in goi ng f rom the data set of figure 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 segments corres pond

to the delineation of some of the prominent featur es, e.g. outlining

some river and lakesb re areas, as veil as much of the highway in the

left part of the pi;tiare of figure 2b. The linking of line edges in

figure 2d indicates the presence of line type features  (the highway is

picked up as both a step edge and a line edge depending upon the

placement of the edge operator).

Even though noise obliterates some segments that a human

observes, the prominent features are still easily recognizable. This

processin g is only ezpe:ted to give features that suggest possible

• object boundaries. Also important is the raduction of the number of

elements being considered. Not only have approximately 35% to 50% of

the edges been rejected for failure to meet linking criteria, but

thos. retained are in sets of edge points. The search space using

edge segments contains consilerably fever elements. Note that a
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majority of edges whi~ k occur due to texture are eliminated. The

•dges in textured regions have random orientations and do not form

sufficiently long conae:ted segments.

Thus it can be sae~ that features have been obtained which are

• prominent in some sense, and which also satisfy our criteria (to a

degree). In addition, most texture edges are filtered out. Third,

areas of the image where further processing might be more fruitful

have been identified. Fourth, the original data set of oriented edges

has been changed and reduced to a Set of edge segments which contain

information of a more global nature.

Finally , the edge segments yield areas from which correspondences

between two images can be generated, based on some measure of

‘sameness”, e.g. :accelation of segments nased on direction,

location, size, etc. Spatial relationships between edge segments will

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

This program has created features by linking edges along angles

to form basically straight line segments along the central angle. In

figures 2b and 2d interangle links do not exist, even though they

appear to exist. The eye creates the illusion of iaterangLe linking.

This first step has considerably reduced the number of elements to be

• considered for further processing. The next step is to link the edge

segments from different angles that  intersect. Such linking wi]].

create larger edge segments. The threshold for number of edge points

could be increased to eliminate some smaller segments. Thus edges

that link over enougn edge points over one angle but never link up to 
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an y t h i n g  else would be eliminated . This will resul t in fur ther

reduction in the nuaber of features without eliminating the important

ones.
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2.9 Clustering for Image Segmentation

Harry C. Andraws

This report should be viewed as a broad research outline for an

approach to automatic isage segmentation. The technigue is based upon

methodologies which t~ave proven successful in the past in the

companion fields of pattern recognition and signal processing of

imag es. Specifically the approach suggested here involves a

mathematically generalized method to accept features or attributes of

potential segments, to comput~itionally select the best reducea set of

attributes or features for successful segmentation , and then to

subsequently attempt hardware simplification for ultimate
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implementation at the sensor end of mu image acquisition system. Tb.

generalization of this segmentation method will allow subsequent

addition of features defined by new operators (as they are invented)

without changing the segmentation technique. this then will allow a

quantitative methodology for evaluating new attributes as they come

• along while correspondingly improving th. segmentation results vithost

need of modification of the segmentation procedure.

Before developin~ tu e  specifics of the proposed s.gmentation

procedure, it is useful to describe the placement of this technique

within the het~rar:sjal formalis~ of USC’s approach to image

- • understanding. Essentially the image segmentor is considered a

preprocessor to the interpretation element of the image uaderstan4ing

which initially operates as a bottom up processor accumulating

evidence as to proper segmentation as it progresses. This is not to

say that it will not be responsive to feedback from the higher level

• world models and interpretation phases, for in fact this feedback will

aid in the optimization of the reduction of necessary features for

effective segmentation..

• Finally one peripheral application of a successful image

segmentation proc edur e consists of novel image coding methods. These

methods would fall into the category of “image synthesis via image

analysis,” the imag e analysis being automatic segmentation. As a

simple example consider a segment which has a property vector in N

space in which (for 3iaplicity) each property coordinate is quantized

to S bits. This im plies 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 I properties per segment, it may be

possible to obtain very  large bandwidth reductions through combination

of the attribmtes of s.jneuts with segmentation boundaries. Clearly

these possibilities need to be investigated.

• Property-Attribute Vector: The philosophy of ‘clustering for

image segmentation” is to describe arbitrary possibly overlapping

regions of an image by a vector of attributes or properties which

humans feel would on useful descriptors to differentiate between

segments. Because of the lack of complete understanding of hov

segmentation occurs, the property vector will probably be

overspecified with zi;i~ly redundant attributes or coordinates.

However this is to be expected since a “significant” feature selection

oper4tioa will follow the property vector definition. Before

describing the feature selection and dtmeasiontlity reduction aspects

of automatic image segmentation, it will be useful to list a few

candidate attributes: 
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local area mean
loca l area var iance
loca l area histograms
Rob ert’s operator
Hueckel operator

* Baker operator
othet edge operators
texture operators (joint density measures)

• entropy
correlation
intensities

• color, R,G,B
color T,I,Q
color L,C1,C2
ratio images
angle images
dept h from stereo
spatial frequenc ies
other transform coefficients

• principal components

The above list is not mea nt  to be all inclusive, but is provided as a

set of suggested first alterna tives for the propert y vector.

Clustering and Feature Selection: The N dimensional vector

describing the properties characterized above becomes a point in

(hopefully Euclidean~ I space. If the original ima ge is broken into

possibly overlapping small rectangular sections, and if each section

is described by an attribute vector, then each section becomes a point

• in I dimensional ~~ace. During the training phase of the clustering

procedure , a class of images will be selected in which unambiguous

segmentation exists and this class of images will be sectioned ,
• attributes computed, an d resulting vectors placed as points in I

space. Remembering that the axes in this space represent texture,

color, brightness, etc., pattern recognition clustering procedures 
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• wil]. t h a n  be appliai  to get the  points to cl uster as t igh t ly  as

possible. Such tecbni~~ies include  convergence algorithms and measures

for describing tighti~ass of clusters using between, within, and

mixture scatter matrices. Coupled with these will be feature

selection procedures to remove those attributes which tend to scatter

• the data and do not contribute to well defined clusters. Typical

measures for effecting such feature selection include divergence and

Bbattacbaryya distances as useful attributes or property

discriminators <1>.

The entire procedure of sectioning, property vector computation ,

imbedding in N dimensional space, clustering, and feature selection is

directed at effective nod efficient image segmentation. However, it

is not clear what a ‘properly segmented image’ is or what a ‘better

partition of the imag e’ means. Therefore it sill be necessary to

H direct this training procedure with extra—image knovl.dge, i.e. huma n

intervention. Much was accomplished in the way of the development of

texture discriminants for consistency with tb. human visual process

<2>, a similar procedure is anticipated in the definition of “correct

partitioning’ in the segmentation problem. Specifically, imagery will

be selected in which husan interpretation results in consistent image

segmentation. A segmentation discrim inant will then be developed much

as in the texture discriminant work (2>. Ixtrapolation to more

diff icult  imagery will follow with necessary fine tuning of the
• segment discriminator via additional attributes or prop.rti.s and more

precise clustering and feature selection.
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2.10 Interpretation and World Knowledge

Erica N. Round s

The goal of thi s research is to design the decision-making

component of the inage—understanding system which will construct a

• meaningful description if the real—world scene depicted in the • image.

Research efforts are concentrated on two sub-problems:

(a) the decision procedures which assign meani ng to the regions

or parts of tie image discovered during the segmentation stage
• (interpretatiow ; and

(b) the efficient representation of objects and their properties

and relations in the problem domain (knowledge base).

Interpretation is essentially a Iscision process designed to
* select from a set of p ssible meanings one whi ch fits the given inpet

image. There is an obvious similarity to the classical pattern

recognition problem, the main distinction being on. of com plexity. In

image understanding, the physical basis of the image is of major

• importance, and the lescriptions of object classes and segmented
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regions in the image ca~ uire more complex data  3tructutes than is
• customary in pa t tern  recognition. However , wi t h suitable

modifications, some of t ie pattern recog nition methodology can be

usefully applied to tan problem of image understand ing <1>.

Decision Process: ?he underlying strategy for the interpretation

is based on the “hypothesis formation and validation” paradigm. This

is a two-phase process consisting of a long range strategy (global

search) and a short rang, strategy (local search). During th. long

range strategy, a coa rse evaluation of the regions is atteapted to

discover some prominent features w hich suggest tentative hypotheses

concern ing the objects Lu the acm e. The short range strategy then

accumulates evidence for th. hypotheses by performing a more detailed

analysis of the pictorial data. This paradigm is supported by

evidence from human visual processing which suggest that an initial

overall scanning of a scene is followed by a close scrutiny of some

prominent object <2>.

The model for decision—making is shown in figure 1. Since

interpretation is strongly dependen t on the output of the segmentation

stage and conversely, segmentation into regions may be influenced by

part ial assignment of regions, the s.gsentor is explicitly included in

the decision mechanism. A full image understanding system will

require the integration of all components from low-level pictoriil

data processing to higa•lev .l interpretation , an d must provide for

multi-direct ional information flow between the components.’ During the

initial developmenta l stage attention will be directed to the
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interaction between the  interpretation and segmenta tion modules.

The global search requires selection criteria for choosing a

candidate model from a set of possible models . In addition,

provisions for backtracking must be included, in case the local match

fails. Backtracking should avoid redundant work by elimina ting entire 
*

subtrees of the search tree as soon as possible. A convenient way for

describing sequential decision-making is by scans of a decision tree

as shown in figure 2. The square nodes are decision nodes at which

selection or termination criteria are applied, and the circular nodes

are chance nodes vhos successors are determined by the possible

values of the tested features. The term feature as used here refers

to attributes of objects and to relations between objects and between

components of objects. This type of decision tree closely resembles

• the so—called AND—OR trees in game playing, where tha objective is to

optimize the strateg y for one player (square) a ssuming that the other

player (circle) alway s responds with the best possi ble move.

At each decision nod e  three al ternative decisi ons are possible:

(a) continue with current hypothesis and selec t a new feature to

be tested whi :n will contr ibute m ax ima l ly  to the accumulated

evidence;

(b) discard the current  hypothesis and select a new model

(backtrack) ; and

(C) accept the :.arrent hyp~thesis as the final interpretation of

the scene (termiante search).

_ _ _  ~~~~~~-~~*-—-
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Selection and tarmination criteria are based on some quantitative

measure defined on the attrib utes and rela tions. In statistical

pattern recognition, probability distributions ar~i assigned to patters

classes and features. Given the great complexity and variety of

objects in real—world scenes it is doubtful if one can extract

reliable probabilty estimates from sample scenes <3>. The plan is to

associate a weight or index of significance with features. The

weights may be considered as a refinement of Boolean branching logic,

or as a coarse estimate of expected occurrences of relations and

attributes with respect to given object classes. Weights will be used

primarily as a heuristic device to reduce the search effor t .

Knowledge Represent ation: Diffecem t levels of processing require

different kinds of knowledge. The entire process of image

understanding can be viewed as successive levels of abstraction, i.e.

from a mass of raw iap&t data to a single symbolic description of the

scene. The amount of detail and the structure of the description will

depend to a significant extent on the goal of the system. For

• example, one may visa to locate a particular object in the scene as

done in <3>, or produce an overall description of the scene, or one

may wish to extract anoigh information so that the system can answer

meaningful questions about the scene.

The system is to ba applied to twenty images of outdoor scenes

with a combination of man—made and natural objects. The first problem *

• domain is derived fros aerial photographs shoving various vehicles in

a desert-like envir onsent. Object classes consist of vegetation,

L — •~~~~~~~•~~~~~ - ~~~~~~~~~~~~~ ~~~~~~~~~~~ ~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~
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bushes , sand , tracks, and  vehicles of type t ank , truck and airplane.

The goal of the systea is to detect and interpret  the man—made objects

from the b ackground  dese r t  and vegetat ion.  The interpretation module

w ill construct a concep tua l  modal of an inpu t image including a

description of major objects and structural informa tion relating these

objects to the scene as a whole.

As indicated ia figure 1, know ledge used by the decision

processes is roughly divided into visual data, region descriptions

produced by the segmentor , and knowledge about the problem domain

retrieved from the knowledge base. The first two kinds of information

change dynamically dur ing  processing and may be con sidered part of the

• short-ter m memory w atch  stores the image descriptions produced at

different levels. The knowledge base is static and constitutes the

long—term memory containing 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 must possess in order to be

assigned to a given object class. In our system object descriptions

are explicitly stored in the knowledge base. This has the advantage

that the decision processes are largely independent of the problem

doma in . Thus the systas can achieve e certain deg ree of generality

and say be applied with relativ•ly few modifications to other problem

domains by providL a~ a d i f fe tent  knowledge base. Similar

considerations of flaiioility have influenced the choice of a two—part

search. The long—ra nge strategy uses a globa l decision tree to select
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a model on the b aai~ of a f ew  d i sc r imin a to ry  f e a t u r e s .  The local

search then  a t tempts  a catching of region descriptions against model

descriptions in the knowledge base. This approach can easily be

extended to the  case w h e r e  input images may come for a number of

different problem dosains. The global strategy wou ld first select the

applicable proble m doaa ia followed by a selection of a candidate

interpretation. -

A major problem in developing the knowledge base is the

identification of relevant features. Criteria for “good” features

include discriminator y power and a certain degree of invariance, e.g.

with respect to viewing angle and scale. In addition, semantic

knowledge such as nonpictorial attributes may be essential for

unambiguous interpretation <5>. Under consideration are the following

features which have pr oved useful at the interpreta tion level :

(a) optical properties (texture, shadows, highlights,

reflectivity)

(b) geometric at tr ibutes (relative ~iza, location , shape)

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

(d) topological relations (adjacency, containment, occlusion,

connectivity)

(e) semantic information (functional , spatial and temporal

context)

Initially, scene and object descriptions will be derived by

segmenting the digitiasi images of the example problem domain manually

and selecting features using human protocol. To reconstruct objects

U
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I seen from different perspectives, objects descriptions will, be stored

in three canonical views: front, top, and side. Representation of

world knowledge is in the form of graph—like structures similar to

semantic nets , where the  nodes represent concepts, ob j ect categories,
• objects, and componast s of objects , and the edges represent relations

between nodes or properties <6> . The weights di scussed above are

associated with the edges . The grouping of objects into ca tegories

which share common properties allows a more parsimonious description

and will reduce the search effort. The major categories are natural

objects and san-made objects which are further subdivided by size,

shape, texture, etc.

Too much specialized detail stored in the knowledge base vii].

impede matching with region descriptions. The system must be able to

tolerate deviations f roe the expected prototypes. Our approach is

related to Ninsky’s frame concept <7>, i.e. certain features are

labelled as essential, which must always be matched , and others are

nonessential which cay be assigned a default value representing the

most likely value. 
-

The foregoing discussion has provided an overview of the approach

in the design of an interpretation module. flany details have not been

covered because the ideas are not yet ful ly developed. The

ir terpret ation modul e, for example , will consi st of many other

subprocesses in addition to the hypothesis generator and matching

process. Region descriptions obtained from the segmentor must be

analyzed for shape, shadows and related properties. Nodular

I
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development of the sys tem wi l l  f a c il i tit e  the add i t i on  of new

subprocesses.
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¶ 3. Image Processing Projects

The image processing projects comprise an ongoing research

activity directed toward image coding, image restoration, vision

modelling, and the implementation of image processing systems. In

H • image coding novel ideas based upon the results of the image

understanding study are being explored as a means of achieving

significantly higher compression ratios tha n obtainable by

conventional coding mathods. The image restoration studies are

directed toward the solution of two major problems : blind restoration

in whic h a priori information about image degradation is unavailable

or incomplete; and constrained restoration which involves the use of

• luminance bounds and smoothness criteria to improved image

restoration. Vision modelling research activities include the

extension of previously developed models of the human visual system to

encompass higher levais of visual perception in support of the image

understanding program . Implementation studies are underway on

• techniques of nonlinear, two dimensional optical filtering which can

be utilized as a form of sensor based image processing .

