\\.

\s

USCIPI REPORT 530

SEMIANNUAL TECHNICAL REPORT
Covering Research Activity During the Period

1 September 1973 through 28 February 1974

William K. Pratt
Project Director
(213) 746-2694

Image Processing Institute
University of Southern California
University Park

Los Angeles, California 90007

31 March 1974

This research was supported by the Advanced Research
Projects Agency of the Department of Defense and was
monitored by the Air Force Eastern Test Range under
Contract No., F08606-72-C-0008, ARPA Order No. 1706

The views and conclusions in this document are those of the authors and
should not be interpreted as necessarily representing the official policies,
either expressed or implied, of the Advanced Research Projects Agency

or the U, S. Government.



(-

\»

UNCLASSIFIED

Security Classification

DOCUMENT CONTROL DATA- R & D 1

(Security classilication of title, body of abstract and indexing annotation must be ontered when the overall roport is classifiod)

1. ORIGINATING ACTIVITY (Corporate author) 2a. REPORT SECURITY CLASSIFICATION

Image Processing Institute UNCLASSIFIED

University of Southern California, University Park, [ crous
Los Angeles, California 90007

3. REPORT TITLE

IMAGE PROCESSING RESEARCH

4. DESCRIPTIVE NOTES (Type of roport and inclusive datos)

Technical Semiannual, 1 September 1973 to 28 February 1974

8. AUTHORI(S) (Flnt namo, middlo initial, last name)

William K. Pratt (Project'Director)

6. REPORT DATE 78, TOTAL NO. OF PAGES 7b. NO. OF REFS
31 March 1974 157 50
'88. CONTRACT OR GRANT NO. 94. ORIGINATOR'S REPORT NUMBER(S)
F08606-72-C-0008
b. PROJECT NO. USCIPI Report 530
ARPA Order No., 1706
e, 9b. OTHER REPORT NO(S) (Any othot numbors that may be assigned
this roport)
d.

10. DISTRIBUTION STATEMENT
Approved for release; distribution unlimited

11. SUPPLEMENTARY NOTES 12. SPONSORING MILITARY ACTIVITY

Advanced Research Projects Agency
1400 Wilson Boulevard

Arlington, Virginia 22209

13. ABSTRACT

This technical report summarizes the image processing research activities per-
formed by the University of Southern California during the period of 1 February
1973 to 28 February 1974 under Contract No, F08606-72-C-0008 with the Advanced
Research Projects Agency, Information Processing Techniques Office.

The research program, entitled, ""Image Processing Research,' has as its pri-
mary purpose the analysis and development of techniques and systems for efficiently
generating, processing, transmitting, and displaying visual images and two dimen-
sional data arrays, Research is oriented toward digital processing and transmission
systems. Five task areas are reported on: (1)Image Codin Projects: the investiga-
tion of digital bandwidth reduction coding methods; Image Restoration and Enhance

ment: the improvement of image fidelity and presentation format; (3)Imag¢?]_3ata Ex-
traction Projects: the recognition of objects within pictures and quantitative measuire-
ment of image features; (4)Image Analysis Projects: the development of quantitative
measures of image quality and analytic representation;(5) Image Processing Support

Projects: development of image processing hardware and software support systems.

Aok osksisloeoksoloRskiolekoksolool sk okslokaeololokok ot tolokselk kol kol lok stk stk stk stk
14. Key words: Image Processing, Digital Image Processing, Image Coding, Image
Enhancement, Image Restoration, Image Processing Software, Image Processing
Hardware, Color Image Processing.

DD 2*.1473 UNCLASSIFIED

Security Classification




Security Clagsification

14.

KEY WORDS

LINK A

LINK B

LINK C

ROLE

wT ROLE

wT

ROLE

wT

Security Classification

©



[t

ABSTRACT

This technical report summarizes the image processing research
activities performed by the University of Southern California during the
period of 1 September 1973 to 28 February 1974 under Contract No.
F08606-72-C-0008 with the Advanced Research Projects Agency,

Information Processing Techniques Office.

The research program, entitled, "Image Processing Research,"
has as its primary purpose the analysis and development of techniques
and systems for efficiently generating, processing, transmitting, and .
displaying visual images and two dimensional data arrays. - Research
is oriented toward digital processing and transmission systems., Five

task areas are reported on: (1) Image Coding Projects, the investigation

of digital bandwidth reduction coding methods; (2) Image Restoration and

Enhancement Projects: the improvement of image fidelity and presentation

format; (3) Image Data Extraction Projects: the recognition of objects

within pictures and quantitative measurement of image features; (4) Image

Analysis Projects, the development of quantitative measures of image

quality and analytic representation; (5) Image Processing Support Projects,

development of image processing hardware and software support systems.
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1. Research Project Overview

This report describes the progress and results of the University
of Southern California image processing research study for the period of
1 September 1973 to 28 February 1974, The image processing research
study has been subdivided into five projects:

Image Coding Projects

Image Restoration and Enhancement Projects
Image Data Extraction Projects

Image Analysis Projects

Image Processing Support Projects

In image coding the orientation of the research is toward the development

of digital image coding systems that represent monochrome and color images

with a minimal number of code bits. Image restoration is the task of im-
proving the fidelity of an image in the sense of compensating for image de-
gradations. In image enhancement, picture manipulation processes are
performed to provide a more subjectively pleasing image or to convert the
image to a form more amenable to human or machine analysis. The objec-
tives of the image data extraction projects are the registration of images,
detection of objects within pictures and measurements of image features.
The image analysis projects comprise the background research effort
into the basic structure of images in order to develop meaningful quantita-
tive characterizations of an image. Finally, the image support projects
include research on image processing computer languages and the develop-
ment of experimental equipment for the sensing, processing, and display
of images.

The next section of this report summarizes some of the research
project activities during the past six months, Sections 3 to 7 describe the
research effort on the projects listed above during the reporting period.

Section 8 is a list of publications by project members.



2. Research Project Activities

Significant research project activities of the past six months are

summarized below:

Alexander A. Sawchuk has been appointed editor of the May-June
1974 issue of Optical Engineering, the journal of the Society of Photo-Optical

Instrumentation Engineers. This is a special issue devoted to optical and
digital image and information processing, and will contain more than eleven
papers discussing theory and applications of such systems. Topics in this
issue include: hybrid optical/digital systems using real-time input/output
devices; digital holograms for optical processing; and image processing of

synthetic aperture data.

Harry C. Andrews has been appointed guest editor of the May 1974
issue, of Computer, the journal of the IEEE Computer Society., The issue,
entitled '"Computer Image Processing,' consists of seven papers spanning
picture coding, image restoration, and digital image processing facilities
at Aerospace, EG&G, and AEC facilities. The issue will include photo-
graphic examples of computer processed images both in black and white as
well as in color. In addition to normal circulation, the issue is being over-

printed for additional distribution at the NCC conference in Chicago.



3. Image Coding Projects

The research effort in image coding has been directed toward a wide
variety of applications. Coding systems are under investigation for: monochrome
and color imagery; slow scan and real time television; and information pre-
serving and controlled fidelity operation. Results of this research study
during the past six months are summarized here and presented in detail

in subsequent sections.

In the first report an interpolative data representation is utilized to
develop three image coding algorithms. One algorithm is based upon spatial
domain coding, another upon transform domain coding, and the third is a
hybrid coding scheme. Computational requirements for the algorithms are
specified and the image performance is evaluated for several pictorial

examples,

The next report describes the analysis of logarithmic quantization
scales for monochrome image quantization. Quantization errors are

evaluated in terms of 2 model of the human visual process.

Spline functions, which are a special class of truncated polynomials,
are known to be quite accurate for the approximation of one dimensional
functions. Their use in image approximation for purposes of bandwidth

reduction is explored in the next report.

In the following two reports, the concept of transform domain spectrum
extrapolation and interpolation for image coding is investigated. With these
techniques, transform coefficient quantization error can be reduced by
post-processing at the coder with a significant improvement in image

quality.

The last report considers extensions to the universal coding concept.
In particular, a rate distortion bound is established for coding image sources

with unknown probabilities.



3.1 Image Coding via Two Dimensional Interpolative Representations

Anil K. Jain

For finite discrete signals, non-causal ""interpolative'' representations
may be used for coding. These non-causal representations lead to three

different coding algorithms in the spatial, hybrid and frequency domains.

Interpolative Modeling For simplicity in presentation, only the first

order stationary Markov signal will be considered. Let {ui}, i=o0,1,...,

N, N+1 represent such a signal with zero mean and autocorrelation given by
li-5
Efou] = o (1)
1)
Representation of a sequence {ui} denotes a relationship

:Z{ui} = v, (2)

such that the sequence [ui} can be reconstructed from V.. For example

LARILICL AL & (3)

is the Markov representation of eq. (1) with
2 A 2 2
B, = Elv;] = (1-p7) (4)

It can be shown that the linear minimum mean square representation of

eq. (1) is given by

\1, - —Lz (u.+1+u, 1) = Vi i = 1, LI ,N (sa)
i 14p i i-
U, - pu, = vo (5b)
Uil T PN T VNl (5¢)

. . 2 .
This representation is such that E[vi] is minimum compared to all other

linear representations and is given by

i



2
(/] 2 ) = LE) (6)
(1+p7)

(For a discussion of the correlation properties of A and generalization of
the above statement to non-stationary case see [1].) Also observe that

Bz<az

: <p<
5 1smceO p<l1,

For a two dimensional zero mean discrete signal uij with

E[u u

_ Ialtim]
ij i+n, j+m] =P (7)

"horizontal" and ''vertical' representations are defined as

Gh(‘l,J) = u - a(ui,j+lfui,j-1) (8a)
€v(1,]) = uij - a(ui+1,j+ui-1,j). (8b)
where a = p/(1+p2). Then the representation
.. = u, -=(u +u +u +u ) (9)
ij iy 2 Ui+l i-l,j i+l 7 4,51
is such that E[ei+ei] is minimized, and
2 (1 EZ!
E[eij] = > (9a)
(14p )
This is in contrast with the Markov representation of eq., (7) given by
= + pu 2 . te (9b)
T T UR Il T B S ¥ U TS Bt
with
2 2.2 A
E[eij] = (1-p") (9¢c)

2 2
Comparison between egs. (92) and (9c) shows that E[eij]<E[eij] for
0<p =<0.786. For values of p~ 1, the two values have small mean square
difference. Also, in eq. (9), the coefficient 'a' is relatively insensitive to

changes in image statistics (p parameter). In fact



2
da _ {p) (ée) (10)
2 (14p%) \P

Therefore in the vicinity of p = 1, small changes in image statistics will

not alter the performance of the interpolative representation.

Coding and Reconstruction Algorithms It should be recognized that

if the eij become observables in eq. (9), then this equation has to be solved
ffor reasons of stability) asaboundary value problem with end conditions
uO,j’ uN+1,j’ ui’ 0 and ui’ N+l known. For simplicity, it will be assumed
here that these quantities are zero,i.e., the picture under consideration is
imbedded in a dark background, One might question the validity of this
assumption in view of the stationary statistics of eq. (7); however, this
assumption is actually non-essential for the coding algorithms below.

Equation (9) can then be rewritten in vector form as

%u_ -Qu,+§-u, = -€ (11)

j+l jio2 j-1 i’

where uj and e:j now represent N x 1 column vectors of elements (ulj’ cevs uNj)
and (elj, ceey eNj) respectively, The matrix Q is a symmetric tridiagonal

matrix given by the elements

1 i=j
Q. = -af2  |i-jl=1 (12)
ij
0 otherwise

Algorithm Al: (Spatial Domain Coding, Figure la)
1, OQuantize and code ei, after obtaining it through eq. (9). Let
e¥ . denote the received signal,

1,]
2, The reconstructed sequence u;'b‘ is obtained by solving

uf'z = Ru¥ + s. u = 0 13a
j+1 i j 0 4 ( )
-1
a a
Rj-l =3 (Q -3 Rj) RN = 0 (13b)
s = R 2 exyq sy, = 0 (13c)
-1 7 R-1\E 5 T N~

-6-
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c) Tronsform domain coding algorithm A3

Figure 3, 1.1 Image coding algorithms,
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Eq. (13) can be solved in about (N2 log2 N) computations,

employing the structure of matrix Q. [1,2, 3]

Algorithm A2: (Hybrid Domain Coding, Figure 1lb)
1. Find Ej éTeJ,, where T is an N X N matrix containing |— sin(”“)

N+1 N+1
terms. It can be shown [3] that T is idempotent and diagonalizes
Qi.e,

i
TQT = A = {1 - a cos N+1} (14)
2. Quantize éi' with the number of bits allocated for the ith row
. -1 ~
being proportional to log|l - cos 1\;1_:1 , to obtain 6:3 .
3. The reconstructed image ufj is obtained by
u¥ = T&F (15a)
J J
~ = -~ ~ - 1
uij+1 rijuij + Sij ui’ 0 0 (15b)
-1
a a
= —[A -= = 1
Tij-1 T 2 (i 2 rij) Ti,N =0 (15¢)
8 = r 220% 4 g s =0 (15d)
ij-1 = Ti,5-10\a i ij iN ~ |
A it
and )\i -1-:—3,cosN_I_1
X . 2 .
Again eq. (15) requires about (N logz N) computations,
Algorithm A3: (Transform Domain Coding, Figure lc)
1, If eis N XN matrix of element eij’ then first find
€ = TeT (16)
2. Quantize éij by allocating n bits to it such that
1 TR 17)
nija og(k, U-j (
where 4 1-2 s i i=1 N (17a)
ui - - a CO N'l'l 1 - 9 00 0y .

tr



3. The reconstructed image is given by

(wf} = v* = TU'T (18)

. 28*

A _ 1
and L. = 18a
n ul:| “iﬂ‘lj . ( )

References (1,27 provide details and generalizations.

Examples, Implementation and Computational Considerations Algorithms

A2 and A3 have been simulated for the 256 X 256 pixel girl image of fig. 2a,
The average value of p for this picture is 0.96. In all the simulations the
actual value used was p =1, The difference in ei' for these two values,
visually and quantitatively (in terms of Eeiz,) both was insignificant.

Figure 2b shows the display of |€ij I Figure 2c contains the encoded image
according to algorithm A2 with 3 bits/pixel on the average using a uniform
quantizer. The entropy of the quantized signal €* was actually 2. 35 bits, so
that a variable length Huffman code could be employed to obtain the same
image with 2, 35 bits/pixel. Figure 2d shows the quantized |é;’;| signal
according to algorithm A3 and bit rate of 1 bit/pixel. Figures 2e and 2f

show the encoded images for 1 and 1,47 bits/pixel,

It can be shown that the total computational load in each algorithm is
of the same order, In algorithm Al, the memory and computational require-
ments on the transmitter are minimal and the major computational burden is
at the receiver. In algorithm A2, the total processing burden is roughly
divided in a 1:2 ratio (the transmitter needs to take a one sided transform
and the receiver solves scalar interpolative equations and takes an inverse
transform). In algorithm A3, the processing load is roughly equally divided
between the transmitter and the receiver, Thus the three algorithms obtained
via a single representation spell out three different communication system
architectures, and their relative use therefore depends on the particular
application. In this sense the interpolative representation leads to a
unification of some of the different methods of image coding employed

currently.
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(a) original image (b) interpolative signal le|

—

n [ o I B £

(c) hybrid domain encoded image (d) quantized signal lg*l

: i s
(e) encoded image 1 bit/pixel (f) encoded image 1.47 bits/pixel

Tt & g .

Figure 3.1-2. Image coding results via interpolative model.
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Finally, it should be remarked that the representation used here is
but one member of a class of similar non-causal and semicausal repre-
sentations. The representation reported here corresponds to a discrete
version of the Poisson equation (v’Z u=€). The relative merits of other

representations is currently under study and will be reported in the future.
References

1, A, K. Jain, "A Theory of Non-Causal Representations for Finite
Discrete Signals,' (to appear).

2, A, K, Jain, ""Image Modelling for Unification of Transform and
DPCM Coding of Two-Dimensional Images, ' National Electronics
Conference, Chicago, Illinois, Oct. 1973,

3. A. K. Jain and E, Angel, "Image Restoration, Modelling and
Reduction of Dimensionality,'" (to appear in the IJEEE Transactions
on Computers).

3.2 Optimal Logarithmic Quantization for Picture Processing

Francis Kretz and Werner Frei

An optimal quantization law for image intensities for television monitor
display of digitized and processed images has been considered. Also, the

effects of '"brightness'' adjustments for televisiondisplays has been analyzed.

Subjective Criterion A possible subjective criterion for quantization

distortion is to postulate that the decision and reconstruction levels should
be perceptually equi-distant. Since it is well known that the perception of
intensity is a concave,monotomically increasing function of light intensity

A(I), an optimal quantizer in the above sense can be derived from A(I) as

Q(I)

1]

int[(2N-1) i )] (1)

where int[-'j denotes the nearest integer (0 <Q < ZN-l) of the argument,

N is the number of bits of the quantizer, and A(I) is normalized so that

A(0) = 0, A(l) =1

-11-



Various functions for A(I) such as the square and cube root, polynomials
and logarithms have been proposed to fit experimental perceptual data [l]
The parameters and range of validity of these functions depend very much
upon the experimental conditions under which the data was obtained. In

particular, background illumination has a strong influence on A(I).