3.1 smoothing Splines for Spatially Variable Restoration

N. Javad Peyrowian and Alexander A. Saw:huk

As a continuation of previous work (1> , spline functions have

been ut i l ized for locally variable  f i l t e r ing  res tora t ion  of noisy

blurred images <8> . For an unb lur r ed  noisy im a ge the  image g (x )  is

given by

~~~~~ 
,
~~~~~~ — • ——-— ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
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g(x) = f ( x )  + n(x) (3.1-1)

- : ?he restoration operation is designed to minimiz e the integral

JEf1 (x)]
2
dx 

- 

(3.1-2)

amon g all twice d i f fe ren t i ab le  f auctions f (x) such that

• 
~~~~~~~~~~~ 

~~~~~~~~~~~~~~~~~ - (3.1-3)

wher e 8~ locally controls a smoothing window at point x1 and S controls

the overall extent of smoothing. If available, a1 the standard

deviation of the noise at point x1 can be used for 8~ . In this

case, na tura l  values of S lie within the confidence interval of the

left hand side of eq. (3~ Tha t is 
-

- N -  (2N)~ ~~S’ N+ (2N)~ (3. 1-4)

wh er e N is the number of data points. Reinscb <2> has shown that the

~olution to eqs . (2) and (3) is a cubic spline and more generally is a

~pline funct ion of degree  2K— i for least square minimization of the

K th derivative instead of the second derivati ve. The case K = 2

£e~ds to very simple algorithms for the construction of the function

Assuming  f to be a po lynomial  of degree 3 or less in each

interval, the optimal restoration filter with respect to the

condit ions of eqs. (2) and (3) can be obta ined by calculus of

var iat ions  <2>. The solution is

L — -- •~~~ • - ~~~~~~~~~~~~~~~~~
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1 !2 ~9 (Q
TDZQ+ •pT)

_1
QT I (3.1-5a)

:1 where

I = (f(z1), f(x~),....f(xN)]t (3. 1 5b)

g = C~ (z1).&(x2).....,giz~)] (3. 1—Sc)

D Diag (61,62,... 6N
] 

• 
(3.1 5d)

flatrix 1’ is a positive-definite tridiagonal ma trix of order 1—2, and Q
is a tridiagonal matrix with N cows and N~2 columns. For a uniformly

sampled image, Q and I have the form
I

—2 1., O
0 i —2~~~~~~~~~~~~~l (3.1—6)

0 1.,, 
“2

— — I

4/3 1/3 0 

-

• 1/3., 4/3.. 1/3_
~~~~~~ S .. S~~~~

T a  . ‘.. 
S

-.,., (3. 1—7)
• — S

1/3 4/3 1/3
0

, 
j~5 4/3

where p is a Lagrangian parameter which , like S, controls the overall

extent  of smoothing. Since T is invertible, by using matrix

identities <3) , eq. (3) can be wr i t ten  in the more concise form

!. Q+ P~~ 2
2 QT_1

QT)
_l 
! (3. 1-8)

• Al though eg. (8) appears simpler, it needs two matr ix  inversions in
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compariso n to eq.(5) which reguires the inverse of a banded matrix.

rhe Cholesky decomposition <4> of a positive-definite band matrix

QTDZ Q • P!’ where a is a lower diagona l (triangula r) matrix , prov ides

~&n efficient computational algorithm.

An interesting property of the fidelity criterion of eq. (3) is

that the smoothing window can be locally controlled by determination

of 8. . If the noise variance is higher in some regions, 8~ can be set

¶ La&ger at that region. An application of this property is the

filtering of images wita film-grain noise, modeled <,> by

D = D +D ~ (3.1-9)r $ a

where is the signal density, DT is recorded density and n is zero

mean noise. Equation (9) shove that when the signal has a higher

amplitude , noise has a greater variance. To apply the above mentioned

filter, the value of 6. and an estimate of the signal are needed.

liunt (6> has show n that  images are well described statistically as a

stat ionary variance about  a spatially non—stationary local mean.

Assuming ergodicity of similar classes of images, the spatial average

may be used as an estimate of the ensemble average. A local spatial

average is thus  used as a non-stationary estimate of the signa l mean.

A noisy blurred image can be expressed in the form

(3.1-10)

for  a discrete model. The fol lowing f idali ty  criteria for image

restoration may then be formulated as minimizat ion of

—- 

—— — —
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f
(L.

IP (x))
2 dx (3. 1— 11)

among all f(xJ such that

(!!!. -!) 112 ~ S (3.1—12)

where D, f and j are previously defined. Using the same procedure as

before , the estimate

* T 2 —l T-1 T-2f=(H D H + AQ T Q )  H D  g (3.1-13)

is obtained, where X 1/p. Setting fi, = j leads to the estimate of

• eq. (8). comparison of this restoration filter to the Wiener filter

matrix

w = ~~Tc_ l 
~ + C~~)

1 
H
’1’
C~~ (3. 1—14)— —.~~~ — —f — —n

shows the similarity of these two filters with replaced by x r ~.gT.
In order to obtain the filter numer ically, it is necessary to invert

matrix ! as well as UTDII+XaTkT. Natrix ~ is a positive-definite

t r id iagonal  matrix; eff ic ient  techniques exist for computation of its

• inverse <7>. Matrix 8 is a rectangular N x N matri x where N < N for

non-zero background pictures, thus an exact inverse does not exist for

aTD
_2

H,x2i~~
T and the p3eudo—inverse must be employ ed .

The f i l t e r  of e~ . (5) has been applied to an image corrupted by

signal-dependent noise modelled by eq. (9). Figure la is the original

p icture. Figure  id is a plot of the brightness cross-section of

f igu r e  la , and the subsequent  pictures are noisy and f ilt c red images.

Phe noise is Gaussian w i t h  variance a2 
= 45 where S is the signal

- ~~~~~~~~~~~~~
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intensity. The filter has reduced the mean agiasre error by a factor

of ten. The filter of eq. (13) ii applied to a blurred noisy image as

shown in figure 2 where th. point spread function is uni form (motion

degradation) and the noise is Gaussian with standard deviations of 1

• and 5. The observed image has a nonzero background, and therefore ,

the system is undetermined. The smoothing parameter X is set to 0.05

and 1.0 and the images are restored using thresholds C — 0.001 and
T - 2 - iT

£ = 0.01 for the singular values of the matrix 1~~ J•XQL2 . As €

decreases, the restored image becomes sharper, but at the same tine

the amplitude of unwaated high frequency components increases. The

gua lity •o f  the restored image is highly dependent on the proper

selection of X and C .

This work has demonstrated the usefulness of spline functions for

digita l image processing. An optimal filter with respect to the

second derivative has b een derived and applied to noisy and blurred

images . Although the experimen tal results are preliminary,  they show

that splina functions are very useful in digital filtering and

restoration. Moreover , since all the matrices are banded, these

filters are computationilly very efficient.
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3.2 Least Squares Image Bestoration Using Splina Ba sis Functions

• Steve Ron and Harry C. &ndr evs

This contribution presents a theoretical analysis and

cosputational techna gue f or constrained least squares image

restoration using spu n. basis functions. A realistic

continuous—discrete physical imaging model has been adopted throughout

the formu lation. Tba optical system is assumed to be incoherent , and

the general problem of image restoration with space-variant or

— _ _ _ _ _ _ _
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~p ice-invar iant  point-spread f u n c t i o n  degradations has been studied.

A n ormal  e~ju at i or t  nas been formulated in a f in i te  dimensiona l

spline space . The m a g n i t u d e  of the smoothing para meter in the norma l

• a~ uation provides freedo. to control resolution in a trade—off of

smoothing the restore d object. This effec t has been demonstrated with

exp erimental  results. Constraints that characterize the physical

ptoperties of the rastored objec t have been form ulated so that they

~an be imposed on the solution of the normal equation . These

constraints require the restored object pixels be positive and the

energy of the object be equal to that of the ie~raied ima ge.

I terat ive methods for both unc onstrained and constrained

solutions of the normal equation have been studied in detail. Among

the  unconstrained meti is the conjugate gradient method has been

successfully sisu latad on a computer and strikingly g ood results hare

been obtained.

The needs of di;Ltal image restoration arise from the fact that

~n image in the real world is •ither corrupted by noise or deg raded by

various physical phenomena during formation , such as the diffraction

limit of the optical, system , sensor and display non—linearities,

optical system aberration s, atmospheric turbulence, image motion blur ,

geometrical distortion ma d film grain or sensor noi se.

The mathematical approach consists of finding a function f suck

that a known operator transforms f into a given function g. In the

context of image restoration, an estiMte I of the object is sought to

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _  
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be as close as passible to the ideal f that produced g. There are

many d i f f icul t ies  associated with direct minimization of ~f— f j~. First

the  inverse of the o~ acator may not exist or even if it exists, it is

asually very hard to Li aci . Second in most physica l imaging systems

the ideal object does not exist in a measurable form , but simply is

the conce ptual objec t that would be produced if there were no

degradation and nois, presen t in the imaging system. Third g is only

~artially known b.cause it results fro. measurements. To avoid these

diff i ’u l ti.s, a certain f ideli ty criterion of image quality is

mathematically detiaed in order to judge the degree of image

cestoratiom . The imaje restoration model is based upon cont inuous

object-discrete image lescriptiom and a Fcedholm integral in two

variables given by

Q. U1~ .n)f(~.ii)d~d,~ + N (3.2-1)

where G is an I z J matciz with element • ! is an I z J matrix w ith

element ~~ (~,ri) and ! is also an I i J matrix with noise samples fl jj
as its elements. This model describes an object scene as a continuous

function in two dimensional space, as it should be in the real world,

but the image at th, sensor output (or at the input of a processing

computer) is discrete, and has been sampled into I z .1 points. This

is certainly a realistic model for digit al image re storation systems,

and will be pursued in detail throughout this report. Note that the

matrix H(~,t~) is a point spread function matrix whose entries are

continuous functions of the object plan. (~~,i~) as well as the sampling

position in the image plane (i,j) . Clearly this point spread matrix

- L~~~~~~~~4
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in its most general f o r m  can be space—variant .

To proceed it is necessary to establish ce r ta in  criterion on

image •~ua1i ty for  r e st o rat ion  that permits control of the resolution

versus  noise smoothin g on the f i n a l  restored obje ct .  The criterion

used is a modified least squares objective function . By minimizing

this objective function it is possible to formulate a linear,

algebraic equation for solving the unkno wn parameters .  However these

~nknovns mu.~t be discrete and have finite numbers, since a digital

• computer can only 3aadle a limited amount of discrete data. On the

other hand an estimation is sought for a continuous object which needs

infinite data points for its description. Hence an interpolation

scheme must be designed to restore the continuous object from a finite

set of discrete data. Prom a data compression point of view, this

interpolation approaca is attractive because it is only necessary to

solve a linear, algebraic equation in finite—dimensional space instead

of the integral equation of eg.(1).

Pictorial image processing usually requires handling a large

amount of data. Effective iterative method s must be considered for

th. solution of the linear, algebraic equations derived from the

minimization of the objective function. This iterative algorithm must

also be tested for its speed of convergence, for its usefulness for

image restoration.

I

Ira the formulation of the equations for image restoration, three

points must be considered: (a), tradeoffs between imag• resolution and

noise smoothing; (b), feasi bility of numer ical calculations of ver y
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Large size matrices ; (C) , constraints imposed on the equations by a

priori knowledge about the object function. To satisfy the first

point the objective function consisting of the sum of the noise norm

in eq. (1) and a smoothing integral is chosen for minimization. For

the second point, a finite-dimensional space is chosen in which the

abject function f is a linear combination of the cubic B—spliae

func tions, i.e., the bases are cubic B-splines. This choice enables

conversion of an infinite—dimensional or continuous problem such as

that in eq. (1) into a discrete one, to obtain computationally

attractive solutions. For the third point, bounded , lossless imaging

restoration mentioned above, is utilized. The positive restoration

and lossless imaging assumptions add additional constraints to the

solution although tae solution is still not unique because of

ill-conditioning.

To derive a f u n d a m e nt a l  equation for image restoration in two

d imensions, the so called normal equa tion from the least square

criterion, an objective function, which is minim um at ~~~~~~ is

defined as -

W(f3 = Tr[(~ _~ )
T
(~_g)]+ yJJ[V~hi(~,T~)]

2
dgd~ (3.2-2)

where

2 24 ~ _ _

= z -2 ‘ (3. Z-3a)

2 =ffw~~~nd~d~ (3.2-3b)

•-• ——

~
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a ad

~ =fJHf(~. t’i) d~ d,~ (3. 2-3c)

is a matrix t hat has the  same size as G which is I x J. Th e elements

for i = 1 to I a n d  j  = 1 to J , of matrix G are the measured data.

U is the  point  spread matrix , with elements h .. ~~~~~~ The second term

in eq. (2) is the desired smoothing measure for the class of estimated

objects , f ( ~ ,r~) .  Tha f u n c t i o n  f (~~,11) can be linearly interpolated by

a product of two one-dimensional cubic 8—splines. Hence let
• K L

A

f(g
~~~~,~~

) :~~~~~~ 

~ 
ck4ak(~

)m f$fl) (3.2-4)
k=1 4=1

C
k4

ø
k~f~~

,T
~
)

k=1 4=1
where  s~~(~ ) a nd s

~ (r9 
are one-dimensional cubic B-splines and is

t he  product of wit h s~~.

The n e x t  step is to find an f (~ ,r 1) i.e. , a part icular  set of

coef f ic ien t s  tckl in ag.  (14) such that the object ive  funct ion W (f) in

~~~~~~ (2) a t t a ins  its ain imum. This can be achieved by solving the

• nora~ l equat ion

-

~ ~~ + Y~) ~ = (3. 2-5)

w here

~ ff  f f  4(~, ~)Trt~j~~, ~~ u T  ‘)d~ d~~d~
t di1’ (3. 2-6a)

B f f ~ ~ ~~ ~
) 

~
) d~d~ (3. 2-6b) L



• 
~~~~~

-~~~~~• ‘.-—.~-. •_ .— _ :•• - - - - -~~~..r.-,c - w,,~~. • • -——~~~~. ~--

Page 129

d =ff *( ~, ,~) Tr[H~~, ri)G]d~ d,~ (3. 2-6c)

Equation (5) deserves special attention because of its general

form . It should be observed that ej. (5) can be further reduced to the

form

[(A~
”

~~~+ r n ~~~~ B c i  A~
J 

(3.2-7)

w here -

= (ff ~ ~~~~~~~~~~~~~~~~~~ 
(3.2-8a)-. /IJXKL

~~~~
= (1 a~(~) s~~(~)d~) 

(3. 2-8b)

B =(f a’ (i~)a”(ti )di) (3.2-8c)( 
L x L

and ® denotes the Kro aa:her (direct or temsorp prod uct.

The following nat iamat ica l .  properties azist for  the matrices A

and B:

(a) j  ~nd ~ are bo th  real, symmetric.
H (b) a > a  and b > b  for p~~~q.pp pq pp pq

(c) ~ is non—ne g a t ive  def in i te  wit h all positive elements.

(d) B is positive l af in i t e.

In addi t ion , from eqs. ( i a )  and (8a) it is clear tha t j  is essentially

the  a m o u n t  of correlat ion or overla p of the  point spread funct ion

representei  in splina s2ace . Thus the  effect of the  b lur  deg radation

— — —- — — — — — — — ----- S ~~SS~~ ‘~~~ -‘
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manifests itself in the rank or degree of & (or KTa) . Thus A behaves

as a Gram ian describing the imaging modal, but in spUn. space. Hence

a is non-negative ’ definite. The elesents ‘
~~ and a are always

— pq pq
non-negative because of the non-negativeness of h.~ (~,‘i

), $ (g , ,~) and

The value of the elements of A in eq. (8) depends on the PS?

overlap area. For finite extended ~~ (~,rl) sparseness of matrix A can

be expected. Matrix B represents the correlation 4v overlap of the

second derivative of the spline basis functions with themselves. As a

result of the separability of the ba3is functions, B can be

represented as a kronacter  product as in eq . ( 7 ) .  Again B represent

the “Gramian ” of tie second derivative basis functions, but is

deterministically known because of the expansion and interpolation on

cubic B-spline space. This results in a banded structure. The

matrices and ar nan—negative definite banded matrices.

Unconstrained Restoration: The formulation of 
~~~~~~~~~~ 

in eq. (5) is

ften referred to ~s the Tikhonov regularization method <1>. Much

Russian literature (2-5> has bean devoted to the special case of

a = I. Tat none h is  presented a complete solution for the general

case. A simple minded approach for arriving at a solution is to

invert ~~~~~ directly. lovever there are two reasons for avoiding this

direct approach . One reason is that the matrix ~+yp is usually very

large in image processing practice. Its inversion may require a huge

memory space, which is just not available even in modern computers.