In the case of television displays, the range of intensities is fairly
well defined (about two orders of magnitude), but the background illumination
for each pixel is a complex, more or less random field (the image itself).
Since one desires to design one quantizer for all pixels of an image, the

parameters of A(I) will be the result of some compromise.

Experiments have been carried out to determine the optimal slope

at the origin of the A-function

A(I) = b 1og10(1 +1/a) (2)

where

-1
b = (1°g10(1 +a))
with A(0) = 0 and A(1) = 1. For this A-function the slope at the origin is

b

A'(O) = ——a loge(IO)

In the first set of experiment, a ramp of intensities was quantized

according to eqs, (1) and (2), generating a set of grey scales with A'(0) =

4.4, 6.3, 8.0, 11,3, 16.1, 19,7, 22,9, 29.9 (from top to bottom, respectively
in figure la (N = 4) and figure 1b (N = 3 and 5 bits). Then the parameter

A'(0) was chosen corresponding to the scale with the most uniform subjective
spacing of intensities over the entire range. It should be pointed out that the
figures reproduced here have been subjected to a series of distortions

inherent to the lithographic process. Several observers viewing the TV

monitor preferred A'(0) = 16 (slightly steeper than the Richter scale, see [1]).

-12-
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In the second experiment, two images (the SMPTE ''couple' and ''girl")
were coarsely quantized (N = 4 bits per pixel) in order to verify both the
postulate regarding the quality criterion and the optimal slope determined
in the previous experiment. Figures 2 and 3 show the respectivé original
images and a set of logarithmically quantized versions with different para-
meters A'(0). For comparison, linearly quantized versions with four and

five bits are included.

The second experiment shows that the optimal parameter A'(0) depends
on the picture content. Note that a small value of A'(0) tends to create large
subjective increments in dark areas and vice-versa. It is observed that the
very small optimal value of A'(0) for the ''girl'" picture is a consequence of
the unusually rare occurrence of low intensities. In fact, the histogram of
the ''girl" picture has a maximum at about 20% intensity. The "couple"
picture has a more typical negative exponential-like histogram and the

optimal slope A'(0) = 16 is the same as determined in the first experiment.

Minimum square error quantization laws for sources with given ampli-
tude probabilities have been studied [2, 37, Assuming a probability density
function of the form p(I) = k exp(-al), the MSE quantization law follows a
concave monotomically increasing function of I quite similar to A(I). The

agreement between both criteria is presently being studied in more detail.

Practical Considerations In typical computer image processing

environments, images are usually scanned and quantized linearly. It
obviously makes little sense to coarsely requantize. The results of this

study are therefore primarily relevant to scanner or coding hardware.

Comparing the quality of linearly and logarithmically quantized images,
one sees that one bit at least out of five, possibly two out of eight can be saved
with appropriate quantization, which represents a 20-25% bandwidth reduction,

or storage saving, whichever is relevant,

-14-



(b) PCM 5 bits linear

T

N\

(f) PCM log. 4 bits A'(0)=22.9

(e) PCM log. 4 bits A'(0)=16,1

Figure 3.2-2, Examples of grey scale quantization of 'couple' picture.
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(a) original

(d)PCM log. 4 bits A'(0)=4.4

-

(e) PCM log. 4 bits N'(0)=6. 3 (f) PCM log. 4 bits A'(0)=16.1

Figure 3.2-3, Examples of grey scale quantization of "'girl" picture.
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In the context of hardware considerations, the influence of the ""bright-
ness'' control of a television monitor has been analyzed. Let u be the signal
applied to the grid of the cathode ray tube (CRT), U0 the CRT cut-off voltage,
U, the bias voltage (controlled by the '"brightness'' setting) and v the intensity
to be displayed. The light intensity of the CRT is proportional to

Y
- ; >
I = (u+U0+U1) u+U0+U] 0
I =20 | u+U0+U1 <0

The Y correction is carried out by letting

where k1 is a constant. An incorrect setting of the brightness control
U0+U1 = AU # 0 does not simply reduce the useful dynamic range of the
display. It also upsets the linearity of the gamma-corrected transfer

function

]
= (v AT

Since the eye is very sensitive to errors at low intensities, the effect of
AU is quite severe for the lower levels. Figure 4a shows the overall transfer

function A(w) where w represents the physiologically companded intensitie s

v = a [exp(};l) - 1]
and

A = blog(l +1/a)

as shown in figure 4b. These results indicate the importance of brightness
adjustments. A well designed hardware system should have an automatic
video clamping circuit controlled by the D/A converter, such that AU is set

to zero when a digital zero is read,

-17-
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Figure 3,2-4., Subjective effect of brightness control.
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3.3 Image Data Compression Using Spline Functions

Faramaz Davarian

Spline functions can be used to éimultaneously compress and interpolate
a given set of data. Among different sets of bases spanning the space of
splines, the B-splines are most suitable, since they possess a local basis

property and result in matrices which are easily invertable,

A dimensionality and subsequent bandwidth reduction can be achieved by
a least squares fit of n points using m (m =n) basis functions. In essence,
the data compression method is simply a transformation of the n-dimensional
space of data points into a smaller m-dimensional spline space. It is note-
worthy that elements of the m-dimensional spline space will directly generate
the continuous estimate of the original éignal rather than the sampled estimate.
The method is described below along with a study of the statistical properties

of the transform domain.

Definition of Spline Functions Given a strictly increasing sequence

of real numbers, tl,tz, e ,tn, a spline function S(x) of degree m with
knots tl, tz, oo, tn is a function defined on the real line having the following
two properties:
i) In each interval (ti’ ti+1) fori=0,1,...,n-1, S(x) is given by some
polynomial of degree m or less,
ii) S(x) and its derivatives of order 1,2,..., m-1 are continuous on
[t,,¢ 7.
Thus, a spline function is a piecewise polynomial function satisfying certain

conditions regarding continuity of the function and its derivatives.
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It is generally believed that in many circumstances a spline function
is a more adaptable approximating function than a polynomial. This is based
in part on actual numerical experience, and in part on mathematical demon-
strations that solutions of a variety of problems of best approximation turn
out to be spline functions. A spline function may be defined in terms of a

truncated power function

£
(x-t) (x >t)
(x-t), = {

0 (x <t)

It is easily seen that [1] any spline of degree 1 with knots tl,tz, ceny tn

has a unique representation of the form

n

‘ y)
S(x) = P(x) +JZ=; cj(x - tj)+

where P(x) is a polynomial of degree £ or less. The above representation
of a spline function normally results in an ill conditioned set of linear
equations. To overcome this deficiency it is possible to introduce a new

set of local basis functions for the space of splines [2'1

The preceeding considerations lead to the B-splines studied by
Schoenberg (37, which are in a sense, the splines of minimal support for
a given degree (consisting of the smallest possible number of intervals

between knots). Figure 1 illustrates the typical shape of a B-spline function.

Data Compression by Least Squares Method Given a set of data pairs

(ti,yi) fori=1,2,...,n, which canbeinterpolated as digitized values of the
points of the graph y = £(t), let the unknown function f(x) be approximated by
a linear combination of suitably chosen functions Ml(t), Mz(t), ey Mm(t)

which are the basis splines. * Then

f(t) = clMl(t) +c Mz(t) +.00 4 cmMm(t)

2

*M,, M,, ..., M form a complete set of bases for the space of m data points
(m dimensional), This basis can interpolate m data elements exactly.
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Figure 3.3-1. Typical shape of a B-spline.
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where the unknown coefficients s c2, +ssyc_are independent parameters
m
to be determined, and m <n. To minimize the mean square approximation

error
2 2
Q = 4? [F(ti) - yi] = [41‘:23: chj(ti) - Yi]

differentiate Q with respect to a, and set the result to zero to obtain

k
2°Q - { - =
e, 2213 JchMj(ti)-yi}Mk(ti) = 0 k=1,2,...,m

or

b % 21: M, (£ M, (t,) - ; yiM(E) = 0

J

In matrix form

P;‘ MiMlJ [e,] = [Z‘l: YiMk(ti)]

or
B'BC = B'y
where
T
Y = bpypeygeeey,]
T
C = [CI’CZ""’cm]
Ml(tl) Ml(tz) e e e e s e e e Ml(tn)
Mz(tl) Mz(tz) e ¢ o o o 0o o ¢ o @ Mz(tn)
T
B = .
M_(£])  cveee e o M (t)

with M,(t,+j) = 0, for [j\zp. Thus, B has many zero value off diagonal
ii =

entries. The vector of weighting coefficients is then
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where

-1
+ (ETE) ET

B

is the pseudoinverse matrix of B. Note that n elements of data vector Y
are mapped into m elements of the C vector, which, represents the coefficients

of m spline basis functions.