The other reason is that th. matrix ~ = ‘1”& is frequently

ill-conditioned and influenced greatly by roundoff errors. A

numerical example of this kind has been shosra by Golub (6>. Adding a

• ~~~~~~~~~~~~
- .- - —• • • •~~--- -- — —-~~ -•- ~~- • ~~~~~~~~~~~~~~~~~~~ • • ~~~~~~~ p ,~~~~~~~~~~~~~~~~
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positive ddinite matrix yB to ~ may lessen this d i f f i c u l t y ,  b ut still

not complet 1y eliminate it because B is an almost periodic matr ix .

In this  report an i terat ive technique provided by the conjugate

gradient  method is considered . The a d v a n t a g e s  of adopting an

i terat ive approach ac~ the abi l i ty  to monitor s ingular i ty  developing

dur ing  i teration, aid  permit hu min  participation in the con vergence

process. The conju gate gradient method is useful  for  the solution of

a system of simultaneous linear equations with an arbitrary symmetric

positive ldinite matrix. It is especially advantageous if the matrix

is not f u l l  but contains many zero elements. In the problem as posed

by eq. (5) , the matrix k .yB is symmetric positive definite if y is

positive and non—ze r o.  Matri x A is sparse if the point spread

funct ion is localized; antr ix B is always sparse. In the case ‘f = 0

and A is singular, the conjugate gradient method will give a least

• squares solution.

As an introduction to tha gradient method consider the quadratic

form

• 3(E) 1 4 + ~~ ).~. - ~~~~ 
(3.2-9)

with the assumption tiat (A+yBJ is positive definite and symmetric.

raking the partial derivative of j(!) with respect to c gives

Grad 
~(E.) ~~~~= (4+ V D ) c _ d  (3.2-1o)~

Hence the solution of a symsetric positive definite system of

equations of the form (A+y!.)c d is equivalent to the problem of

~

-- •

~

•

~

-
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Lin d in g t h e  minimum of a quadrat ic  function of eq. (91 . For this

r~~i~ ori the gradient  v e c to r  £ in eq . ( 10)  is called the residual vector.

~aoaat r ical ly ,  t i e  contour surfaces of constant J (c) represent

conc ent r ic ellipsoids. The gradient ~ at  every ~ is normal to the

surface at  that point . Finding the minimum of 
~
(
~
) ny varyin g ~ is

equivalent to movia j the vector £ in a certain direction for finding

the common center of the family of ellipsoids of J(~J constant.

An iterative implementation requiring no matrix inversions has

been discovered. m a  conjugate gradient algorithm offers the

fol lowing additional advantages (7 ,8>.

(a) Simplicity 3f the computational 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, B • B , and G dur ing th. computation and the
- -x -y -

consequent abili ty to exploit the advantages  of having many zero

• elements in these matrices.

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

• (e) The superiority of each approxima tion to the preceding ones

in the sense of being closer to the true solution.

For a more extensive description of this technigue~ complete

details are availabla in U SCIPI Report 650, March 1976. In addition

experimental  results as veil as spline interpolation and constrained

i optimization are incladed in tha t  report .

- •~ ~~~~~~~~~~ - _ _ z ~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
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3.3 Fast Sequential SVD Pseudoinverse Image Restoration

William K. Prat t and Ikram Abdo ra

Andrews and Patterson <1-3> have recently introduced the singular

value- decomposition (SYD). of matrices as a means of performing

pseudoinvetse image restoration for blurred images. Also, Pratt and

Davarian <4> have laveloped a fast computational algorithm for

pseudoinverse image restoration. This report proposes an application

of the fast pseudoinvars . algorithm to SYD image restoration.

Pseudoinverse Image Restoration: An imaging system resulting in

• the observation of a spatially blurred image in the presence of

additive noise is often modelled by a set of linear equations. The

vector space representation of these equations is given by • -

B f + n (3.3-1)

w here j is an N x 1 vector of pixels obtained by sampling and column

scamaing of the observed imag ., j is an I z 1 vec tor of points of am 

-- ~~~ - --.-- 
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ideal image field, R La the N x I blur matrix containing el.aenta

which are samples of t~. blat impulse response function, and i is an

N z 1 vector represemtiag additive observation noise. It will be

assumed that the sample spacing o~~jaadfts the same and that the

impulse response is space invariant. Furthermore, for simplicity in

explanation, the pr.sentatiom is limi t.d to a on. dimensional blur.

Under these conditioss_the blat matrix assese. th. form
h(L) . . . .h(1)’O . . . .0

o h(L) . . . h(1) ~ 0. . . 0

. ‘4

8= ‘4 ‘4 (3.3-2)
• 

‘4 .

‘4 ‘4 0
‘4 ‘4

0. . . . h(L) . . . . .h(1)
where ~ is an L x 1 vector of pou ts of the impulse response. It

should be noted that this system is inderdeterm ined since N fl’ L— l .

The pseudoinversa estimate of j is given by

(3.3-3)

wher e ~~ denotes the generalized inverse of 1, Th e generalized

inverse provides a minimum least square error, m in imum non, restoration

• of the ideal image. ft  j  is a matrix of rank N the generalized

• inverse assumes the f~ na

— 
= 

— 
(
~ ~ 

) (3.3-4)

Algori thms requiring on the  order of N operat ions have been developed

for computation of the je neralized inverse .

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~ -~~~~~~~~~~ i— ~~~~~~~ ~~~~~~~- -
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The fast pseudoinvers. algorithm (1$> is based upon the

development of an adjoint modal

!i~~ 2IE~~.~
’E (3,3-5a)

where the extended va:tors and ate defined in correspondence

with

K
M -

= C .~~~~~ + -—— (3.3- 5b)

J-M ~J-K -

9.

mb a vector ST is comp sel of the center K pix.ls of the ideal image

vector f where K = 1-2 (L—1), and .~~~. is a circulant matrix of the form

h( 1) 0 . . 0 
~~

(L) . . . (2)
)t(2) h(I)’ .

• 
S.

• S.
S S.

•

~~ 
h(L-1 ) ‘S. (3. 3—6)

0
5
%k (L) 0

• .S. 
•S S.

• • -~~ S. ••5 5.
-~~ 

• 5-. S.
0 • . 0’.k(L) . • • • h(1)

mba vector j  is identical to the image observation j over its B center

elements where B = fl-2 (L-1). The outer elements of can be

4 
approximated  by <4)

(3. 3~ 7) 
-

where ~ is a windowin g a~ tniz .  Combining eqs. (5) and (7) , an estimate

, 
of CT can be obtained from 

1
(3. 3-8a)

• - - ~~~~~~-
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in correspondence wits

K j ,1~

— — 1
— 2 (3.3—8b)

- 

3-K 

— 
Li_~vhere ~~~~’is the inverse of the circulant blur matrix.

The restoration operation of eq. (8) can be performed indirec tly

by Fourier domain processing. Letting ~ 
denote the Fourier transform

matrix, eq.(8) can be ravcitten as

4 
(3.3—9)

w here both

~~ ~~~ 
(3.3-lOa)

and its inverse

e4 
~ 2 A

4 - 

(3.3—lOb

are found to be di agonal matrices since £ and £ ‘are circulant.  The

terms of~~ can be obtained from <4>

~ diag [ hE (1), . .. , hE(S)) (3.3 11) 
-

• w her e

_ _ _ _ _ _ _ _ _ _ _ _  - 

• - 
-~~~~~~~~

- • • -— -— ss_’~
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= (3.3—12)

..:!~... (
J_L

With the fast psaudoinverse algorithm, the brute force matrix

operations of eq. (3i can be replaced by a pair of one-dimensional

Fourier transforms and J scalar multiply-add operations. The

~omputattonal saving is usually at least a factor of 1000:1!

SVD Image Restoration: The blur matrix 
~~ 

of eq. (1) can be

decomposed in the product form

IT

~ A 1 (3.3— 13)

by a sin~u1ar value matrix decoaposition where ~ 
and V are unitary

matrices composed of the eigenve:tors of and 
~~~~~~~~~~~ 

respectively,

end L is a diagonal aettix whose diagonal terms are the eigenvalues of

or a~~. Since ~ and ~ are unitary matrices the generalized

inverse of ~~ can be written directly as

= I ~~~ ~
T (3.3— 14)

and the SYD pseudoinverse estimate assumes the form

!- ! i (3.3-15)

?he operations of eq. (13) may be viewed as a linear transf ormation
T A

(U 
~~

) followed by a scalar weighting (multiplication by~~ 2 ) ,  followed 

~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~ • • -
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by another linear transformation (ai ltiplication by !). The

transformations are i i to  the eigen—space of the blur matrix ~~
Estimation by eq.(15) ra~uires t1~+N multiply and aid operations.

As 4 consequence of the orthogonali ty of j~ an d j  it is possibl e

to expross the  blur matr ix  in the series f orm

RB
= [ ~~~~~t ]k.

~~~~~
’

~

’ 

(3. 3— 16)

1=1

wh ere  the A (i) are d iajona l  elements of~~ , U. and y, are the i th rows

of JL and 
~~
., respa~ t ively,  and R B is the rant  of the ma t r ix  ~ . The

generalized inverse of j  can also be writ ten in the series form

RB
• = C X(i) T1 

~~~~ (3. 3-17)

~ence , the SYD p seudoinvarse estimate can be expressed as

RB
f~~~~~ CX (i )1

1 

~~u~~g (3.3-18)

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

pseudoinverse estimate. The k th estima te is egual to

= ~~~~_~~~ + CMkI1 
~~~~~~ 

(3.3—19)

for 1 j k  LT where T represents the number of terms empl oyed in the

series expansion . 3n5 of the principal advantages of the sequential

T .—- - --— -~~~ -~~~~-‘~~~~~~~~~~~ ~~~~~~~~~~~ -—- •~~~~~~~~~~~~~~~~~~ --- •-• --— ~~~~~- • ~~~~~~

--

~~~ 
-•
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formulation is that ~conLe ms of ill—conditioning generally occur only

for the higher order singular values. rhus, it is possible to

terminate the ezpansá n before numerica l probleas occur . The ma jor

uiLticulty associated with the sequential SVD a].~orithm is the large

amount of :oiputation i.a volvei in generation of tha orthogonal vectors

a and v and the number of operations required to implement eqs. (14) or

(17) .

Fast SYD Algori t am: The SVD pseudoinversion technique can be

H applied directly to t i e  adjoint model of eg. (5) by the SYD expansion

(3.3-20)

where i and l are unitary iatnices defined by

x~~cT x*T 
=~~~ (3.3-21a)

YCC
T
~ JX*T = (3. 3-21b)

Since £ is circulant, ~ is also circulant. rheretore, I and j
~ 
must

be equivalent to the Fourier transform matrix .4. (or since the

Fourier matrix perforas a diagonalization of a circuLant matrix. For

purposes of standacilzation let ~. L .~~~~~. As a consequence, the

eigenvectors 
~~~~~ 

— ~~~~~~~, which are rows of j and 1. ire actually the

complex exponential basis functions of a Fourier transform. That is,

z (J) = .xp (!!L(k_ 1)(J_ 1) 1 (3.3-22) -

It is easy to show that 

- - - - —•----— - ______



Pa g e 141

~ 
=C C.~~~~~ (3. 3-23)

wher e~~ = &~~~~ 4. 

1is coaput ed  from eqs. (11) and (12)

?hen in corresp~ a1ence wi th  eq. (15) the  SVD pseudoinverse

estimate of the ezten~~d ideal image vector becomes

H A 4.

- 

= 2~ 
(3 3-24a)

or

= A ’
~~~~A~~~ - (3.3-24b)

£quation (214b) should be recognized as exactly equivalent  to the

Fourier domain pseudoinversa procedure defined in eq. (9) . Hence, it

aay be concluded that the SYD eigen space for a circulant matrix is

the Fourier domain. ~omputati3n of the fast SYD estimate by eq. (21$b)

requires J log2J operations each for the forward and inverse Fourier

transforms using a fast Fourier transform (F??) algorith, plus J

scalar multipliers for a total of J(1 + 2log2J) operations.

A series form of tam fast SYD pseudoinverse estimate can be

written directly in correspondence with eq. (18) as

1E ~~~~~~~~ ~~i)T1 
~~ ~ 1~~E 

(3.3-25)

where is the rank of £. Similarly in correspondence with eq. (18)

the sequential pseudoisv.rse estimate assumes the form

~
Ek 

+ (5(k)T1 (z~~q~ ]x~ (3.3-26)
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fo r  1 ( k < T where r represents the number  of t erms  employed in the

series expdnsi on . icing  an FFT to pre-coaputa and store the product

results  in a t ot a l  of ?J(1+log 2 J) operations required for the

:omputation. Greater :osputational efficiency can be realized if the

series is sequentiall y bisected unti l  the point of ill-conditioning is

reached . This strategy requires about J log2j[1+log 2J] operations.

Fast Nodified SID Algorithm: The series and sequential SYD

pseudoinverse estimates of eqs. (24) and (25) can be expressed in

equivalent vector space form as

= 

~~~T ~~~E 
(3.3-27)

where — —
C6(l)T 1

C a(2)T1 0
-4. - . 

. 1. (3.3-28)
= [6(T))~~

- 0

• 
.

This estimate inherently provides a trimcation of the high frequency

terms of the Fourier domain pseudoinversa operator. Complete

truncation to avoid ill-conditioning is often un necessary. As an

• alternative to truncation the diagonal zero elements could be replaced

by unity, or the value of ( 6 ( k )  or perhaps by some sequence that

declines in value as a function of frequency.
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Exper imenta l  R e s u l t s :  Figures 1 and 2 contain examples  of the

modif ie d fas t  SVD p seudoinverse image restoration method . A blurred

image has been formed by computer simulation of horizontal  blurring

wi th  dfl  imp u lse response of the form

,

h(4) = ezp~_j  { ~~~~~2 

(3.3-29)

where ~~~ the blur standard deviation and I. is the length of the

ie~ uls~ response . fhe  restoration al~oritha  involves repeated

restoration with e q . ( 2 6 )  in which the J-T zero terms along the
4 — i

diagonal are replaced by (6 (T) ]~~.

In f igu r e  1 for b lu r r ing  wi th  ab = 2, there is a sudden change in

the ill—condition inj effect  between restorations obtained with T = 89

and T = 90 modified Fourier coefficients. The onset of

ill—conditioning is t~ot quite so pronounced in the set of restorations

of figure 2 in which = 3.
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3.4 Nonstationary Wiener Filtering of Fi lm—Grain Noise
• Firouz Naderi and Alexander A. Sawchuk

Taking into account the chemical and optical degrading factors as

well as the granularity noise results in a subjectively reasonable

mathematical model for the formation and recording of photographic

images . This modeL represents highly nonlinear observations, making

the subsequent restor ation difficult. When ima;es are scanned with

very small aperture 3 on a microdensitoseter, the noise is so severe

tha t  conventional  estimators do not perform wall. In these cases

detection schemes suited to individual  degraded pic tures are much more

ef f ec t ive .  When the a. Lse is not so severe, an ada ptive minimum mean

square error filter can be applied. This f i l t e r  ez~ i icitly includes

the nonlinear image formation effects and does not require the

assumpt ion of stationary image statistics.

fold: Rasic to all, estimation problems are a signal s to be

• - ~~- - ----- • - ~~~~~~
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estimated, a noise a which has made the estimation necessary and an

observation which is a function of the signal an~ the noise. Denoting

tht~ observation by y let

y = g(.,n) (3.4—1)

where eq. (1) is the observation model. The function g in the

observation model may or may not be linear, If nonlinear, the

nonlinearity nay be in terms of the signal only or it may include some

cross—mult iplication terms involvin g the signal and the noise.

The statistics of the noise may depend on some parameter of the

signal, thus making it signal-dependent noise. The complexity of

different types of estimators designed to estimate ., ~~. from the

observation i is very much dependent on the complexity of the

observation model. To illustrate this point, consider the min im um

mean square error (USE) estimate of ,~~. Denoting this estimate by j
it is wel l, known that

= E(. I~~) =f a P(a~y) da 
- 

(3.4-2)

where P (~j~ ) is the a posteriori probability density function of ~ .

clearly ?valuati on of the MPISE estimate of £ requires evaluation of

th i s probability density, which may prove to be quite difficult if the

• func t ion  g in eq. (1) is highly nonlinear in nature.

Thus, before attempting any restoration of images corrupted by

tiLm— 4rain noise, it. is imperative to establish an analytical model

L 
- - . 

________________________
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ihich reasonably reflects the formation and recording of images aid

yet is mathemat ically tractable.