The estimate of f(t) is then
fit) = ClMl (t) + czMz(t) +.. .+cmMm(t)
fit,) = X c.M.(t,) i=1,...,n
(t,) }J: M
Let
a - A T
y = [F(ti)...F(tn)]
a -1
#=3c=BE"B By
The error vector e can then be expressed as
a T .-1_T
e=y-3=1[1, -BB B By

Statistical Properties of B-Spline Coefficients If the data vector y

is modeled as a sample of a vector random process with known mean, E{y},
and known covariance, Ey’ the B-spline coefficients given by

C = §+x
are also random. Their mean and covariance are
+
E{c} = E{B'y} = B'Ef)
and
E{cc’} = 'k ®hHT
> = 2=

If the data vector y is considered a sample of Markov process with a

correlation coefficient of p (0 <p < 1) between each adjacent pixels and
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self correlation coefficient of unity, then

[ 2 N-1
1 p p e o o p
] N-2
K - p p L] . * p
2y : :
pN-l e o o o e o+ o o o 1

Figures 2a and 2b contain two plots of the variance function of c.asa function

of i, where c, is the ith element of C. The plots are obtained with N = M = 16,
i L
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3.4 Positive Extrapolation of Signals and Images

Ali Habibi, Firouz Naderi

In a transform coding system a bandwidth reduction is achieved by
discarding a number of transform coefficients of a natural image. Those
coefficients possessing a small variance are of low information content, and
replacing them by zeros at the receiver results in a rather small degradation
in the quality of the encoded signal. The customary approaéh in designing
transform coding systems has been to substitute the missing coefficients at
the receiver with zeros. However, the quality of the coded signal improves
by extrapolation of the missing coefficients from those which have been trans-

mitted. The problem is analogous to one encountered in spectral estimation
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of data where the covariance function is first estimated for a number of lag
values, then the covariance function at the available lag values is extrapolated
for additional lag values prior to taking its Fourier transform. The
extrapolation problem as applied to transform coding is more complicated.

In transform coding only the quantized values of the coefficients are available
at the receiver; thus, one is forced to estimate the missing components of

the transformed data from the available possibly noisy components.

This problem has been analyzed using two different approaches. The
first approach is statistical and is based upon the correlation among the
transformed components using suboptimal transforms such as the Fourier,
Hadamard, and Slant transforms. The second approach is called
positive extrapolation since it is based upon the positiveness of the video
data and the fact that the Toeplitz matrix constructed from the Fourier

coefficients of a positive, real signal is always positive definite.

Extrapolation of Signals Let F(0), F(1),..., F(N) refer to the first N+l

components of vector F, the Fourier transform of one line of a video data,
which is composed of M points. To make F real one must generate an even
function by first reflecting the video data about the t = 0 axis and then taking

a Fourier transform of the even signal.

Now consider the Toeplitz matrix T(N+1) defined as

F(0) F(l) ... F(N) F(N+1)
T(N+1) = F(1) (1) ... F(N-1) F(N) (1)
i*"(N+1) .F(N) oo .F(l) .F(O)

Since the modified video data is positive and even, and the real matrix
T(N+1) is semipositive definite, it follows that the determinant of T (N+1)
as a function of F(N+1) has a single maximum. Hence the allowable values

of F(N+1) are those that make the determinant of T(N+1) equal to zero and
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all values in between. Expanding the determinant of T(n+l) in terms of

the last row and the last column gives an expression for the determinant of
T(N+1) in terms of F(0), F(l),..., F(N+l). Since F(0), F(1),...,F(N) are
known, this is an expression for the determinant of T(N+1) in terms of
F(N+1). Choosing F(N+1) to maximize the determinant of T(N+1) gives a
recursive algorithm to estimate F(N+1) from F(0), F(1),..., F(N). The
recursive algorithm can be used further to estimate F(N+2) from F(l),.e.0,

F(N) and the estimated value of F(N+1) i.e.

N
F() = Z ARF(j-k|) for j=N+1,...M-1 (2)
k=1

where A(k), k=1,...,N, are a set of fixed constants specified by matrix

T(N+1),

Extrapolation of Images The positive extrapolation technique discussed

for one-dimensional signals in the previous section can be generalized to
extrapolate two-dimensional spectral density functions as well as two-
dimensional Fourier transform of images. This is achieved by extending

eq. (2) to functions of two variables by letting
N N
F(i,j) = Z ;A(k,l)F(‘i-ﬁ |, 13-k fori,j=0,1,...,M-1 (3)
k=1 =1

where F(i, j) is the two-dimensional discrete Fourier transform of the image
and consists of M2 elements. At the receiver site (N+1)2 elements are
available and these (N+l)2 elements are used to extrapolate the missing
elements prior to taking the inverse Fourier transform to obtain a re-
construction of the original image. Analogous to the one-dimensional
system, the original picture is first folded along the x = 0 and y = 0 axes

to generate an even two-dimensional array. This is required to make F(i, j)
an array of real elements., Solving eq. (3) for A(k,£) is straightforward

2
since (N+1) values of F(i, j) are known,
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Experimental Results The performance of the positive extrapolation

methods described above has been considered for a number of examples.

The one-dimensional example is a discrete signal of 32 samples that consists
of a pulse superimposed over a slowly varying background., The discrete
Fourier transform of this signal is calculated and all but the first eight
samples substituted by zeros. The inverse Fourier transform of the truncated
signal and the original signal are shown on Figure 1. The truncated signal

in the transform domain is then extrapolated to recover all 32 components.
The inverse transform of the extrapolated signal is also shown on Figure 1.
The extrapolated signal remains positive as expected and tracks the original

signal significantly closer than the unextrapolated signal.

Figures 2 and 3 contain examples of positive extrapolation for a discrete
(sin x/x)(sin y/y) signal and a block pulse signal, respectively. In each case
the Fourier transform has been truncated preserving the transform samples
in a 3 X 3 low frequency block out of a total of 15 x 15 coefficients. The
positive extrapolation process is seen to provide a significant improvement

over the reconstruction without extrapolation.

3.5 Transform Domain Spectrum Interpolation

Michael N, Huhns

Quéntization occurs whenever continuous physical properties are
represented numerically, A quantizer is a zero-memory nonlinear device
which restricts an input variable to 2 firi te number of possible output
regions. This process is irreversible and information is invariably
destroyed since only the region containing the input is known at the output.
However this output data can be combined with a priori knowledge about
the input to reduce the amount of information lost by interpolating between

the discrete outputs.

In transform image coding a block of image pixels undergoes a two

dimensional transformation using a unitary transform such as the Fourier,
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Hadamard, or Slant transform. Next, the transform coefficients are
quantized and coded for transmission. Figure 1l illustrates a typical bit
assignment for a zonal quantization and coding algorithm. The number of

quantization levels assigned to the coefficient at coordinate (u,v) is

2b(u, v)

M(u,v) = (1)

where b(u, v) denotes the bit assignment. At the receiver, the quantized
coefficients are reconstructed and an inverse transformation is performed

to obtain an image estimate.

If a transform coefficient is quantized to zero bits, then its restoration
is equivalent to a spectrum extrapolation as outlined by Pratt (1] . Those
coefficients that are quantized to two or more levels can also be restored by

a technique called spectrum interpolation.

Analysis Let the N element column vector x with probability density
px(gz_) denote a vector of input data samples. For two-dimensional data arrays,
x is formed by column scanning the data array. Each data sample is quantized
into one of M output regions, denoted by Di’ i=1,2,...,M, The estimated
value of xbased upon the observed Di regions is the quantizer output vector

¥;- The average error in this estimate is then defined as

M
8 = 21 j’D- e(x-y,)p, (x)dx (2)
1= 1

where e(-) is an arbitrary error weighting criterion. The vector of estimates
¥, should be chosen to minimize the average error. This choice can be
determined by utilizing the principles of calculus to find the stationary

points of the error surface § with respect to each Y, Hence

3é

3
= -] s lex-y)]p (x)dx i=1,2,...,M (3)
dy, ID 3y, Y,/ Py

i
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Typical transform domain quantizing bit assignment.