In developing a mathematica l model for any real world physical

process, one faces tae tradeoff between the utility of the simplified

models versus the a~~aracy of the more complex ones. In the case of

¶ images, the degradation in the recorded image is not nerel y due to

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

effects.

The model chosen for analysis, shown in figure 1, is basically an

augmented version ot Kell y ’s model < 1> . rh. model of figure 1 has

been subjectively evaluated by comparin g a real world image with a

similar target simulated according to this model. The results are

shown in figure 2. Figure 2a shows a Kodak Pan—I film digitized using

a 2(~jm)
2 aperture. Figires 2b and 2c show simulated targets of almost

the same size, shape and contrast. Figure 2c was simulated according

to the the model in figure 1, while in figure 2b only the effects of

granu]arity were considered.

Restoration: In scanning photographic films, it is sometimes

necessary to use ver y small apertures (on the orde r of 4 to 25 (izm)2 )

on the aicrodensitometer in order to detect f in.  details in the image.

For aper tures  of t~ is size the f i lm—grain  noise is so severe that in

regions of low contrast , conven t ional restoration techniques employing

linear or nonlinear est imators  will have little effect .
I

In such cases a lp r i t h m s  suited to a specific degrad ed photograph

~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
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cau be developed to yield very good resu lts (3-l$>~ One such scheme is

• th~ noise-che ating ai~ or i thm devised by Zweig, Bar re t t , and flu <2>.

It has been shown that this algorithm is a sub—optimal

maximum-likel ihood detection scheme, but is usefu l  as the basis of a

iore flexible sub—aptimal Bayesian detection algorithm <14,7—8> .

&lthou gh  the deve lopment of this detector will not be discussed here

in det ail , its effectiveness is demonstrated in reference <7> . If

this detection scheme is to be successful, the  parameters used in

designing the detector need to be accurately calcu lated based on each

individual picture to be processed. This is in contrast with some

purely statistical estimators such as Wiener filtering in which the

estimator parameters are calculated in terms 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 t radeoff  is t hat

these estimators have Little effect when the noise is severe.

&noth ar  d isadvantage of Wiener f i l ters as applied to images is

the  assumption of stationarity.  In genera l, most images of interest

are not statistically stationary. Hunt <5> points out that in most

cases images have a stationary second moment about a non—stationary

mean.

A linear NN SE esU.ator based on the model of figure 1 in which

the image is not re~ uir.d to be stationary will now be derived .

Figure 3 shows the discr .te v.rsion of the model in f igure 1 where

is an N x I blur matcix which accounts for the combined effects of b 1
and b2. Similarly, .1~ La a 1 x N blur matrix describing blurs b3 and

— — 
_
~•t:_jt —— — 
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b 4 of f i g u r e  1. Op~ ration in the linear region of the H and D curve

is assumed. Thus the f i nc t i o n  g in f igure  1 is approximated by a

linear function whose parameters are ~ and ~~. Nat rix ,~~. 
is structured

so that it reflects taa nonlinearity of the observa tion model and is

of the form — — •

(de1
)~

(de~~F = k  (3.4-3)
Sr.

(de
!f

where k is a constant related to the grain size and the scanning

aperture , exponent p is a constant which different experinentors 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. Finally,

vector N is taken to be a zero-mean, unit— variance multivariate normal

vector which is statistically white and ind.peni.nt of the signal.

As it is well known , the linear NIISE estimator has the form

~~~~ ~~DØDQ~ 
(3.4-4)

regardless of the underlying observation model , where LID and £D D are
0 0 0

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

auto-covariance matrix of the observation, respectively. Evaluating

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

W = (a~~ H
’
~ + I B T + B) ~~~~ + 2N’N’~ ~!Z

’ (3. 4-5)

The form of eq. (5) is greatly simplified by setting the scaling factor 
S

4

/ Ii
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0. = 1 and ~ = 0. In th i s  case 4

= 11
}~r (11ç~1

}jr + (3.4-6)

In the above equation ~~ is the auto- covariance of the signal I whic h - I
is to be estimated a~ d 

cN~~
N .iS  the auto—covarian ce of the effective

noise term which is a diagonal matrix whose diagona l is related to the

(2p)th moment of the signal. It has, the form

Diagonal 
~~~~~~ 

k2(H1) (
~)
2p (3.4-7)

where

(1)ZP E E(t~~~, 4P,.... , j~~) (3. 4-8)

and where L I, i.2....,iN are the H element s of the signal vector I.

Note that if p = 0.5 than

= = (3.4-9)

where imiS the non—stationary sean of the signal vector ~~ In this

case the fi l ter 
~~. 
is completely defined in the terms of the first two

moments of the signal, the blur matrices and j2, and the scanning

constant k. If p is taken to be a more reasonable value of less than

0.5 then the (2p)th momen ts of the signal are required to construct

the filter. It should be noted that since no restriction on

stationarity is placed 3)1 the signal, then ve:tor .Z~~ the mean of the

signal, is not a constant vector.

Application: This filter has been applied to one dimensional

vectors of length 123 x 1 as shown in figure ‘4. Figure 145 is the

•- -
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Figure 3. 4-4. Application of MMSE filter to one dimensional signal.
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original  which was selected from one line of a digi tized image.  This

represents sig nal ! f f igure  3, which was th en  blurred by a Gaussian

blur mat r ix  with a v L d t h  of 5 elements. The result is signal~~ of

f i gu re  3 shown in f ij u r e  4b. S ince a = 1 and j = 0, signals ~ and 1e
• in figure 3 are identi ;ai.  Next , signal—dependent Gaussian noise is

added to signal ~e to obtain signal 
~r 

shown in fig ure lIc. Finally Q~~

is blur re d  wi th  blur s at r i x  with a width of 3 elements to produce

the observed signal .Q0 shown in figure 14d. This simulated observation

is fil tere l with the L i n e a r  NNS C f i l ter  discussed a bove to produce the

asti ma ta  ~ shown in the  f inal  picture of f igure  4• The sample mean

square error (HSE) was reduced f rom 0.0 1433 in the observed signal to

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

It is interestin g to compare the performanc, of this filter with

a similar filter waich assumes the signal to be stationary in the

mean . Figure 5a show s a step funct ion with the two levels set at 0.14

~nd 1.8. Taking this as the original signal and setting blur matrices

and Jj~ to the i den t i t y  matr ix,  signal—dependent noise was added to

the  step function to obtain the signa l shown in ’ fig nre Sb. This

signal was then f i l te red  with the  f i l ter  discussed here as well as a

t ilter  which  assumed s ta t ionary mean. The re sults are shown in

figu r e s  Sc and Sd respectively.  Sample N SE showed a 10% improvement

when no restriction on s tat ion ar i ty  is imposed on the signal.

Application of th is  f i l ter  to images is a s t ra igh t—forward

• extension of the on e—dimens iona l  case. The image is first

iexicoqraphicafly ar r anqed  in a column vector 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. In

pract ice, a reasonabl e size image of 128 z 128 pixels would correspond

to a vector of sue 16,3814 . To avoid manipulating vectors and

matrices of this size, one of two options are usually taken. Both

options result in sub-optimal filtering. The first option is to

assume the filter is separable and app ly it to rows and columns of the

degraded image sequentially. The second option is to break the image

into small sub-blocks (say 16 x 16 eleme nt s) and then process each

block individually.

A few computatio2al aspects for the second option can be

considered at this point. Since the mean of the  image is assumed

non-stat ionary,  the scan of each individual 16 x 16 sub-block differ
• from one another . Examining eqs. (6), (7) and (~) it is clear that the

matrix will, d i f fe r  for  each 16 x 16 sub-block and therefore the

f i l ter  ! of eq. (6) must be calculated for each block separately.

The computation :aa be reduced in a number of ways by making some

simple assumptions. na way is to use an adaptive scheme in which the

f i l ter  is updated fro s one sub—block to another only if a significant

di f fe rence  exists between the means of the two sub-blocks. A second

method is to assume the overall mean of the image is globally

n on- s t a t ion a ry ,  but is locally stationary wi th in  each elemental

16 x 16 block.  This seans that within each block the mean can be

t aken  to be a constant .  Equations (7) an~1 (9) indicate that if this

is taken to be the case, then matrix £N ,N , of eq. (6) can be written in

the form

— —~~-— p - — -— ~~—- — - —
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= (3.4-10)

where ~~ is the identity matrix and ~~‘ is a constant. In this case the

only chan g e  in f ilt a rj .  of eg .L 6)  f rom one block to another is caused

only by the  chang e m Y  . Inspecting eq. (6) it is noted that aost of

-‘4 the  calculation in forming  filter J, is due to the inversion

~ (~1c~1i4~+ 
~ N’N’~ 

(3.4-11)

T~ e other inversion to form needs to be calculated only once since

• do es not change fr om one block to another.

If the assumption of local stationarity is made such that eq. ( 10)

holds, then a simpl e way exists to perform the inversion of eq.(11).

Ttiis is done by using a similarity transformation on matrix

to reduce it to a diagonal form. Since matrix is of the form

given in eq. (10) the similarity transformation would leave it diagonal

and eq.(11) is reduced to the inversion of a diagonal matrix at each

block. This filter was tested on a simula ted image and the results

are shown in figure 6.

Figure 6 represents one of the f irst attempts in applying the

discussed NS E filter to two dimensiona l signals. In obtaining the

• 
- noisy image of figure 6 the two matrices 11 and lz were set to the

identity matrix. As dictated by the non—stationary mean of the

signal, three different NflSE filters were obtaihed to operate on the

cows of the  noisy imaga. The estimated image is sh own in figure 6c.

___________ ____________ ____________ ____
- __•_________ _ - - - - •
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Mor e results in application of this f i l ter  to images are

f or thcom ing .  It is eLpected tha t  if f i l t e r ing  is done on sub—blocks

rather than  rows of t z e  degrad -ad image to take advan tage  of image

correla ti on in bota f lor izonta l  and vertical direction better results

ca n be obtained.

Conclusion s: It nas been demonstra t ed tha t  when dealing with low

contrast images and severe noise , some picture dependent detection

• schemes pe r fo rm better  than fi l te rs  designed solely on ensemble

statistics. It has also been shown that th ere  is an advantage in

designing M MS E f i l ters with no stationarity of the mean imposed on the

image.
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3.5 Degrees of Freedo m in Image Formation

Dennis flcCaughe~ and Harry C. Andrew s

The concept of degrees  of freedom (DOF) has arisen in the imagin g

literature in an attaipt to quantify the number of truly independent

samples of data one gath ers  with photographic or other image sensing
- devices < 1,2>. As season technology grows, the quantity of data

gathered increases, and it becomes reasonable to ask what the true

increase in information content is as one increases image samples.

3ne useful model, in which the degrees of freedom (DOP) concept fits
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nicely,  is the coue i iuous—discrete  representation of a two variable

Er ed holm integral <3>

g1 ~~~~~~~~~~~~~~~~~~~~~ (3. 5—1)

h ere the object f ( ~ ,r~) is continuous, and theref ore , represents a

non-countably inf in i ta  number of DO?. The image gj is descri bed by a

finite number of samples N, and at best represents N DO?. However,

H the  imaging integraL aguation causes reduction of this number due to

the  point spread funct ion  (PS?) blut provid ed by h~ ~~~~~ Rere the

PSF is described by an N-vector whose elements are continuous

functions of the object coordinate system (~,‘1). Intuition might

serve here in the c ucept that the greater the blur, the fewer the

DO? . Thus, if h1 ~~~~ is a “narrow” function the DO? would be greater

th an if h~~(~ #~) were a “broad” function. Since h1 (~~,
t
~~
) can represent

a space variant  point spread function (SVPSfl , intuition also suggests

that in regions in which the object is in “better focus” (i.e.

narrower PS?) greater 03? will be obtained than in regions of “poorer

Locus ” (i.e. broader or greater blur PS?) . Fig ure 1 presents the

conceptualization in pictorial form where the shaded region represents
*the amount of overlap of neighboring PSF’s.

To place these ideas on a firmer mathematical footing, it is

• suggested that the 3raeian matrix formed from the PS? N-vector could

provide a quantitative aeasure of the DO? available in an ima ging

system . The entrie s in this matrix represent the correlation on

eThis figure has been provided by Dr. ft.S. flou (14> whose research

aided the authors in developing some of these coscept.. 
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- (a) Continuous Discrete Model

- (b) PSF Kernel Overlap
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Figure 3. 5-1. Continuous-Discrete Model with PSF
Kernel Linear Dependence
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overlap of each PS? w i t h  its neighbors , and the rank and/or eigeuvalue

map of such a matrix could be used in the definit ion of the DO?

(1,2, 5>. Twomey has aguated the degrees of fr.edom of an imaging

system wit h the number of effectively non-zero sigenvalue s of the

3ramian of the imagia j  syst.m <2>. Twom ey’s techniques were developed

for one-dimensional systems, but are applicable to two-dimensional

systems and w ill be suitably extended and applied to projection

imaging in what  follows.

Continuous-Discrete Nodel and the Grami an : In applying

two-dimensional l inear systems meth ods to imaging systems the

assumption is made tact an image g is related to the original object f

by a superposition integral —

g(xy) =ffh(x.y;~,tl )f(~,n)d~c1n (3.5-2)

where h ( x ,y;~~~1) represents the weighting function of the imaging

system and B is the region of integration over the input coordinate

system. The aim of any reconstruction process is to recover f as best

• as possible in some sense , knowing h and g. In a practical situation

g is know n only for a f i n i t e  set of points in the output  plane. Let

g denote g ( x ,y) sampled in the image coordinate plane (x ,y) and
1

similarly for h, then the vector form of eq uation (1), the

continuous-discrete imaging model

(3.5-3)

results where £ is an error ten and all vectors ar~ N x 1 column

v ectors.

L
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I n obtaining an estima te I for f in eg.(3), consideration must be

taken of the fact that the PS? kernel vector h is comprised of kennel

functions that are not necessarily independent. Neglecting the error

term for the moment, tais dependency of kerne l functions im plies that

some of the output samples can be predicted by linear combinations of

the others, are thus superfluous, and serve to reduce the DO? of the

imaging system . The error term aggravates this situation since, if an

out put el~mant can be predicted by a linear combination of the others

to wi th in  an accuracy better than  the measurement  error , th a t

m easurement adds no new informa tion to what is already known . Twomey

applied this reasoning to systems involving one-dimensional integral

equations with significant results <2).

To obtain a better feeling for how the D3? of the system might be

r educed due to this linear dependence amongst PS? kernels, an

arbitrary unit length vector is defined such that its dot product with

the imaging equation yields

=< ct~f fh (~~ q)f(~ , v~)d~ di~> + <ct ,4> (3. 5-4)

R
If the first term on the right is much smaller than the second, then

its contribution can be considered minimal, raking this into account

along with  the fact th at  = 1, it is possible to reduce the degree

of independence or ausber of DO? by one for every independent ct such •

t h at

j  - 

~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ll~~JI - (355)

whur e  ~ ~
2 can be considered the sensor noi3e which contributes to the

L 

~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~ .:~~ ~~~~ . _ _ _ _ _
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definition of the signal to noise ratio of the imaging system. The

implications of eq.(5~ can be further investigated by noting that the

vector inner product on the left can be related to the continuous

inner product of I with A by

Cf(~,y~), <h(~,~~)ca)>
2 

(3.5-6)

and applying the Schwartz ineqiality

- <f(~ ,t~), <h (c~~)o~>>2 ~~< j , , ,~~~~~~~
(

~~( ! T T~~~~~~ >

= ll f(~, r~)ll2 o~*r a  (3.5-7)

ftere 1’ is known as the ~ramian of the PS? kernels and is defined as

i’ =[ffhj~~.n~i a f . d~ cin] (3.5.8)

which is flarmit ian h a v i n g  real eigeavalues only. Since f ( ~~,11) can be

considered bounded , L ( F ,r~) L  < E , eq. (5) becomes

E2 ~~~~* ~~~ ~~~. ~ 
(3 5 9 )

Expanding T’ into its aigenvector decomposition F = •~~•~j and letting

= ~~~~~~, another unit vector, gives

. 

E2
!*A~~~ II~~U

2 
(3.5-10)

clearly !AL is miniaizad by the allowing ~ to be the eigenvector

associated with the smallest eigenvalue of ~ ; wh ich leads to the

conclusion, that for every eigenvalue of ~ such tha t

E
2
A~ < ii. (3. 5-11)
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one degree of freedom is lost.