Figure 3.5-1.
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with the assumption that the error function e(.) is differentiable. Solving

eq. (3) for the quadratic error criterion

e(gg-x.l) = Tr{(z-zi)(g-xi)'r} (4)

one obtains

oe
gzi- = -2(x-y) (5)

which implies that

J‘ (E-xi.)px(_"i)di = 0 i = l’zp-oc,M ' (6)

D
i

Rearrangement reveals

fD xp_(x)dx
y, = - i=1,2,...,M (7)
I p_(x)dx
or Di
Y, = E[_§|§8Di} (8)

This is an expression for the best nonlinear mean square estimate of x,

given that x lies within region Di'
Now assume that x is distributed according to a Gaussian probability
density function
(x) = Kex [-leC-lx} (9)
P X Pl-2x L X

where C is the covariance matrix of x and the mean is as sumed to be

zero, Also let

= .= o0 0y 1
D, ﬁ:i|xje[a.j,bj)} j=1,2, N (10)

Then
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- -1
|7 xx exp{-%zTEx x}dx

2
Y = b . (11)
T =
[" & expl-3x C 'xlax
2
Curry [2] has solved this equation for finely quantized values of xj, i. e,
b, - a, <o, j=1,2,...,N 12
57 %5 <% j seees (12)

.th
where oj is the standard deviation of the j  component of x. His approach
is to approximate the Gaussian density by the first three terms of its Taylor
series expansion about the midpoint of the region Di' The integration can

then be performed, with the result that

.1 btz
E{x|xeD.} = @L-8C ) - (13)
where
(b.-a,)°
A =3 12 kaz k,j=1,2,...,N (14)

An exact solution can be obtained when the components of x are un-

correlated. In this case the covariance matrix can be expressed as

2
= o ] =
C {oj kj} k,j=1,2,...,N (15)

and much computation reveals that

e

2,2 2,2

ol(

-erf
erf ﬂol er «/—?Ul

2 .
Y T Nw . (16)
2 2 2
N
erf bN erf -
ﬁcN 2 o
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Gaussian variables which had been decorrelated by means of a Karhunen-Loeve
transformation and then quantized could be restored according to a minimum

mean square error criterion by utilizing this last equation.

An exact analytical solution to eq. (11) also exists when an estimate
of a single vector component, XN is desired based upon two types of inform-
ation -- (a) the other components, X)X 22y xN-l’ which are known
completely (quantized with an infinite number of bits); (b) the quantizer output

which nonlinearly specifies the interval containing x_. To derive this, consider

= = = = M s <
2 E{Elxl 1, Xy T, 0., Xy g T a0 g5 Ay beN} (7)

2 1
I . exp 2(a ceedy
D. .
t N-1 N-1
*N | *N

or

&

D e e

y - = ae)
-1
l .
"fD eXPp 1-2(a1"'aN-lxN)Ex . »di
i a.
Xy
or
2, a,
bN * 1 L]
J . exp -—;—(al. . 'aN-lxN)% : de
°N \ ®N-1 ’N-1
X X
y, = . (19)
bN
J exp -%_-(al...aN *N )C :
a'N a

-1
Now denote the elements of (-C-x) by
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11 T12 IN
-1 21 T22 °tc Ton
(C) = (20)
X . . N
er rNZ [ N N ) rNN

~,

2
)
aN_l
L N-1 2 | Pn
eXp - 2r NN T 575N
NN ~
= N 1
Y - N-1 b T r
r xX__+ a.r N NN
e NN N j jN
NN erf j=1
2 ﬁr -

N = PN

as expected, If XN is quantized to zero bits, its interval is the real line

If XN is quantized to an infinite number of bits, then y? =a

. . N .
(-aN = bN = @), and then its estimate, y;» 18

v o= - rl z ’ ar. (22)

[y

This result is identical to that obtained by Pratt [1] in estimating an
unknown spectral value based on known spectral components. However

eq. (20) is a more general result in that it can be utilized to estimate
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components that have been quantized to any number of bits by an arbitrary

quantization scheme.

Transform Domain Spectrum Interpolation The above solution is

applicable to the mean square restoration of zonal coded transform samples.
In this case, the transform samples have a Gaussian distribution, since each
is the sum of a large number of random variables so that the central limit
theorem can be invoked. These transform samples are typically quantized
according to a bit assignment such as the one shown in Figure 1, For such
a quantizing scheme, only eq. (16) can be utilized directly for restoration;
however this equation ignores the known correlation existing between the
samples, Curry's method of eq. (13) is unable to restore samples quantized
to fewer than two bits, However, for greater bit assignments, it has the
advantage of providing a simultaneous solution utilizing all the available
information. The technique developed in eqs. (17) to (21) avoids the above
difficulties, but requires a recursive solution which may be only asymptotically
optimal (further analysis is expected to establish this). Therefore the best
restoration, on the basis of optimality and ease of implementation, is obtained
from a combination of the solutions presented above and must be adapted to
the particular quantizer used. This technique will soon be applied to zonal
transform coded images. It is anticipated that the resultant image will have
a lower mean square error and improved subjective quality.
References
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3.6 Variable Rate Image Coding for Sources with Unknown Probabilities

Lee D. Davisson

The average distortion of image encoding at a fixed rate subject to a
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fidelity criterion depends upon an actual statistical source index 6, in effect,
the actual stationary ergodic source model for the image to be encoded. Thus
distortion is 2 random variable over the ensemble with distribution given by
the distribution of the parameter 9, i.e. the class of possible images. In
many applications it may be more desirable to allow the coding rate to depend
on © while holding the average distortion fixed over the ensemble. This is
the case, for example, when the image is to be stored or a variable trans-
mission rate exists due to the multiplexing of many mes sages, e.g. the

ARPANET,.

A coding theorem has been established for the special case of a finite
number of subsources, 9=1,2,..,,K, in the ensemble. The theorem holds
for noncountable ensembles as well, but the proof is considerably more
involved. In addition, it is assumed that there is a maximum distortion
value, DM.

For each value of k, generate a set of codewords according to the
usual coding theorem for stationary, ergodic sources. If Rk(D) is the rate
distortion function in bits of the kth subsource, and D is the desired value

of average distortion, each code will contain Lk codewords where

log Lk = (N(Rk(D-G:) +¢e) (1)
and € is an arbitrary positive constant with the blocksize chosen large

enough so that the average distortion is D-¢ for all 8, and so that the

probability that there is no codeword with distortion less than D-¢/2 is
€/2 .
less than €/ pM

The coded representation of each of the Lk codewords generated for

each k consists of two parts. The first part is the fixed length binary
number equal to k-1, k =1,2,,..,K using at most log K+1 bits to identify
the codeword. The second part is the location of the codeword in a list for

each k of length at most log Lk+1 bits. Thus the rate of any codeword for a

given 0 is at most
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r, = lo lfl{-'-z +Rk(D-e)+ebits | (2)

Obviously by choosing N large enough and € small enough, the rate can be

made arbitrarily close to RB(D) for 6=1,2,...,K.

The achievement of D and RG(D) for the combined supercode depends

upon the actual choice of a codeword out of the

K
L = z L,
J
i=1
total codewords. The coding rule is as follows: Upon observing an output
block of length N, among the codewords of distortion less than D-¢/2, find
the one of minimum rate, if any. If there is no codeword with distortion
less than D-¢/2, make a random choice. The average rate for 0 = k then is

Rk(d) = rk + (sup r,)Prob[no codeword of distortion less than D
i in the kth code ]

or

4 log K42
< = _g_ -
Rk(D) r + (qu;p rj)e/2 Prt N + Rk(D €) +¢ +(Sl;p rj) €/2p

(3)

which is arbitrarily close to Rk(D) for small enough ¢ and large enough N,

The average distortion for 6=k is
Dk <D-e/2 + Pu Prob[no codeword of distortion less than D in the kth code]]
D, sD-¢/2 +p, €/2p,, = D (4)

The result described is largely an existence theorem and therefore
does not prescribe a specific method of synthesizing data compression
systems. It does, however, provide figures of merit and optimal perform-
ance bounds that can serve as an absolute yardstick for comparison with

real systems, Furthermore, the results provide theoretical justification
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for overall design philosophies that have proved useful in practice. In
practice, one could, for example have a coding scheme for each of several
classes of pictures, e.g. classed according to ""busyness,'" The appropriate
coder would be switched in for each encoded image with the coder identity
sent as a prefix to the encoded picture information as suggested above.

The approximate minimum number of bits would then be used for each

image depending upon the average allowed distortion.
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4, Image Restoration and Enhancement

Image restoration techniques seek to reconstruct or recreate an
image to the form it would have had if it had not been degraded by some
physical imaging system. Image enhancement techniques have two major
purposes: improvement in the visual quality of a picture to a human viewer;
and manipulation of a picture for more efficient processing and data extrac-
tion by a machine. Both techniques are subjects of continuing study; re-
sults of this effort during the past six months are summarized below.

The first report deals with methods of restoration utilizing the
matrix pseudoinverse of a blur matrix which models a space variant
point spread function. Computation of the pseudoinverse is obtaihed indir-
ectly by a singular value decomposition of the blur matrix. The following
report considers another approach to pseudoinverse image restoration. Com-
putational techniques are developed for pseudoinverse restoration by process-
ing in the transform domain,

An analysis is presented in the next report of the effects of discrete
modelling of the superposition integral for image restoration. The effect
of modelling errors and the ill-conditioning of the blur matrix are quan-
tified for typical image blur models.

The use of spline functions in imaging models is explored next, It
is shown that the B-splines offer computational promise for image restor-
ation with smoothness constraints.