Attention can now be directed to the estimate of the

reconstruction of the object I by expanding this estimate in a set of

N orthogonal functions [O(~ ,n ) }  such tha t

N
1~~~~~~ ~~~~~~~~ = <!(

~~
t1).±> (3.5—12)

A 

ix!

In order that f be a solution up to the degree of freedom of the

orthogonal set will be defined as

~~~~~~ 
= u*b(g, y~) (3.5-13)

Then

Thus, the set is ortaogonal. Solving for the imaging equation for I

without  noise yields

I ~~~~~~ d~di~ (3.5-15a)

I =ffh(~,11)h*(~,?,)Uad~ d1l (3. 545b)

B

u A a  (3. 5-l Sc)

onsequently the coefficients of the estimate I from eq. (12) become 
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— 1a = Ft U* g (3. 5—16)

l~flus,

A — 1f(~,i~)= &*r  h(~ ,-~ ) (3. 5— 17)

and the es t imate  of tue  object is shown to be direct ly related to the

image and expansion of the PS? kernel in the space of the Gramian

(weighted by the invec3a of the Gramian eigenvalues). Clearly, the

larger the  condition n umber of F , the poorer the estimate of the

object. A large condition number on I’ implies low eigenvalues which

implies an effectiv e Linear dependence in the point spread function

kernels which implies overlapping point spread functions in the

imaging model.

The results of ads. (16) and (17) indicate an ill—condit ! ’ ning

problem in w hich an upper bound on the relative error ~~~~~~~~ can be

found to be

• 1 6 ~ ~ ~1fl%X1 LJ� (3. 5-181
-
~

Thus the condit ion number  of r and the noise to signal ratio in the

data define an upper nound on the relative error in the reconstruction

process.

Neretofore consideration has been given to the case of a

non-singular Gramia~, and attention must be given to the case where

$ and thusP4, do n t  exist. Letting ç be a non— singular constraint
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eatrix this proble. can  be postulated as a sui ta ble minimiza tion as

follows <13) :

m inim ise: .! * 
~~~~ (3. S-19a)

subject to: f g - U A *112 
= 0 (3. 5-19b)

The cr~ ter ion to be minimized becomes

a* C a  + V - tj 
.
~~~ ~~ (3. 5-20)

whe re V is the us~al Lagrange mu ltiplier. Performin g this

minimizati on results in a least squares solution of

= (r ’~ + A 2) 1
A u41g (3. 5-21a)

and
*

= 
.~~~ ~~~

(
~ .‘) (3.5—21b)

the  above result should be compared with egs.(15) and ( 17) to see the

impl ications of this Least  squares result. Proper conditions on C and

v result in the pseudoiaverse reconstruction.
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3.6 Texture Image Coding

William K. Prat t

M any images can be segmented into a relatively few number of

regions. Some regions, called busy regions, contain objects

possessing fine detail. Other regions relatively devoid of detail,

can often be described as being of similar composition or texture.

textured regions are characterized by some quasi—periodic repetition

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

~~~~~~~ tiles, brick w alls, and textiles.

- _ _  
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Coding Concept: 3egmentation of an image into busy regions and

t extured regions ci~ be util ized as the basis of an image coding

concept. The coding process is as follows:

(a) an image is segmented into two region classes: textured and

busy; - -

(b) busy - regions ace identified , and pixels wi th in  the region are

coded by some h igh  quali ty coding method such as predictive or

transform coding ;

(C) texture is c~aracterized according to some measure within

each textured region;

(d) at the image destination busy regions are reconstructed from

their\~oded representations;

(e) the~~~xtured regions are reconstructed at the receiver by

inserting artificially generated texture within each texture

segment.

This tex ture  coding process seeks to exploit the limitations and

adaptability of the human visual process. Zn most scenes textured

regions simply provid e the spatial context for  f ine detail busy

regions. The visual system does not closely examine textured regions;

they are perceived on some global basis. In effect the fine structure

• of a textured region is redundant to the human visual systems. This

v isual property has been exploited by artists for centuries. In many

paintings ttitured regions are represented by relatively few brush

strokes in comparison to regions of fin, detail.

- ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ _ -—~~~-~~ ~~~~~~~~~~~~~~~~~~~~~~ ~
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Segmentation: Tha texture coding system reguires segmentation of

an image into busy and textured regions prior to coding of each

region . Image segmentation for purposes of scene analysis is

presently an active field of research. Techniques under study

include:

thresholding

histogram division

clustering

region growing

edge linking

Thresholding is a simple form of segmentation in which individual —

pixels are classified according to their amplitude value. The process

is limited to simply structured images for which the text ured

backgroun d possesse s an average brightness leve l significantly

d i f fe ren t  from the bu sy reg ions. Histogram division is a

mult i -dimensional  foci  of thresbolding based upon the formation of

histograas of image a t tr ibutes  such as luminance , tr ist imulus va lue ,

• edge density, etc . If a h is togram is multi-modal , the division levels

between th e  modes are used to define classification cells in the

multi-dimension image a t t r ibu te  space. Clustering techniques of

• pat tern recognition ar e  a generalization of nistogram division in

which classification calls are formed from the Jo in t  histograms of the

image attributes ratnar than the marginal histogram oL each attribute .

The h i s togram and clustering approaches often perfor, qu i te  well in

segmenta t ion , but t a a  associated processing ta sk is formidable .

I
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~~ 
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Megion growing is a simple approach to segmentation in which

neighboring pixels are grouped into a region if they possess similar

attr ibutes.  The m e thod works veil for simple scenes, but must be

augmented with semantic knowled ge for reas onably complex scenes. Edge

linking is a bound ary formation process in which edge points are

individually  detected and  subsequently link ed to their neighbors if

tI~ey possess similar gradients and orientations. The major drawback

-
- 

-~ of the technique is t h a t  the detected boundaries any not be closed.

Further  work is needed toward the development of segmentation methods

which can be utilized in the texture coding system.

Texture  Synthesis: There are two basic approaches to texture

synthssis : determinist ic  and statistical. With the deterministic

meth od  a basic pat tern d pixels is periodically repeated in two

dimensions over an image field. The pattern may be an artificial

arrangement of pixel amplitude values or some small segment of a

natura l  scene. The statistical approach involves the generation of a

spatially correlated two dimensional random process .

Figure 1 cont a in s examples of ar t i f i ca lly  generated textures

whose average luminance level is 200 over a scale of 0 to 255. The

f i r s t  example in f i g u r e  la consists of a spatially uncorralate d array

generated by Gaussian ly distributed random numbers  with standard

deviations of 32. In figure lb the array of figure la has been low

pass f i l ter ed  by convol it ion  wi th  an impuls-3 response funct ion

__________ ______•_•3__•__ ~~~~~~
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1 1 1 11
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(3.6-1)

The array of figure ic r.sults from high pass f i l ter ing with an

impulse response function

- 
_~~~(1+P~

2) ‘c’a 
-
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~~
2
) _P

a
(1+Pc

2
) (3.6-2)

- 

p
c’a .Pc(1+

~~
2) • 

‘c l’p.

where 0.5 and = 0.9.

Exper imental Results: The basic concept of texture  cod ing has

been explored for th e coding of the tank image of figure 2a. The

outline of the tank , shown in f igure  2b , has been obtained manually to

provide the basis far the segmentation of the tank and the grass. In

f igure  2c the tank se~j m e a t  has been combined with  a constant luminance

back ground of value 200. The reconstruction of f ig ure 2d utilizes the

low pass filtered Gaussian texture array.

The results presented here are merely a preliminary example of

the  general  concept f texture  coding. E f f o r t is continuing on

several f r o n t s  to completel y develop the tecbni~ ue. Research is being

performed on texture segmenta t i on , meas ur am in t , and synthesis.

3.7 Algor i thms  and N a-idaal  E f f e c t s  in Nonl inear  Optical Processing

Stephen R .  Dashiall  and Alexander A. Sawch u k
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The use of haLftone screen preprocessing to realize nonlinear

opdrations in a coasrent optical ayst.a is vsll established <1—7>.

Various operations su;k as logarithm, exponential, level slicer, notch

filter, quantizatior&, and analog—to—digital conversion hate been

presented. When halftone screens ar. used to rsalize monotonic or

non- nonotonic nonlinear poimt transfer ftn:tioas, the screens are

usually composed of periodically repeated cells which are themselves

monotonic in density. This is not necessary: an iterative computer

algoritha for generating a uon-aonotonic cell, shape to yield an

arbitrary transfer function in the first orlar has been developed.

There is no unique solution to the non-monotonic design problem. The

cell generated by the algorithm is only one of many possibilities.

Some operations , specifically the notch f i l ter and quantizer <2 ,4,6 ,7>

are realized with non-monotonic halftons cells.

Omitting wavelenjta and geometrica l factors for clarity, the bar

structure of period a on the copy film resulting from using a

one-dimensional halftone screen can be analyzed by representing one

period (1 (x) as a sus of small shifted rectangl. functions. If there

are small rectangle functions, then

U(x) =

~~~~~

I(k

~

I ) rect
(
~~~~~

i

~~ 

a/2~
) 

(3. 7-1)

where ~ can be a rb i t r a r i ly  large, I (k ,Tt~ ) ~ 0 if th e specific

sub—regio n is opaque , a id  I (k .L~ ) a ~ if it is clear. Equat ion (1) is

convolved with a comb function <8> to produce the  complete periodic

t r ansmi t t ance  function input  to the opt ical. processor. Af te r  Fourier

_ ____ _ _ I
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transform ing, diffraction order selection, cml discarding of complex

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

systea and the mag nitiida squared yi.lds th. output intensity

1out = ~(I~~ n) = I(k,I~~) exp (-j2Tr knft) (3.7-2) -

where n represents the diffraction order selected. For the first

order , n = 1. In both eqs. (1) and (2), the term I(k,~~) reflects 
—

the fact the the sub-regions depend on I through the halftone

preprocessing.

The synthesis problem for an arbitrary diffraction order can be

stated: choose a function I(k,~~) so that the square of the n th

Fourier component of I(k,I.~ is equal to the desired g ( ~~ ,n) with the

restriction that if I(k.L~) ejuals one for any ~~~~~~~ 

j ~ must be equa l to

one for all larger I~. rhe constraint arises because no sub—region

can return to clear after being exposed.

Considering only t~e first order, eq. (2) becomes

- l 

1out = 
~(I~ 9 1) = I~~,t~ )e p( .j2 nk/~ j

2 
(3.7-3)

This can be regarded as a sum of ~ vectors of length 3 or 1/~ with the

angular orientation of the k th vector given by

9(k)= .&zk - 

(3.7-4)

These era directly equivalent  to positions ka/~ in the periodic cell. - 

-

L ~TTJT:. - 
_ _ _ _ _ _ _  

~~~~~~~~~~~~~~~~~~~~~~ 
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A synthesis algorith, for non-monotonic cells to achieve arbitrary

non-monotonic nonlinear transfer functions can be formulated. The

procedure is to break the vectors into two families, those for which

1 k ~ 4/2 and those C r  which (4/2)+1 < k <t , and regard the first

• family as the one which increases the output , and the second as the

one which decreases t n a  output . To begin , add in vectors starting

wi th  k a I until the sum squared equals the desired Tout for the

To increase ‘out for a larger ‘in, add in more vectors one at a time and

- - continue until the sum squared equals the desired I To decrease I
ou~ out

ror a larger I , add in vectors starting with k = 4/2+1 or, if some of

the second fa mily hav e already been used, start at the vector adjacent

to the one last used . Add these in until the - sum squared has

decreased to the desired value. Continu e this process until the

complete nonlinear t r ans fe r  funct ion has bean mapped out. One of two

possibilities will occur: (1) all of the vectors in the first family —

will be used before the complete transfer function has been mapped

out; or (2), the function will be completely mapped and there will be

v ectors remaining which could have been used. If the first

possibility occurs, increase the length of all the vectors and start

over. If the second possibility occurs , decide if a large enough

fraction of the avail.able vectors (cell area) have been used , and

stop. If not , decrease the vector length and begin again.  If the

tolerances are chosea wisely, this procedure wi ll arrive at a
* satisfactory solution fairly rapidly. Figure la shows the input

p icture, and f igure l b  shows the output pictur e fo r  a f irst  order

intensi ty  notch f i l te r wi th  a non-monoton ic cell ha l f tone  screen .

L _  

_ _~~~~ — - 
_ _ _ _ _ _ _ _  —--~ - 
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Figure  ic shows the ou t p u t  of a three level qu ant izer .  Figure 2 shows

th~ t r ans fe r  function and cell shape for a f i r s t  order f ive level

slicer.

In the  analyses to date < 1-7> the f i l m  used fo r  the copy step in

the h al f tone  procese has been assu med to h ave  an i n f i n i t e  gamma and

saturation density. La practice neit her of these is true, and the

effects of low gasan or saturation density affect the transfer

funct ions  obtained in various ways , depending on the particular

half ton e screen. An analysis of the effects of finite gamma and

saturation density for one—film and two—film processes will be given.

A ~‘ne-film process is the normal haiftoni ng process. A two-f i lm

process is the same except  that the balftonel picture is contact

printed onto another pLace of copy fi lm to produce a contrast reversed

b alftoned picture . h i s  is useful  to provide a positive slope on

monotonic transfer functions in the zero orde r and/or increase

effective gamma if both gamsas exceed one.

Errors in the nonlinear intensity t ransfer  function arise from

the edges of the bars  on the copy fil,  being varying shades of grey

with a finite width rather than abrupt jumps, and from the finite

transmission of supposedly opaque areas on the film. A plot of the

film density across one bar will show sloping rather than abrupt

sides, an d a maximu m density equal to the saturation density for the

film . If this bar density i. regarded as consisting of a stack of k

trapezoids each of height ~D, the output intensity resulting from

using an arbitrary n th order componen t of the Fourier transform of a
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(b) Nonmonotonic cell for operation in the first
diffraction order.

Figure 3.7-2. Five level slice nonlinearity.

L - —- - -.-z’-~
- — -~~~ -——~~ --~~~~~~ —~ --, -- ~-- -~~~ —- ——-—~- • -—-~ - -.*-——- -- —-- —- --—----.~———-- - - -~~~~ -. ‘- ,—-- --. - ~~~~~~~~ ________________



~~~~~- -~~~~~~~~~~~~~~~~~~~~~~~~~~~~ - 

I
Pa ge 185

per iodic ar ray  of 3u~ h ban spaced a ap ar t  in a two lens optical

processing system i~i

1out ~~~~~~~~~~ DC +~~~~ (~j~J_ i_ i)D’ 4io !~’ ).

(a~f (Di~~~~~~
’) -

- 
a

(f l(D
(I ;1)Dt) -

sinc

•~~ 
n(a_ f_l (D_ (i;I)Dt) - f_1(D _~~~ )) 

(3.7-5)

wher e = halftone call density corresponding to this bar width

D = film saturation density
- 

- 

sat
= D

~~~ or ~ D1, whichever is smaller

k = number  of stacked trapezoids used

a = diffraction order used

inverse of f where f (z) = D is the cell profile description

DC~~’jO
’
~~f o r n a O and O f o r n = O .

Realizing that log~p1 , eq. (5) can be evaluated for  various and

a picture of the actual ~~~ for various D.t  and y values obtained.

Equation (5) describes the effects for the one—film case. For

the two-fi lm case

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _  -~~~~~~~~~~~~~ - - - -~~~~- ~~~~~~~~~~~~~
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~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
= ~DC +± (Jio

_ Y 2
~~

_

~~~~ + 
~[_ v zi~D

) ;~
;..

I
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1 
(D, 

~~~~~ 

~4 
(D~ 

(2~~
;

iAD))

~~~~ 
(n 

fri (D~ ~~2:D)) ~~1 

~ 
a;I)~D)))

- (i-1)iM~ - i~ D

•~~. 
(n (

f
_ 1 
(D1 - f

_ i 

(~
1 - 

(3.7-6)

where ~D D’/KY2

• 
D.atf saturation lansity of fila no. 2

D1~._~ l log
10 ~~~~~~~~

copying tatansity for copying I ii. ~ O. I onto lila no. 2

— threshold Latansity on Lila no. 2

a fila no. 1 g~iaa

• 
film no. 2 g~ua

n a itffraction r1.r s.l.~t.a

D’ a D or D /y • ahickever is sm Iler
patZ~ max 2

DCa~~ 1O f o r a — O a n d O f o r n = 0
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Equation (6) is used to calculate a point by point plot of ‘out for

various ‘in values, given the other specified parame
ters.