Astigmatism and curvature of field image degradations are character-
ized by spatially variant imaging models. It is shown that the imaging model
can be decomposed into a cascade of a geometric distortion, a spatially
invariant linear system, and another geometric distortion. Methods of in-
verting this cascaded model are developed.

In the next report, the concept of transform domain Wiener filtering
for image restoration is extended to include lower triangular transformations.
For a Markov process image model, it is found that an extremely efficient
computational algorithm can be obtained.

The two following reports are concerned with two aspects of color
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image restoration. Once report considers techniques for estimating the
tristimulus values of a color from spectral observations of the color. The
other report presents methods for compensating for film nonlinearities in
a photograph of a color television display.

The final report presents a quantitative development of pseudo-
color image enhancement techniques to map a grey scale image into a
color display. Mappings are found that are psychophysically relevant, yet

computationally efficient.

4.1 Space Variant Point Spread Function Pseudoinversion

Monty Adler and Harry C. Andrews

Many complex forms of image degradation cannot be modelled by
a spatially invariant point spread function; consequently, Fourier tech-
niques are not applicable to the restoration process. For these spatially
variant point spread function systems, restorations can be achieved by a
matrix formulation in which point spread function matrices are inverted.
For singular blur matrices, the inverses must be replaced by pseudoin-
verses to achieve the least squares approximation to the origiﬁal. For
computational simplification an assumption of a separable space variant
point spread function allows the following analysis.

Let F be a matrix representing a perfect image which is acted upon

by a separable blur function to produce a blurred image G as modelled by
G = AEB

where B blurs the rows of Fand A blurs the columns of F. Usually A and
B are fingular or almost singular. One would like to find an approximation
to F, F such that Hﬁ‘ -F His minimized. The analysis and results which
follow do not depend on any of the matrices being square but for simplicity

it will be assumed that all matrices are N by N, If Aand B are nonsingular
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and square the solution is, of course, F = A-l G g-l = F.

Using appropriate A and B matrices one can model space variant
blur, linear motion blur, and in general any separable blur function.
It is known that A and B can be expressed as a sum of matrices of

rank one as follows

a .a_aT a a
= P4
SIP DR A # for M 2 My 20
N
_ b ..b_bT b b
B = g "']1 y_lw_rl for uN p3 ni+1 >0

where n , ‘nb are scalars, and U Ub V , Vb are column vectors of

length N, and the sets {U_f'] {U 1, {Va} {Vb}are orthonormal. In an ideal
computational environment, 'rf: =0 for i> Ra where Ra is the rank of A;
similarly for B.

The ideal pseudoinverse of A can be expressed as

+ a+ va T
AT = § VU
where
a+ 1 . a
‘I'\i = /T]?' if 'ni # 0
1
&t _ o if n* = o
1 1

A model is needed for the computed SVD, Using a computer the calculated

SVD will be modeled by

N a a _.aTl a a
= 2 o
A igjl \, UV for X =\ 20

The )‘ia. will not be zero for i >R due to computational inaccuracy; and yia ,
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X? will in general be identical to the ideal case. Note that the rank of A,
Ra cannot be accurately determined since the Xai do not go to zero. Defining

K

a a a
Ag = LN LG

T

-+

then as soon as K goes beyond R’a.’ the algorithm divides by 1/7LriEl for an

+
inaccurate )\a and A
i -K

blows up. It is desirable to ''stop K at Ra” but Ra
is not known.
The problem is further complicated if A and B are non-singular
but have small )\ia , )&? which cannot be computed accurately. Even if Ra and
Rb were known, the algorithm would not want to divide by the inaccurate

lia, )\1; values. Unfortunately the typical situation is that A and B are either

singular or non-singular with small )\ia, )\.:); but, of course, it is not known
which is the case.

For simplicity A and B will be assumed to have the same or close
to the same rank., The methods described below are trivially modifieable
if the ranks of A and B differ.

Define

A + +
Eixk = 4; 9Bk
and
G _ - AF. B=-aAA GEHE.B
=JK ==JK= = = =J==K=

Since under the above assumption the best J equals the best K it is possible to

drop the double subscript.

- + +
EK_ éKEEK
Gp = AF.B

It is desirable to minimize H F - EK || over all values of K. Three methods
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are proposed, one of which can be shown to find the best K.

LY A

Method 1 - Human Intervention. Success1ve1y compute Fl’ FZ’ .

will not be apparent, it

and display to a human. Although the best FK

will be clear when FK is blowing up. In figure 1, the estimate F51
seen to blow up, and this fact is obvious to a viewer. For a display
purposes all _IE‘K values have been rounded to the nearest integers, all
negative values have been set to zero, and all values greater than 63

have been set to 63, This explains the black and white blocks in the figures,

which are out of range values.

Method 2 - Track A é;{ and _B; B. It can be shown that
+ 2
lL-a4 l"=N-K

where N is the size of A, Then one would expect E (A) = ||I A A 2 -(N-K)

I
to deviate from zero when AK blows up. Trials on a computer sllfow that
E (A) remains at a low constant value until K approaches Ra at which point
EK(A) increases by a factor of 103 around R It thus appears that tracking
A AK or BK B could be a method of find the best K. Table 1 contains the

results of two a typical computer trial where

E@) = 10° (- oL All% - k) )

E® = 100 (- B BI® - wv-x))

EE) = [|E-Fp

EG) = [1G-Gp |
Method 3. Track s - Sx I it can be shown that min lr - K \\
occurs at the same value of K as mLEl(n H G - G ” and therefore the best K

can be found simply by tracking mII(n I G - —K“ . Figures 1 to 3 show the
results of three simulation cases. In each case the best reconstruction

occurs at the K for which Hg - QK ” is a minimum.
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(a) original (b) space variant blur

N INIEAAl - all i hi TR0,
L

i s anes Y
B S 88 588

(e) F,, (best restoration) (f) ., (note space variant
48 51 . .
singularity)

Figure 4.1-1. Restoration of space variant point sources, N=60
(Gaussian blur best at center) (Computer Generated Image).
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(a) original (b) space variant blur

(e) F (best restoration) (£) f‘ (note space variant
46 48V, :
singularity)

Figure 4.1-2. Restoration of space variant point sources, N=60
(Gaussian blur best at center).
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(a) original (b) space variant blur

-~

(f) F103(minimum error)

(e) Fgq

Figure 4.1-3. Restoration from space variant point spread function, N-112
(blur bestat center)
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Table I Pseudoinverse and Reconstruction Computation Error - N

60

I E(F) E(G) E(A) E(B)

0 156.9

6 166.3 25.6 2.5 2.4
12 158. 9 12. 8 2.2 2.2
18 147.2 1.9 2.0 2.0
24 141, 6 0.3 1.7 1.7
30 134. 8 2.4E-2 1.3 1.3
36 125.9 1.1E-3 1.1 1.1
42 114, 0 1. 6E-5 1.2 0.13
43 109, 7 7.6E-6 -0.1 2.5
44 108. 4 2.2E-6 -4,5 2.9
45 106.5 1, 6E-6 6.3 -3.8
46 104, 3 3.1E-7 8.8 -16.
47 101, 1 2.589E-7 58. -33.
48% 99, 2 2.583E-7 -100. 94,
49 177. 8 1. 9E-6 -67. 510,
50 382.9 2,.9E-6 -420. -250.
51 2.,2E+4] 2.3E-5 -8800. 7200.

% minimum

Experimental Results Figures 1,2, and 3 show an image, its blur

and the reconstruction for different values of K. Note that once the minimum
is found, the reconstructed picture quickly blows up. Table 1 shows n G - E_}KH
and “E - ﬁ‘K " for different K. Although the minimum occurs at the same
point, " G - éK H remains small after the minimum by HE - EK“ blows up.
Naturally, in the real world one would not be able to track "E - E‘ ” but

n G - é “ is available.

4,2 Pseudoinverse Image Restoration by Transform Domain Processing

William K., Pratt

Linear operations on data can often be performed more efficiently
by indirect techniques which involve projection of the data to another vector
space through a unitary transformation of the data. This concept has been

applied with success for discrete Wiener filtering of images. The following
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outlines the extension of the concept to pseudoinversion for image restoration.

Imaging Model Let F(x,y) denote an ideal, continuous, infinite ex-
tent image field, and let E (x,y) represent an observed image field which is
also continuous and of infinite extent. For a large class of imaging systems
the observed image is related to the ideal image by the convolution integral

w o

F(x,y) = | [ Fla, B)g(x-a,y-B)dodB

- 00

where g(x-0;y-B) represents the impulse response of the imaging system.