Equations (5) and (6) have such a large number of variables that

a comprehensive series of graphs showing all possible behavior nodes

is impossible in the space available. The plots shown assume high

saturation dwnsity tal low gamma.. Figures 3 to 6 show examples of

one and two film transfer functions..

It is possible to minimize certain degradntions cnused by finite

~a..a ani saturation densities by precompensation of the halftone

:ell. The precompensation can be accomplished for portions of the

transfer function v~i~ h are neither flat nor an abrupt jump. The

technique is as follows:

(a) Calculate or specify the ideal transfer function.

(b) øsing the spo:ified film parameters, calculate point by point

wh at  the requira l bar width is to obtain the desired output using

• eq. (5) or (6) as ~ppropciate , with the restriction that the

• calculated cel l must be monotonic , i.e., f ( x) ~ D is a

monotonically ia:reasing function of x.

Note that when the ma~iiu. allowable bar width is reached, further

increases in I serve simply to increase the overall  film density. -

. 

-

Figures 7 ~nd 8 show some results f rom th i s  tec~ni que. Note f ro m

Ligur~ 8 that even with low gamma and sa tura t ion  density,  a good match

to the desired transfir f unction is possible. 

_ _ _ _ _ _ _  _~~~~~~~~~~~~~~~~~~~~ • • ~~~~~~~~~~~~~ •~~~~~~~~~~~~~~~~~~~~~~~~~ 
_ _ _ _ _
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3.8 Art i f ic ia l  Stereo f rom Image Features

Alexander A. Sawchuk and Harry C. Andr ews

It is well known that stereo image information is an aDsolute

necessity for certain image processing applications such as

photointerpretation sad cartography . This secti on describes some

preliminary experiments in artificially generating stereo image pairs

from single pictures. In these artificial stereo isages, the depth

information can be obtained from many different types of image

features, including pixel brightness, edge information, texture, or a

combination of these. One intent of this study is to evaluate the

depth illusion created by artificial stereo as an aid to human

perception. An impor tan t  reference for the stud y of textures in

stereo perception is the work of Julesz <1>.

A pro gram has besa wri t ten to accept any height  information about

~ two— dimen sion a l s:iae and create a left—right stereo pair fro. a
O single image. The p ro g r am is quite general and  the height  information I

0 can be obtained from a priori know ledge of the scene height , or -
~~

ar t i f ic ially  created from image features as described. The height I
information is suppliel as a non—nega t ive  numb er  which proportionately

controls the perceives height in the lef t-r ight  ste reo pair. For the

left  imag e of the pai r , the p ro gram locally sh i f t s  pixels to the r ight

~spanding on the he::t inton at ion.  In the tocai  s hi f t  

:~:TI .~~t
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0 

:ertain pixels are obliterated by the shift and other surrounding

p ixels  m ast  be moved in to f i l l  in the missing are a of the shifted

pixels. The progra a accomplishes this automatical ly and e f f i c iently

~eeps onl y the needed im a g e  line in core. A scale factor  can be also

chosen to control the gain on the perceived de pth . For the right

image , the  operation is similar except that the  local pixel shif t  is

to the le ft .  The s;ale factor is also used wi th  unnormalized height

dat a to control the m aximum pixel shift .  For in put images and

ar t i f i c ia l stereo p airs  of 256 x 256 , a maximum local shi ft of 10

pixels is all that is needed for  an exaggerated depth illusion.

It is important  t a it  the input  informat ion be locally smoothed .

(Jnsmoot h ed height data  produces jagged edges on objects and severe
• distortions of image shapes.  A l t h o u g h  some amount  of distortion in

ea ch pi :ture is tolerab l e because the eye tends to fuse - images, any

severe distortion detracts from the stereo illusion . It should also

be •dntj oned tha t  local features such ~s obje:ts , spots , li n es, etc.

must be preserved simplj  for  the eye to follow in perceiving depth.

If a un i fo rmly  featireless  f lat  field were locally shifted, there

gou ld  be no perceived depth  because there are no features  for the eye

to place in register.

An expe r imen t  to test these ideas have been performed.  A Roberts

~radient  edge detector was used to create the height information .

Denot i ng an image a r r iy  by f ( i,j  ), the Roberts ope rator produces an

ed’j e m ap

____ _ _ _ _ _ _ _ _ _ _
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e(i , j) = I f( i , j) — f(i+ 1, j+ 1)1 + I f(i+1 , j ) — f(j+ 1, 1)~ (3. 8 — 1 )

by ope rat in .j  in a 2 a 2 a r ray  of pixels. The Roberts  operator  is very

e f f e ct i v e  at  locally is lat ing edges , but using the edg e output  e( i ,j )

• d i rect ly  for  height  i n for m a t i o n  produced poor resul ts .  The Roberts

in f o r m a t i o n  was s a o oth ~ d us ing a simple u n i f o r m l y  weighted

convolu tional averagiuj window. Various w indow sizes have been tried ,

but a window of 3 pixeLs horizontally and 5 pixels ver tically seems to

work veil . The best averag ing  window probably depends on the amount

of local. detail  in the inpu t  image.

The smoothed Roberts  edg e da ta  vas used as the input  to the

ar t i f icial  stereo program for an exper im ental  example using a moon

4 picture. Th e lef t—t i g~i t  stereo pair is show n in f igure  1. These

pictures are best v i e w e d  with a binocular viewer or wi th  a prism held

close to one eye so t a at  the image will fuse. rh e stereo impression

from these pictures is very  striking; pa r t icular ly  in the lower center

of the image where the edge informat ion from th e  craters makes the m

appear to be floating at different  he ights.

This experiment is only prel iminary,  and considerable fur ther

work is suggested by these results. Different  prep rocessing of he ight

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

perception wit h lef t - r ight  pairs is remarkably unaffected  by blurring,

small size reductions or noise in one image.

Reference
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~~. Real Time Implementation of Image Processing Techniques

In the past several years a number of device concepts and

technologies, such as charge coupled devices (C~D) and integrated

injection logic (I LI, aave been developed which are already having

s ignif icant  impac t on signal processing capabilities. The purpose of

this task is to study means of performing proven image processing

algorithms with suc a technologies in integrated circuit form.  The

benefits of perfor.in~ the processing in silicon integrated circuits,

w hich might  be incorporated into an image sensor, for example , are

clear in terms of power, weight and cost. The advantages of both CCDB

and I L in terms of tasir power—delay product make them particularly

attractive, as shown in figure 1. However, it is not intended that

the study be Limited to these two technologies. If , for example , the

speed of GaAs PET logic can add significantly to the capabilities of

the processor that technology will be included and the cost and

benefits examined . 0

Since this is a new task some discu ssion of the progra. goals and

schedules is varra~te1. The inherent f lexibil i ty of the device

• technologies under consideration implies that a very large number of

algorithms might usefulLy be studied. Uowever , at the present time it

is our intention to eip~iasize the fol lowing five classical operations:

(a) Convolutional processing (both spatial and via chirp

transformation techniques) 0

(b) Edge detection via the Roberts magni tude  operator

(C) Ed g e detecti a via the Sobel operator

I- ~~~~
-.
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(d )  E d g e  detection via the Hueckel  operator

(e) Successive histog ra, operations.

Each of these ope rat ions  is described in the literature and only

such aspects of tfl~ algorithms vhich specially affect the circuit

pe r fo rmance  will  be discussed. W i t h i n  each topic the critical circuit

f u n c t i o n s  w i l l  be i dent i f i ed  and factors affecting the accuracy, speed

and power ruquirements are analyzed . The aspects of the device

processin g which impact the circuit performance will be addressed.

Where appropriate, discussion of the processing limits will be

included. For those operations which can ba performed with present

technolog y a schematic at the required circuit will be developed and a

• performance analysis undertaken. Phere it is estimated that

s ignif icant  development will be required before the necessary

circuitry can be implemented the critical areas will be identified.

An important part )f any such endeavor , of cou rse , is a detailed

review of the state of the art of both the device technology and the

process in g capabilities. In the f i rs t  three months of the program,

vh ich this report covers , .~ have undertaken such a review, primarily

of the charge transfer technology and its application to chirp

transform processing. A summary of t his work is included here .

During the next ~uarter we intend to extend the analysis of CCDs

to include the other four functions described above and provid, block

schematic diagrams and circuit layouts where posaible, prior to

analysis of possible 12L implementation..
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Another objectiv e of this task is to exper imental ly  st ud y the
• r eal  t ime  imp lementation of nonlinear optical. data processing (ODP).

In th is part of the ~ar& , we are utilizing a liquid crystal light

va lve  as an incoherent light converter. The input image is modulated

by a gra t ing  pa ttern. r~ is process is the real time implementation of

the  nonlinear ODP work of Dashiel]. and Sawchuk. The goals of this

work are to measure taa light valve tra n sfer function,  maximize the

“gamma ” of this relationship and implement various monotonic and

aonsouotoflic nonlinear functions. In the first quarter, we measured

the light valve t r ansfer  function with d i f fe ren t  drive conditions and

• demonstrated a nonmonotonic nonlinearity. This work is reported in

Section 14.3

4,1 CCD Technology Review

~.1.1 Charge Transfer Devices Pettbrmanc.

CCD Device Operation : The charge coupled device (CCD) concept

(1,2> consists of a linear array of NOS capacitors with input and

output semiconductor junctions to inject and extract electrical charge

as shown in figure 2. ~ultiphase clocks are used to shif t  the charge

• I from one capacitor to th e  next. Three basic type s of CCD5 exist;

surface channel (SC D), buried channel (BCCD), and monuniformly dop.d

devices such as the paristaltic (PC~D). Zn the surface channel device

the BOS capacitor ii formed by a thin (typi:ally O.lu m) silicom

dioxide layer formed an a silicon substrats. The control gates.

usually of aluminum or heavily doped polysili:on are •posit.d on the 
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SiO~ surf a:.. Typica l jeometries , using phot olitbography, have gates

with l.ogtk. of 10 to 2 Mg .

- 
In SCCD devices the charge is transferred directly at the

silicon-silicon dioxide interface where a potential minimum exists.
- 

Zn the buried channel device, a thin layer at the substrate surface is

I doped so that the p tamtial minimu m is located a small distance from

the silicon-silicon dioxide interface. In this case the charges

travel in the substr ate and hence many of the trapping states are

• avoi ded , yielding a higher charg. transfer efficiency (CTE). A
- 

0 

schematic of a buried channel device is shown in f igure  3.

0 Peristaltic <3> devices rely on varying the doping density within

the buried channel to achieve high char ge storage (as in surface

channel operation) and also achieve high CTE by t ransfer r ing  the last

traction of charge within the substrate by field—aided drift (as in

the buried channel). Devices using this technigue have been operated

at frequencies abov e 100 MHz ,  and furthe r increa se in speed depends

l argely on the development  of high speed input and charge sensing 
0

0 

devices. A compariso n at the bandwidth and processin~ delay available

with these dev ices as coapared with surface wave acoustic, is shown in

figure 4.

Th. operation of charge transfer devices has be&~n described

elsewhere <4,5), but for the sake of completeness the concept is

reviewed br iefly here.

Piguts 2 show s a single cell of a typical  p-type surface channel 

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
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device. A positive electrode voltage applied to the device repels the

majority carriers creating a depletion region directly beneath the

gate. The energy bands in the semicond uctor then become bent and a

potential minimum exists directly at the silicon-silicon dioxide

interface. If charge is now injected into th. dev ice, in the for. of

majority carriers, in this case electrons, they will be stored at the

interface modifying tie potential profiles as shown in f igure  2b . The

maximum charge density TMmax can be written in terms of the gate

voltage 
~G 

-as

N = 
~~~~~~~~~~ [v~ - 

~ FB - 24$ - V~
] 

- 
(4.1-1)

where YFB~
S the flat bud voltage, ~8 is the wall potential and

VB= C 

1/2

L Typically

• 

0 I~c 
~ 

- 24i~ - V
BI 

(4. 1-2)

and hence the charge storage is directly proportional to the gate

-
~~ voltage, i.e.

- c v
• - Nma,c = o X G A (4.1-3)

• w here A is the charge storage area.

The charge transfer is effected by clocking adjacent gates so as

to create increasin g well depth in the !Lge:tion of desired charge
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t rave l . Numerous  clo;iiu~ techri igues have bean employed ranging fr og

a single cycle to f i l l  tour—phase clocking. The stepped oxide

t echn i~j u e  is commonly eap l oyed to achieve two-phase operation where

- 
- 

two ~dj acan t  gates ar ~ connected together and the var ia t ion  in oxide

thickness provides the 2 iuterent well depths.

For SCCD devices the char~je travels at  the silicon Si0 2 inteL -face

where  the  densit y of t rapping states is hig h , typically of the order
9 -2 -1

• of 10 cm eT . The rE ,.s therefore necessarily lover than for BCCD.

dowever, CTE better taan 0.999 hav e been obtained vitfl S C D  devices by

using a “fa t  zero” whica involves constantly clocking th rough  a small

background  charge . The ratio of the charge  r ema in ing  N~~( r )  a f t e r

time, to the original charge, N
~
, in the absence of field aid drift is

gi ven by

N.~
(t) / ir~& e N  t ç’

- N - 1  2 ( . 1-4 )
0 2LC /

where is the electron mobility, 1. is the distanc e between adjacent

gates, and C is the effective capacitance per unit area.

If f r i n g i n g  f ie lds  exist as in the BCCD the relationship becomes

- 
z.ç(t) I -3L3C \ •

0~~~ 

- eXP
~~~~z~ V i  tJ (4.1-5)

whereAV is the volta~a difference between the initial and final I
sites. An analysis of the relationship between these two mechanisms

shows that the field-Laluced drift is dominant in the final stage of
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tn .~ cha rg e  t ransfer  ao d is essentia l for hi-j h I’f a t  high frequencies.

Since m ost ~f the electrostat ic f iell  is no rma l  to the direction of

ch ar ~J~ transfer, “:aaplete” charge transfer can be accomplished only

at relatively low clock rates (of the order of 103 kHz) . In the

buried c h a n n e l  concept , a layer  of n~doped interial is introduced on

the  sur face  of the p - typ o  silicon by epitazial or ion implantation.

When a positive volta~ e is applied , a de pletion region is formed under

the electrode and the r e su l t ing  potential profile is as shown in

figure Jb. The potestial minimum is determined by the gate

voltage as

7 N4 (e.5 NA ~~D 
+ NA)\ 

(

d N
D) 

•

min - - 
VT ND / ~~~ 

+ 7 - -i-—

N 2 
-

{e. B NA (ND + N A) (d  ~ 
ND

ND

+

~~~ 

4.1-6) 

-

where, using the notation shown in figure 3b

___  _________ ___
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V 1 = e NDt(C +~ z
’
c )

This f u n c t i o n  is pl3tted in f i g u r e  5, ( w h i c h  is taken  from (5>)

sh~ winy  thdt  the p tent ial  is approxiaat aly a l inear func t ion  of

:1 ver a v~ de range of ‘ate  voltages. When charge is injected into the

device it resides at th e  potent ial  minimu m which  is typ ica l ly  several

n u n dr 1~d angst r oms f r a  tn e  i n t e r f ace .  This allows more  e f fec t ive

• charge t r an s f e r  and ~ tE as high as 0.9999. Fur th er the nonlinear or

t r ansve r se  fields are c~ nsiderabl y larger at these depths  and accoun t

for a considerable part of the charge transfer. This in turn allows

the  higher speeds to ne achieved , as i l lustrated in f i gu re  2.

The peristaltic concept combines the high charge storage

capabilities of the SCD with high charge transfer efficiency and

large bandwidth capabilities of the BCCD. It achieves this basically —

by stor in g the charge at the sur face  of the silicon while  transferring

the last charges deep in the silicon substrate where the fringing

fields are strongest. Of the three transfer mechanisms, self—induced

drift, thermal diffusion and field aided drift the former accounts for

90 to 99% of the transfer and is accomplished in a few nanoseconds.

?be thermal diffusion is usually muck slower and is significant only

• in the final stages of the SCCD transfer process. Peristaltic

operation stores the ;~arge close to the silicon surface so as to

achieve high storage as in the SCCD but the doping profile is modified

so as to force the last fraction of charge into the bulk during the

transfer process vher~ field aided drift accounts for the final

L ~~
- •• • •~~~~~ _  
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transfer .

____________________________________
Inpu t Circuitry: Tam speed and efficiency of the  C D  input and

output circuitry is, of course, an important consideration in the

ultimate performance of t he  f inal  device . Two basi c concepts exist to

conver t the input volta;. signal into the requir.d charge for the CCD.

They involve either tata~ratiag a current for a fixed time interval or

charging a fixed capacitor. The int.grating input requires less

peripheral circuitry, provides voltage gain, and g.nsrally has lower

noise. The capacitor input (To.psett input or threshold correcting

input) is more linear and is less s.nsitive to bias conditions. aoth

inputs  have approximately the same t ransfer  ckaract.ristics.

A schematic of th e integrating inpu t is shown is tiger. 6. The

input signal is ac coupled to the VIN gate , thus modulating the amount

of current trickling into the CD. Pot this particular input, charge

continues to trickle regardless of tk. state of • The amount of

charge finally collected in the tra nsfer bsck.t is, therefore ,

proportional to the integral ~f thi input voltage over the full clock

• ~eer iod. The input is v ery  sensitive to tb. bias vol tages at the

source d i f fu s ion  and the input electrode , and bec omes increasingly

nonlinear for large a: values of due to the input ~OSFET’s square

law dependence of current on gate—to—source vol tage. The sensitivity

problem of this input is fur ther heightened by the  t r ad i t i ona l ly

unpredictable  threshold voltage.

The threshold correcting input , shown in f igu r e 7 solves many of

_ _ _ _ _ _ _  - - _ _ _ _

~~~~~~~~~~~~~~~~~~~~~ _ _ _ _
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the problems at a cost of gain and some noise. The input diffusion is

driven by 4j to a l.~~.L where the TIN gate is overflowed. The

diffusion then recedes and the extra charge falls back with it leaving

an amount of charge proportional to the difference between T1~ and

~dc~ 
When fails to receive the input charge, it picks up an amount

of charge proportional to the minimum of the input signal during the

input aperture time.

The threshold c rrecting input makes use of the fact that

although the threshold voltage may vary across the chip and from water

to wafer, the variation between two adjacent (or almost adjacent)

dates can be made very small thus ensuring that when the V 1~ gate and

the 
~dc 

gate are at the same potentia l, no char;. will be entering the

~CD. This diLferentiaL aspect of the input scheme, combined with the

Large input full  scale signal, sake the input biasing very

noncri t ical .  This vol tage  type of inpu t is also independent of clock

rate unl ike the previous integrating input.  The speed of input

devices of this type is presently limited to about 100 NHz but high

resolution bipolar circuitry presently being developed may increase

this to several hundrid MHZ .

• Output Circuitry: At the output of the CCD the charge must be

• converted into a voltage. This can be achieved ny discharging the

signal through a precision controlled resistor and measur ing the

rt *sult ing voltage. Al ternat ively  the charge can be dumped into a

capacitor and the voltaje measured.
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The fo rmer  techn i~ aa is illustrated in f i ; are  8. It is basicall y

siuple r to implement and operates at high ~pee1s. Lu general, when B

is large enough to match the resistor noise current  to the CCD noise

cur ren t , the signal bandwid th  is below one—half the cloc k frequency.

ro increase the bandw~.dth , a transimpedance amplifier is used instead

of the resistor. The transiapedance amplifier is generally an op amp

with a feedback resistor B. The output diffusion is tied to the

summing Junction of the  op amp , and the output voltage bias is

connect ed to the positive input of the amplifier. Such a circuit is

shown in figure 9. The advantage of this low input impedance

transimpedance amplifier is that the effect of the parasitic

capacitance on the output  node is divided by the open loop gain of the

amplifier . Discrete circuits capable of handling 10 pP on the output

node have been built with a transimpedance of 53 K ohms at signal

frequencies up to 10 MHz . The bandw idth can be extended further if

lower transimpedances are acceptable.

The second outpu t circuit (normally called a reset output) is

more common than the direct current mode type. The two kinds of rsset

ou tput circuits are called floating diffusion and floating gate. A

schematic of the floating diffusion output is shown in figure 10. Tb.

method of operation for this output is (1) while ~ RST is high , G 2

rises to dump charg e over the screen gate; (2) th is charge increases

the  surface potential around th. floa ting dif fusion thus increasing

the diffusion potential; and (3) the source follower rises as the

floating diffusion rises. The output is reset when ~ RST lowers and

allows the signal charge to flow into the 
~DD 

supply. The output

j 
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voltage from this circuit is constast with clock frequency if the duty

cycle of th. output ii held constant. The magnitude of the output is

d.t.rmin.d by the amount of full scale charge and th. capacitance on

the output mode. Vi ta a 50% duty cycle, th. output magnitude can be

as higb as o .5vrm s.

Using standard photolithography output circuits of this type have

been operated routinely at 20 MHz. Presently these bipolar devices

are being developed using electron beam exposure to operate at speeds

in excess of 100 MHz.

Charge Transfer gfficiency (CTE): rhe charge transfer process.

even for a single transfer, is never complete. A certain traction of

charge. € , is lost. ?ne principal causes of the incomplete transfer

are the finite velocity of the carriers and the trapping states. The

CTV is usually lower for SCCD devices than for BCCD because (a) the

density of trapping states are greatest at the Si-Si02 interface and

(b) the transfer is usually incomplete (at all b u t  the very slowest

clock rates) since field aided drift is aosent. In a ddition the

charges trapped in the interface states empty slowly and hence

contribute to trailing data. In fat zero operation a constan t charge

level, of 10 to 20% of the fall signal level, is used to keep all the

states f u l l  and th en  reduce the charg~ loss. The technique is

• primarily used for dijital applications and can result in c~ 10~~.

The density of traps deep in the silicon is much less and hence

the need for fat zero in BC~D is reduced. A pr inci ple ef fec t of the

.4

- -- -~~--- • ~~~~~~~~ i_i - --- 
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tinite charge inefficiency, apart from resulting attenuation and

limiting the dynamic range, is to limit the total number of transfers

possible. Since the charge attenuation is cumula tive, the overall

ch~*a-acteristic for n transfers is given by

- OUt 
= (1 - 1)

fl 1 - (4. 1-7~

ro avoid excessive degradation in signal to noise ratio usually

requires less than<0.1/c.

The effect of charge spilling into trailing data slots is to

create dispersion. This can be seen from the Z-transform

characteristic of a sia~le stage, which can be written as

T(Z) = ( ~ (4.1-8)

whe r e

z = ex~ [3~~~
] 

(4.1-9)

and f~ is the applied clock rate.

For a transversa l, f i l ter with ideal iipulsa re sponse
n

T(Z) = ~~ (4.1-10)

where hk are the weigatLng coefficients, the actua l t r ans fo rm can be

wri t ten  as

-~~~~~~~ — ~~~~~~~~~~~~~~~~~~~~~~~~~~~
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- 
T(Z) = 

~~~ 
hk (’ 2_1)

k 
z~~ 

- 

(4.1-11)

It has been shown that this is equivalent to the transfer function of

an ideal device evaluated at frequency

f’ = f + -~-‘~ [sin 
(j r)  

- - cos (Y1’)~~ 
(4.142)

which represents a fre~uency shift, or dispersion, given by

~f — ~ c /Zirf\
— —

~; 
em 

- (4.1—13) - 
-

~~C F

and an envelope modulation given by

A(f) = 1 - ~. - cos (4!~L)] - . (4. 1-14) - -

The effect of this on the modulation transfer function is shown

in figure 11. For large fractional bandwidth the product, n€, must be

maintained as small as ?ossible. Thus for a large time-bandwidth

product, the signal, € , must be reduced as much as possible. Further

it can be shown that the charge transfer inefficiency does not alter

thG signal-to—noise ratio to first—order.

Accuracy of Vai~ ating Techniiue: Typically ;c~ devices are

weighted by the split electrode technique illustrated in figure 12.

As shown , both ends of each storage electrode are connected to a

differential current ampli fier which senses the charge directly

beneath it. The Location of a small gap determines the tap weighting. 



_________________________________ -~ -_~~~~~~ -~~~~-- .~ s-~v ~~~~~~r—

1-0 5022.13

1 - I \ \ \ \ 0.3 -

-

n e-0 .5
0.4 - -

I’

• ne — O.7

0.2 - -- t flf ~~1.0

flE 10 flE 20

0 I I 1
0 0.1 0.2 0.3 0.4 0,5

f/co

Figure 4. 1-11. Modulation tran sfe r fun ction as a junction of charge
transfer inefficiency, €

- _____

L ~~~~~~~ -~-— ~~~- - ~~~~~• • •~~~~



______ 
- ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~-— ..

- 

5022-14

OUTPUT

Figure 4. 1-12. Concept of split electrode weighting. 
-

- 

_ _ _
~~~~ ~~~~~~~~~~



______________________ - — -
~ 

-
~~~~~

Page 226

For ~x ampl ~’, if t~~ gates h a v e  length L and the distance between

t h e  gap ~tnd  the  c an t e r  of the gate is h k the f rac t ion  of charge

coupled to the positi ve ~an d negat ive  clock Line is  given by

= 4 (1+hk)

and

= 4 (1 - hIK) (4.1-15)

respectively.  Then tne  output  signal is

or - 

V~ (t) = (t) - 
~
Vk (t)J

V (t) = const h,~ V. (t - kT) (4. 1-16)

le ight ing errors can therefore  be caused by inaccuracies in the mask

Labricat ion or a l i g n men t  as well as nonuniformi t ies  in the oxide

thickness ar i d substrate  sensit ivity.  0f these the principle source of

coherent erro r is the quantization error introduced in the mask

,jeneretoc. The actial  resolution attainable after exposure and

etching is usually considerably less than tha t of the mask. For

example rout ine photoLi th ographic  techniques are limited in resolution

to about S ~ m. For a gate length of 200 is this represents an error

of about +1 % .  The s i tuation is m uch improved if electron beam

aicrofabr ica t ion tecaniques are employed. For example the facilities

developed at  Hughes Rasaarch  Laboratories use a 15 bit D/A converter

to providi~ resolution of 1 part  in 32,000 , and can provide final line

accuracies of about 3.2 ~ m in an overall scan of 1 mm. Hence, for 

— --~~~~ — - •------ --_ •- -“—--•- —~~- -—— ---—--- -—--—~~~~~~~~ —~~~~—-—•.--- . - --~~~~ --~-.-- -. — -- ~~—-~~~~~ --- -— ~~~~~~~~~~~~~
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typ i cal ga te  lengta s of 200 ~im an error of approximatel y 0.05% is

attainaule.

The effect of veigbt ing errors, 0k’ on t~e overall HTF of a

tr~insversal filter can be written in the terms of eg . ( 10)  as

- 

~~~
) = E (hk + wk)exPf J (4.1-17)

where~~(f) is the distorted transfer function . The error team

~T(f) = I~(f) — T (f )  (4.1-18)

then can be expressed a~

• 

- AT(f) = E rk exP ( ) • (4.1-19)

In general the exact evaluation of~~T(f) depends on the desired filter

response T ( f )  and the characteristic of the weighting errors.

h owever, if the vei ; i t iag errors are assumed to be random with

variance a t hen the fractional  error can be written as

2w
~T(f) - rrns (4. 1-20)

• T (f )  -

where V is the channel width.

For a device fabricated using photolithography and with - 100

stages , ~ = 200 .L m and ~~~~ 2 ~t ~

• 
~ 1~~1 o. z~ - (4.1-21)

7

__________________ - 
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With  e lectron beam xaoricat iou techniques this error can be further

r educed by about an order of magnitude.

Factors Af fecting ~~D Nois~ Noise is an important consideration

in all CCD applications and novel circuit techniques have been

developed to minimize its effects. Three basic noise sources can be

identified as (1) thermal  noise in the input ani output circuitry, (2)

noise due to trapping states, and (3) dark cur rant  noise. A number of

low—noise circuits inve been developed to minimize the noise in the

-~ input and output c i rcui t ry .  Typical of these are the correlated

double sampling output circuit and the distributed gate amplifier.

b r  specific details of these circuits the reader is referred to

r eferences <4> and < 5 •

-
~~ Since the CTE is limited, a fraction of the charge is left behind

in each transfer and some additional charge is gathered from the

preceding data . in general the signal f luctuation depends on the data

format  but an e f f act iv e  noise signa l can be evaluated assumin g

independent f luctuations as

AQ = 2n 1~
iQt

2

2v b e r e A Qtr is the mean square fluctuation in each transfer. The

noise spectral densit y 3tr (f) has been calculated as

4~f 
_ _ _ _  

-

Str (f) = 
q

C óIQtr
2 
[i - cos (421~)]

for low transfer inefficiency, i.e.. £ (< 1/n showing the noise at

high freguencies to be enhanced.
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£ further source of noise is associated with the statistical

emission of carriers. ?hornb.r <6> has shown that this varies between

AhQ = ~.KTC5

and

e =

H for d i f f e r e n t  parts at the clock cycle.

The trapping states within the SCCD contribute as another source

of noise, since charge is absorbed and emitted inlapendently of the

clock cycle. The cearge fluctuation from these sources can be

evaluated as

= q2 kT A, N,, in (2)

and hence an effectiv e signal-to-noise ratio for a given charge packet

• can be calculated as

A C  2 v 2
_ ____. ox $

N - Zn kT N ln ( 2)

where N 1, is the iuterf~ ce trap density (typically ~~~ cm
2

eV ’) .

Similar noise contributions are •ade in BCCD due to the bulk traps but

in this case the noise is frequ ently dependent,  r eaching a maximum

when the transfer time is approximately equal to the emission time

constant. Effective sou ls for the noise from bulk traps have not
- 

• been developed. For sost BCCD dev ices the equivalent noise phenome non

is perhaps an order at magnitude less in BCCD than  SCCD, and is

usua l ly  dom in ~ite4 by i n p u t  and output noise sources. A full ,  analysis
1 1I.
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of the inhDrent noise source in CCDB, is ma de in references <6) and

<7> .

~.1.2 Basic Signal Processing Functions With CCDs

The capabilities of CCD described in this section sake them of

~reat interest  for processing large time bandwidth signals at

fre~uencies up t o — 1 3 )  1Hz. ?he fu l l  r ange of basic operations such

as addi t ion , mul t ip l ica t ion, etc. have been suggested using CCDs for

-~~ analog processing , and in addition all digital operations can be

performed . In this section the basic function blocks required to

accomplishad both anaLo; and digital. processing are discussed.

• Ad di t ion:  The basic serial operation of a CCD shift register

iakes it a natural technology for analog sampled data operations.

Linearity of the order of 1% can be achieved over time bandwidth

products of about i3~ ; the data being stored in the form of finite

auounts of charge. kldition can most easily be accomplished by simply

aerging the char~je from two or more potential veils into a cell

bucket .  The technigu e is i l lustrated in figure 13 where the contents

of two pa rallel unal~~g delay lines are dumpe d into a single line. In

th is  case the  voltage on a screen separa ting the two channels is

• pulsed to allow charge flov.  The techni pie is not limited to any

number of 3~parate l in is  and can be used to form a mult iplexer .

k u t t het , by alter in~ the  well size (by varying the area of the

receiving g~ete) tht~ resultant output can be scaled by a constant

Lactor.

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
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~~narmlized subtraction is a somewhat sore com plex operation and

is not naturally suited to CCD technology. Os. technique, for

example, might involve farming a bucket with capaci ty  equal to the

smaller of the two cnarges in the operation and allowing charge to

drain into this. Unfortunately this requires ROS trassistors and

capacitors and is in g.naral not an effective technique.

i
Nultiplication: lultiplication can be performe d in CCD compatible

technology by using ~O3FETs and varying both the signal to the source

and gate simultaneousl y (8>. The technique involves using the FETs as

voltage-controlled resistors. Further, since higher-order nonlinear

products are available, distortion terms can be generated and used to

null out unwanted ten s in the output. Using these techniques devices

bave been operated at about 100 kliz with accuracy of 1%. By

increasing the resolution of the circuit this migat be improved to

-
- 

about 0.5% at 1 rnz.