In the discrete model of the imaging system, the observed image is repre-

sented by physical samples spaced evenly over a unit grid, and the continu-

ous integration is approximated by a quadrature formula resulting in

pmy) = ng ) );; F(ny, n,)H(m, -n, +L, m,-n,+1) 1)
17 27T

L+m]-1 Lim._-1

for lsmiSM and ISniSN where the array H, assumed to be zero outside its
range of indices, represents the sampled impulse response and incorporates
all quadrature factors. The impulse response is also truncated to an LxL
array. In order to prevent serious modelling errors at the image boundary,

it is necessary that
N2M+L-1
It is computationally convenient to represent the data arrays F and i

as column vectors, iand_f, respectively by column scanning. Then the sam-

pled superposition operation can be described by

I

=Bf (2)

where B is an MZX N2 matrix which can be partitioned as
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§1,1 91’2 e e e EI,L 0 0 e oo 0
0 ‘Bz’z LR N EZ'L BZ,HI o LN AN 0
E = . (] . (3)
0 o0 oo ®se e oo o0 e
B 0 EM,N

The general term of B is then given by

B n (mz, n2)=H(rnl-n1+L, mz-n2+L) (4)

™y, 1y
for

lsrrﬁSM l1=m_sM

m:l < n1 SL+m1 -1 m2 Sn2 < L+m2 -1

Pseudoinverse The imaging model of eq. (2) can be ""inverted"

A

by a pseudoinverse operator §+ in the sense that an estimate f of the ideal
image vector f can be computed by
*i=B"Bf (5)

£ =B

If B is of rank Mz, then the pseudoinverse is equal to

8" = 8T @s") ! 6)

It should be noted that since Mz< Nz, that is, there are fewer observations
than points on the ideal image to be estimated, the estimate will not be exact
even in the absence of observational error. The pseudoinverse, however,
does provide a minimum mean square error, minimum norm estimate.

Transform Domain Pseudoinverse Figure 1 illustrates the compu-

tational steps involved in direct pseudoinversion of an image vector, and in
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o 9
f f
B+
a) IMAGING MODEL
2 R
f f
B-I-

b) DIRECT PSEUDOINVERSE PROCESSING

SuGn

A2 BT (A\2)

c) TRANSFORM DOMAIN
PSEUDOINVERSE PROCESSING

Figure 4.2-1. Direct and transform domain pseudoinverse processing,
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the transformation processing approach. In transform processing a uni-
tary transformation is performed on the observed vector f prior to multi-
plication by the transform domain pseudoinverse matrix /i+ An inverse

A
transform reconstructs f. From figure 1, since

i-381 (72)
and
f = (A )'1 st (A ,) £ (7b)
=2 _LAZ - ._NZ -
then clearly
8" = @a Bt @ ! (8)
- M = N
It is easy to show that
*T *T. -
gt- 87 g 9)
where
B = ! (10)

A B (A -
(_Mz) B (_Nz)

is the transform domain representation of the blur matrix of eq. (3).
Computational efficiencies in transform domain pseudoinversion

result from the sparseness and structure of the blur matrix B. As an

example, consider the Fourier transform representation of §+. In this

case the transformation matrix is of the form

Ao = A, ®A, (11)
where
= 1 . (x-1)(y-1) = -Zﬂi}
AK =X w w eXP ™k
forx,y=1,2,..., K. Now, let E‘g)denote the extended impulse response
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obtained by imbedding the I. X L. impulse response matrix in the upper left
corner of an N X N matrix of zeros. The two dimensional Fourier transform

of the extended impulse response matrix is obtained from

N) _ (N)
EE - éN EE 'éN (12)

These transform components are then column scanned and inserted as the

diagonal elements of the N2 X N2 matrix

¥® _ giag ™oL, .2,0,.. X (NN ] (13)

Then, it can be shown, after considerable manipulation, that the Fourier

transform blur matrix is

8 = p @pIx™ (14)
where
L 1ow by
P, .(uv) = (15)
=B (u-1)_ . -(v-1)
VM 1- Wap Wy

Thus, the B matrix operator consists of a scalar weighting matrix, K(N),

and a matrix [E’B ® EB] that performs the dimensionality conversion (an
interpolation operation) between an N2 element input vector and an M2 element
output vector. The dimensionality matrix is extremely sparse, and therefore,
savings can be obtained in the computation of 5 and subsequently, B + As an
example figure 2 contains displays of the blur matrix B, the pseudoinverse
matrix §+, and their transform domain representations, # and ‘/§_+ fora 9x 9.
Gaussian shaped impulse response, and M=8 and N=16, The relative sparse-

ness of B and §+ are apparent from the figures.
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(a) spatial domain, B (b) Fourier domain, 5

(c) spatial domain, E-l_ (d) Fourier domain, ﬁ+

Figure 4.2-2. Examples of blur matrix and its pseudoinverse
in spatial and Fourier transform domain.
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4.3 Modelling Superposition Integrals for Image Restoration
Nelson D. A, Mascarenhas

The process of image blurring and addition of noise in an incoherent

optical system can often be described by the equation

yl(a,B) = j'ab fab x(8, n)h(a,E;8n)dEdntn (, B -2 <q,B <

where x(a, f) denotes an ideal image, y(a, F) is the observed image, n (0, B)

is an additive noise field, and h(g, €;B, n) is the image system spread function.
When a restoration problem is to be solved with a digital computer to
estimate x(a, B), a discretization has to be performed. By using a lexico-
graphic ordering, it is possible to reduce the resulting two dimensional

data arrays into vector format. The following equation describes the dis-

crete model

Y =BX+n

where

(M
(M

X 1) vector of observed values

2
2 XNZ) blur matrix
2

(N~ X 1) vector of original pixel values

(M2 X 1) vector of noise components,

2 IX |w &
1l

In general the entries of the blur matrix depend on both the kernel of the
integral equation and the weights of quadrature integration. In the simula-
tion experiments described in this section these weights have been assumed
to have unity value. .

Figure 1 describes the data arrays involved when an overdetermined
model for restoration is used. This leads to the following structure for the

blur matrix B
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\ORIGINAL PICTURE

(1,M)

(el \ ()

\—IMPULSE

RESPONSE
ARRAY
(M+N M-N_H) (M M+N‘)
N2 / 2 ' 2
(M) Z{/ (M,M)
. BLURRED PICTURE

Figure 4.3-1, Data arrays in the overdetermined model
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0 ] [ ] [ ] 0

B 0
[ ] ] (] 0
Boa B,,2 0
B B
B - B B2

0 Brn,2
0 0 0
. . By, N
0 0 ) . i 0 gM’lﬂ

First B is partitioned into submatrices Ei,j of size (M X N), Then each
submatrix has a similar structure, being composed by a nonzero diagonal
band of elements.

Two expressions for the blur have been used. The first simulates
the effect of atmospheric turbulence over a long exposure. The spread
function is given by

@-8)°  (E_-n)°
h, & ;B.,n,) = exp|-——Li— + —— ¢
i’ 'm’7j" 4

by Py

where the coefficients bV and bH control the amount of blur imposed on the
vertical and horizontal directions, respectively. The secondblur function,
also space invariant and in separable form, simulates the effect of a diffrac-

tion limited optical system as given by

B . - B.—TZ B g€ -y 2
si 1 ) sin(—@——-—)
b b
h(w, £ :B, N, b H
i" ' m'"ji" A (O.i - B) (gm- ‘n&)
bV bH
I — I c—
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For white noise, the best linear unbiased estimator of the original picture

is obtained as

- 8'»7'8"y

I%>

and the covariance matrix of this estimator is

v. = o’ B)’}
Vs BB

2
where 0 is the variance of the noise. The amount of uncertainty on the
Tg). a

possible measure of this is given by the condition number of the matrix B,

estimators will depend on the degree of singularity of (B

which can be expressed by the ratio of the largest to the smallest singular
value of the matrix B [1].

Figures 2 and 3 illustrate curves of condition number versus blur
coefficient, for a given number of original pixel values (N=8) [2]. In the
curves the number of observed values M is varied while maintaining the
structure of the blur matrix described previously. The existence of a
maximum of the condition number curves can be explained in terms of the
truncation bf the point spread function displayed in Figure 4. In fact, for
increasing M, the number of points where this function can be nonzero is
increased, and the effect of the truncation starts only for higher blur coef-
ficients. Consequently, the curves for different values of M have essentially
a common ascending branch and the descending part starts at varying parts
for different values of blur coefficients, If there were no truncation, the
curve would approach infinity very fast, the asymptotic value being obtained
for the smoothest possible kernel, with constant value unity, implying a
blur matrix with rank one. With the truncation, the curves show a descending
branch that begins at the point where the increasingly wider kernel starts to
be cut down substantially. For greater amounts of blur, the curves tend to
a finite value that depends on M.