An alternative technigue <g> wh ich employs the CCD structure

itself to provide multiplication relies on the multiplying D/A concept

illustrated in figure i i .  Here a binary encoded work equivalent to

one input is used t switch in and out parallel CCD gates and adjust

the devices capacitance. En this way the capacitance is made

proportional to one input and the driving voltage applied across the

array proportional to tao second. The output charg e is hence given by

Q ~~~~~~~~~~~~
£*l z

and is proportional to the product of the two signals. At present

— .- -- -- ~~s L ~~
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~evices with B bit accuracy have been oparatel at speeds up to

10~ ~~~ Two inheren t limitations exist in t~is type of circuit.

- First, on input ha~ t) be A/D converted and hence it is a mixed mode

operation . This could nowever be advantageous in the chirp transform

tecnnigue wher . the siltiplyin g chirps might be stored in digital form

in a L~OM . Since all ~t~e capacitors ate’ filled in parallel the device

is not inherently slow , but it does require a lot of “real estate.”

~or exa.pl~, in a 10- nit converter the capacitor range is i:i~~. For

this reason , by using photolithography, the technigue is limited to

-
~~ 

- bout 8 bit accuracy. ~owever, by increasing the resolution with

e Lectron beam exposure the smallest capacitance might have an area of

1~~i~ and 11 bit accuracy might be achieved. This would enable the

chirp  t r an sfo rm to be implemented in monolithic for., as discussed in

Section Ill-A. At present 5 nitz operation is considered possibl. with

this technique using electron bea. exposure.

Transverse Filtenini : The CCD structure with serial delay and

?arallel output via the split electrode technique is a natural

component for transversal filtering. At present devices with an

impulse response of 1 sec have been constructed with 20 to 50 output

taps. As discussed in Section Il-A—S 9 the weighting accuracy is

curren tly 0.1 to 0.05%. By employing correctly apodized band-pass

tu tors, fixed matchal filters or corr•latars can be implemented

directly.

An important area which is receiving interest at the present time

is Ui. possibility of developing programmable filters by building

S 
_______ __________
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variabl e nondest ruct ive  tapping circuits . The concept of the floating

clock alactro4e sensor (?CES) is presently being developed . By

dr iv ing  a source follower the change can be read nondest ruct ively  and

provid e a low outp .at impedance source. The circuitry discussed in

reference <10> for tais is shown in f i g u re  15. At present the

capacitance load on the sensing ~OSFE? l imits the dynamic  range , but

with ca re fu l  design an d usin g a short gate b ipolar  output  this problem

mignt be overcome . Further, by using voltage-controlled FE?

:onductaac~ the tecbn i~~ae can be fully electronically programmable.

At presen t the accuracy is limited to about 3% at  103 kHz.

An electronically programmable correlator (or filter) can be

- - 

ia~leaented by usin~ two counter—running analog C:D delay lines and

feedin g the  parallel outputs  into a series of N 3S FET multipliers (as

discussed in Section IlI-B-2). This techn ique  r.quir.s

synchronization of t~ a signal carrying the correlation (or

convolution) function with the input data and is limited to at most

50~ duty factor for all but sliding convolution. However, this may

have application where either the data is intermittent or the phase

information is not reguired.

A/D Conversion: Analog to digital conversion can be implemented

directly with CCDs ny forming potential wells equivalent in capacity

to each qu*ntized bit, and moving charge through the array. The

circuit required is similar to that shown in figur e 1(1. A comparitor

circuit must be included at each site. Again the technigue is limited

to about 8 to 10 bits and is quite bulky in this implementation.

- -- - -~~~ _w~~ - 
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rechaiques to reduce the area of the silicon required and hence

improve the reliability etc. have been suggested involving successive

approximations and comparator operations. In general the

CCD—implemented technigues are presently limited both in accuracy

- (number of bits) and speed. 
-

Digital Logic: A f i ll  range of logic functions involving only CCD

elements has been developed <11> and much of the interest in CCD

device applications is centering on digital implementation , because of

its inherent accuracy and the ease of regeneration . As an example of

this type of processia; two functions, the OR/AND gate and the

EXCLUSIVE OR , are described.

A schematic of tao layout for the DR/A N D gate is shown in f igure

16a. The two input signals are  fed into parallel gates A and B with

equal c~apaci ty.  When a clock pulse is a pplied to the t ransfer  gate

the contents of bota channels f low into tne bucke t  under gate C.

Since the area of this gate is identical to both A or B, a single

input  (or one) is sufficient to fill the bucket and be rea d as one.
— An implanted barrier separates this bucket f rom the succeeding one.

La the event  of bota inputs A and B being “ ones” the excess charge

spills over to C and is rea~1 as a one , representing the AND output .

The accuracy of t h e  technigue is , of course , extremel y high since

binary decisions only are required and f requent  ref resh operations can

be pertoc.ed. The sia~ le control gate is the only active element and

is not reguired to be linear. With buried channe l  devices the speed
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is limited by the final inpu t and out put sensors.

The schematic of th e EXCL U SIVE 3R is shown in figure 16b. Again

the two inputs are tel in via gates A and B, and the operation through

gate C is as describes above. However, the charge under gate C is

sensed and conn ected to the control gate separating C and E. In the

advent both inputs are 1ones” the control gate maintains a voltage

barrier over which t h e  charge from gate C is prevented from flowing.

rhe  absence of charge then reads as a “zero. ” If only one input is

present the  con trol g at e  will not mainta in  the voltage barrier and the

charge from C will f L a w  into the f ina l gate registering as a “one .”

rh o p er formance  of t h i s  circuit relies on the ef fec t ive  operation of

the  refresh circuit as lascribed in referenc e <11>. This requires

that  the f loat ing d if fus ion  accurately fo l lowing  the charge level

under gate D. This r e~~uires e f fec t ive decoupling f rom the surrounding

&ixed gate potentials. In practice the capacit ive coupling to the

ad)acen t gates and substrates is the limiting factor and high speed

operation depends on reducing the overla p capacitan ce.

1.2 Chirp Transform Implementation Using CCDs

The ch i r p — Z t r ans f orm (CZT) algori thm provides a technigue for

p er forming  Fourier t r a n s f o r m a t i o n , convolution and correlation of

arbitrary signals in r a i l  t ime. It basically relies on restructuring

tue Fourier  integral  l ito  two mult ipl icat ions , and a linear f i l ter ing

per at iou which can be performed with a transversal f i l t e r .  It is an

important processing tachnigue because of its sim plicity in terms of

- - — -_ -_ - - ._
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n ardwar e  and because of its speed of operation . The most widely used

technique for Fourier transformation at present is the fast Fourier

t r ans fo rm (FFT ) . It reIuires Nlog 2(1) complex sultiplications to form

-
~~ an K point t ransform as contrasted to i2 ope rations for the direct

technique . The chirp t ransform however can essentially operate in

real time. The delay involved being only that of the filtering

operation .

The advent  of C:) transversal filters makes it po ssible to form

transforms of ~~ and 13~ points with speeds as high as 100 NHz. Wit h

Duried channel operation the basic transversal filter can operate at

f re~ uen cies as high as 100 MH z but the bipolar sensing devices

required to interface the basic CCD structure with the externa l

circui t ry  presently L im i t  their bandwi dth to 23 MH z or so. It should

be emphasized that  C 0  filters are operated as essentially base—banded

devices and hence the  maximum operating f requency  is the device

bandwidth , and the time bandwidth product is the  number of stages.

The basic CZT algorithm derives directly from the discrete tore

of the  Fourier t ransform 
-

- 

- 
N-I - _ 2 .

- = f exp (J l
~~

C) (4.2-1)

where the data to be transformed f~ (3 < n < N-i) can be considered to

be unifor m time sam ples of an input signal f (t) . The transformed data

then represe nts a uniformly sampled version of t h e  signa] spectrum

F (W) wher e

_ _  
__________________ - -
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F(~) = Jf(t) ~~~~ dt (4. 2-2)

Bluestein et .al .  < 12> recognized that by expre ssing the complex

expon ent of e~ . (1) in t ao form

~Z +k 2 
- (n - k)2 

(4. 2-3)

the  i n t egr a t i o n  can be replaced by a mult ipl icat ion and convolution.

This can be seen by wr i t i n g

2 2~j irk N-i  ~ j 1Tn j~(k - n)
F e N V ~~~f e N NK L~ ~ 

e (4.2-4)
n=0

which is the form of the CZT. Signals of the form

. 2
- +~~k

—

N

and

2
• exp (~~~~~~~)N

are known as chir p signals from pulse compression radar <13> and are

basically signals wiose frequency is linearly related to time. The

nardware to perform t~a algorithm of eq. (4) is show n in f igure 1. The

sym bol * represents convolution, in this figure, with a chirp

much that
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N-i a
= sin e x t ~~~~ j ’~ ) (4.2-5)

i~his is the basic operation of a chir p f i l t e r  and hence can be

implanted directly w i t h  either a surface acoustic wave or CCD

transversal  f i l te r .  r)c a CCD implementation the hardware is more

complex as both in phase and quadrative channels are required as shown

in f igure  2. The w e i gn t in g  function on the f i l ters are basically

samples of the linear F M or chirp functions

h(nT) = cos ~a(nT)2

~
Td < nT<

_-
~L
t (4.2-6)

g(nT) = •i~ i&(nT)
2 

-

where i is the chirp cats , ~Td is the du ration of the filter impulse

response, and T is the clock period. Due to the finite impulse

response of practi~~l filters the frequency resolution is limited.

For example , the t ransform of a single Cl signal sin (W ,t) appears at

the output as
- 

6(w ~~ 1)• sinc (1~T4t)

Presently the thermal ;aaeratioa of carriers within the CCD cells

limits the maximum storage tie. to about 1 sec, and the frequency

resolution to about 1 Hz. The tie. bandwidth product of a CCD

• tranevermal filter is simply equal to the number of stages 1, i.e.

B x T ~ = f
~~xf

whet. f
~ 

is the clock frequency. To i.plse.mt the conventional CZ?, 

- - -  ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
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the filters are weighted, using the split electrode technique

(discussed in Section 4.1), to form a chirp from 
~~~~~ 

to and the

premu]tiplying wavef ra has a duration 1/i a whic h chirps fr om dc to

For a single frequency input at frequency f 1 the output of 
- 

the 
•

f irst  mixer sweep fr oc  to +f1. This waveform is shifted through

the filter and forms a correlation peak at time

N
‘ - - (4. 2-7)

thus the freguencies coeponents appear tim . ordered at the processor

output , the proportionality constant between frequencies and time

-
~~~ being N/it , the f i l ter  chirp rate. The f inal  post multiplication

simply corrects the phase of the spectral components and is often

omitted when the phase is not requited.

The accuracy of the transformation is limited primarily by the

accuracy of the CCD filter and the multipliers. Factors affecting the

filter response include Linear i ty,  accuracy of weight ing  technique and

thermal noise generation.

CCD chirp transform processors have been implemented at 100 kHz

with freque ncy resolution of 200 Hz. The technique has an advantage

over surface  wave acoastic implementations in tha t  the t iming  can be

establ ished precisely by~~able cloc king circuits. Fur the r , the ver y

low insertion loss associated with the CCD process allows a dynamic

~anga of ~ippr ox imate ly  80 48 to be obtained.  The principle source of

noise is the d i f fe rent ia l  curren t integrator it  the ou tpu t .  Present

_ _ _ _ _ _ _ _ _ _ _ _
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state of the art indicates that the chirp t ransfo rm process eight be

operate i at 20 MHz with 1O 3 resolution elements. the inaccuracies

included in the mask pattern used to generate the weighting limits the

amplitude resolution to about 0.1%. The nonunifor, etching rate and *

oxide thickness together with mask misaligameuts contribute to an

overall error of O.5*.~~The largest CCD chirp transform processor

¶ reported to date u s  500 stages <14> and a transfer efficiency of

0.9999 . At presen t the chirp signals ate generated off chi p in a 8

bit RON and the multiplier is a discrete multiplying D/A. The

accuracy is limited b V the  dynamic range in the input and output

circuitry and nonlinearities in the multiplying circuits. Further ,

the dispersion caused by the f in i te  transfer inefficiency of 1 part in

cause a distortion term of amp litude (NP~/2)
2 

times the desired

response.

In concept all the  functions invol ved in the process can be

accomplished by ::os. For ezample the multiplication can be

accomplished by the ~~D multiplier D/A concept discussed in Section

le.2 and the multiplying chirps might b-u stored in C D  memory. By

using electron beam esposure the accuracy of the multiplying D/A might

oe mad e equivalent to 10 bits plus sign and integrated on the chirp.

dovever, a capable NOS RON would be a more effectiv e technique since

the  CCD memory is basically a dynamic concept and subject to

degradat ion.  The speed of the process is basically limited by the

capacitive area and hence an increase in resolution to say 1 ~ m from

the present 5 M m  sight lead to a system operating at about TV rates.

________________  - _ _ _  _________
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4.3 Seal Time Nonlinear Optical Data Processing

During January 1975, we began a study of real time nonlinear

optical data processing. We are using a hybrid field effect liquid

crystal light valve (15> as an incoherent to coherent imaging

interface. This devi se is used as a teal ti.ae substitute for

hard—cli pping film to accomplish pulse width encoding of continuous

tone picture information <16). -

The light valve is used in the coherent optical data processing

system shown in figure 1. The incoherent input l ight  derived from a

mercury arc lamp filtered at a center wavelength of 525 a m. This

light is modula ted by a continuous to ne transparency in contact with a

grating designed for each nonlinear operation. The experiments to

date have been concerned with the nonlinear operation of image level

slicing. The appropriate grating for this operation is a Roachi

ruling <16>. The Ronchi grating used has a fundamental spatial

freguency of 12 cy/mi and optical density levels of 0.21 and 0.68.

the grating modulated scene is imaged onto the light—sensitive CdS

Layer of the light valve. The resultant modulation of the Cds

conduct ivity produces a modulation of the coherent light amplitude

twfl~cted from the ligat valve. (Fot a detailed dascription of the

light valve structure and function , the reader should see reference

(15>). The coherent li~ht source is a 50 iv He-Ne laser.

The set—up of fi~ ure 1 approximated the level-slicing experiment

of Dashiell and 3avcbuk (see refer3nca <1 6>). The desired 

-_ _ _ _ _ _ _
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input/output intensit y relationship f or the l ight  valve has a high

~amma. This high g~ eaa bard-clips the gr~itinj modulated image. The

resul tant  coherent l ight  output is then pulse width  modulated into

three distinct states: no modulation (dark) , square wave modulation at

the Ronch i ruling spatial f raguency  and no modulation (bright)

Band—pass spatial filtering of the spatiil frequencies around the t

tirst d i f f rac t i on  order of the grat ing j roduces an output image of the

input transparency.  This output image shows onl y a narrow slice of

the total density range of the input. The density value for the

selected level is determined by the intensity of the noncoherent input

- 

illumination to the light valve.

— Figure 2 shows tas actual input/output intensity relationship

achieved with the ligat valve used in the experime nts to date. These

data were recorded with a (typical) light valve drive of 4.0 volts tie

m t  2.0 k ffz . Figur e 2 shows tha t this valve has a maxi mum gamm a of —

2. 1.

Figure 3 shows the tramafer function achieved in the level

slicing experiment. The gamma of the light valve is too low to

achieve an ideal level slice. However , a broa d level slice is

observed. Tb. filtere~1 first order intensity increases to a peak

• value corr.sponding to maxim , modulation of the reflected coherent

light. aayond that peak , the first order output intensity decreases.

this decrease is caused by saturation of the light valve at high input

int.nsiti.e.
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The seusitometry of the l ight  valve depends on the drive voltage J -

and fre~uency. This drive can be varied to m a x i m i z e  the  gamma of the

Light  valve .  Other poesibl e techniques for  increas ing the gamma -‘

include modification of the liquid crystal type, the  al ignmen t of the

liquid crystal  molecules relative to the substrate surfaces, the

~‘reparation of the photoconduc tor and the operating temperature.

Even the limited gamma observed in these preli minary  experiments

can provide very usefzl nonlinear processing. The particular response

of the light valve can be included in the design of the grating

modulator, for  monotonic nonlinearities. The monotonic nonlinearities

are implemented by spatial bandpass filtering around the zero order of
- 

- the grating. Thi s approach allows the extremely useful technique of

the logarithmic filtering, as demonstrated by Kato and Goodman <17>.

In continuing work on this program, we plan to pursue two types

of experiments. The first is to st ud y t ransfer  functions of the light

valve under various coalitions. This will provide information on what

~amias can be produ~al with the standard light valve. In the second

set of experiments, we will study the quantitative performance of the

light valve in producing monotonic nonlinear response functions.
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