The curves of figs. 2 and 3 can be used as a guide for the choice of

the number of sampling points, once the number of quadrature nodes is fixed.
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For a very small amount of blur all curves coincide so that the designer
may choose M = N with almost no error. In this case blur plays no role,
only noise affects the restoration. With increasing blur, different numbers
of sampling points give different values of condition number. If a curve on
an ascending branch is chosen, truncation has no effect on the kernel, but a
high condition number imposes high variances on the estimators. If a curve
on a descending branch is selected, lower variances of the estimators are
obtained, at the price of error on the estimation of the continuous function
due to the truncation error in the discrete model. Therefore, a trade-off
between the variance of the estimators and the modeling error can be char-
acterized.

Although these conclusions are drawn based on the particular model
discussed in this section, they are more general. Since the inverse of the
integral operator that describes the blur is unbounded, therefore, the closer
the discrete model follows the continuous one, the more ill conditioned the
former nmiodel tends to be. A move in the opposite direction reduces singu-
larity but imposes modeling errors. This inevitable dilemma can only be

broken with correct a priori knowledge about the solution.
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4.4 Spline Function Restorations

Steve Hou and Harry C. Andrews

A variety of models for linear imaging systems have been postulated

for processing by a general purpose digital computer. Three of these models

are:
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Continuous-continuous. Let

glx,y) = [[£(C nhix,y,C, ndCdn

where the image, g, object, f, and point spread functions, h, are all des-
cribed in continuous notation.

Discrete-discrete. Let

g = HS

2
where the image and object have been scanned or stacked into N” x 1
column vectors and H is an N2 X N2 matrix,

Continuous-discrete. Let

G = [[H(¢mIC, ndcdn

where the image is a matrix of entries gij and the object is continuous and

passes through a matrix of continuous point spread functions, Thus
g;; = [Thy;(CneC mdcan

Figure 1 indicates the geometry associated with this model. Possibly
this model is the most realistic of the above alternatives in the sense that
the object is continuous before being sampled and the image (once in the
computer) is inherently discrete.

In attempting a restoration of the discrete image G to a better
estimate }(C, n) of the continuous object f(C, 1) it is clear that the degrees
of freedom in the object are infinite while those in the image are finite.
Thus it is necessary to provide a translation of the approximation of a
continuous function to the estimation of a finite representation of a func-

tional form of that continuous object. The mechanism of spline functions

are suggested for this purpose. If f(C, n) denotes the restored object, then
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let

P = [[H(c¢,mf(C,n)dcdan

It is then possible to formulate the restoration expression in terms of the

minimization of an objective function
T
w( = tr{lG-P] [G-P1]}

In this case, the estimation is a least squares restoration. Additional
constraints on the objective function may be desired. One such constraint
might be that the restored object not oscillate wildly; in particular that the
second derivative of that object be minimum, Then using the method of

Lagrange multipliers the objective function becomes
T 24 2
w(f) = tr{lG-P] [G-PI1}\ [ [ (vF (¢ m) ) aCdn

Now expanding the restored object into a set of nondrthogonal basis func-
tions determined by bi-cubic B splines on a uniform two dimensional grid,

one obtains
£(C, =};ZB: IPENGENU)

where Sa(C) is the cubic B spline. Such an expansion allows a priori know-
ledge of the second derivative of f ({, n) in terms of the coefficients CG.B .

When the objective function is minimized, the matrix equation
(& + AB)c = d

is obtained where A is defined by the blurred spline functions, B is the
differential spline functions and highly banded, c is the unknown coefficient
vector and d is defined by the image G.

Techniques for solving ¢, the equality constrained least squares prob-
lem described above, are being investigated in the framework of spline func-

tions and image arrays. In addition inequality constraints on the ¢ vector
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such that (C, n) is positive and bounded are being considered. The approach
looks fruitful as the B-spline basis functions provide a unique set of non-
orthogonal basis functions which are inherently positive and whose coeffi-

cients provide second derivative (smoothness) criterion control.

4.5 Space-Variant Restoration of Astigmatism and Curvature of Field

Alexander A. Sawchuk and M. Javad Peyrovian

As discussed in previous work, the general problem of image restor-
ation with a space-variant point-spread function (SVPSF) degradation is
exceedingly difficult to solve due to the high system dimensionality [, 2].

To get a practical solution, it is necessary to completely exploit the de-
grading system symmetry and structure in order to reduce the effective
dimensionality, The approach has wide applications in the restoration of
motion blur (1, 3] and certain geometrical optics aberrations [2,5,6]1. This
section describes an extension of the technique to astigmatism and curvature
of field.

A great deal of insight into the restoration problem is obtained by
careful examination and derivation of the degrading system point-spread
function (PSF). The aberration function [, 2, 4] of geometrical optics for

astigmatism and curvature of field are given by

X -, = Al = (2C+D)u12 €.cos (-:g (1a)
X,-u, = AZ = Dulze1 sin & A (1b)

where (xl, xz) and (ul, uz) are the rectangular image and object codrdinates
respectively, €. and € are ray intercepts in the exit pupil of the optical
system, and C and D are constant coefficients describing the degree of astig-
matism and curvature of field, respectively. Using previous results [1,2]

an equivalent system SVPSF h(x,u, which describes the degradation can be

derived. For a circular exit pupil of radius R this SVPSF is
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2

' 1 X, \ (xl-ul) <
. D(ZC+D)ul4 , Rszuf (ZC+D)2ul4 R’
h(xll xz’ ul’ u2= 0) =
0 , elsewhere (2)

with the input object impulse function at (ul, u2=0). The function of eq. (2)
is shown in figure la for the impulses at various locations in the (ul, uz)
plane. The regions of nonzero response are defined by ellipses which in-
crease in size as the square of the radial distance. At the same time,
the amplitude of the response decreases inversely with uf .
the inherent circular symmetry, the amplitude and shape of the response

Because of

is a function of radial distance only and not a function of angle 6, as shown
in figures la and 1b. Thus one reduction of system complexity is obtained

by rewriting the aberration functions of eq. (1) in polar coordinate form as

2
x -u_ = (2C+D)ur er cos se (3a)
- -1 .
XgUg = tan (Durersm e9/1+(ZC+D)urercos ee) (3b)

where (xr, xe) and (ur’ uG) are image and object polar coordinate variables.
This procedure suggests that the coordinate transformation restoration (CTR)
techniques used for other kinds of space-variant degradations are also valu-
able here. Performing this transformation to the system described by eq. (3)
effectively converts the problem to a space-invariant blur in 8 which changes
slowly with ur(eq. (3b) ) and a purely radial two-dimensional space-variant
blur (eq. (3a) ).

For the case of pure curvature of field with no astigmatism, C = 0 in
eq. (2) becomes singular. The SVPSF for astigmatism only has no 8 blurring
and collapses to a radial space-variant blur hc(xl, ul, u2=0) obtained by evalu-

ating

[-2]
hc(xl’ U u, = 0) = J; h(xl, Xy Uy 0, = 0) dx2 (4)

and letting D approach 0. The result is
69.
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Figure 4.5-1, Space variant point spread functions.
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2.2 4 2
(4C"R%u - (x-u)")3

u -ZCuz R=x =u +2Cu2R
1 .

2u4

1

1 1 1

hc(xl’ ul, u2=0) = 2C

0 » elsewhere (5)

which is shown in figures 2a and lc. For astigmatism only, there is no
blurring in the 8 direction and one-dimensional space-variant blur in the
radial direction.

The reduced dimensionality of the astigmatism degradation following
the polar coordinate transformation makes it possible to write the degrada-

tion operation in matrix form as
L(xe’ xr) = E(xr’ urﬁ(xeu ur) (6)

where L(xe,xr) and Q;(xe, ur) are one-dimensional line images for each Xqg and
H(xr,ur) is the discrete blur matrix obtained applying a quadrature formula or
other approximation to the continuous space description of eq. (5). The degra-
dation due to astigmatism and the restoration process is shown in a series of
figures that follow., Figure 2b shows an original undegraded object scene,

and fig. 2c shows the effect on the original of space-variant astigmatism
described by eq. (5). Note that the amount of blurring increases proportional
to the square of the distance from the origin.

One method of image restoration for the space-variant system of eq. (6)
is to use a discrete pseudo-inversion technique. As a result of the information
reducing aspects of eq. (6), H(xr’ur) is usually singular so that pseudo-inver-
sion must be used carefully while avoiding the system noise usually associated
with ill-conditioned systems, The analogous technique for space-invariant
systems is to use Fourier techniques to diagonalize H, thus simplifying the
inversion if a careful choice of spectral cutoff is made to reduce system noise.
For inversion, singular-value decomposition (SVD) techniques [7-101have been
used to obtain a unique pseudo-inverse L—I__+ (ur, xr) which has then used in the

restoration operation
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(a) space variant (b) original image
point spread function

(c) degraded image (d) polar transformation of (c)

(e) restoration of (d) (f) restored image

Figure 4.5-2. Example of astigmatism restoration.
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SOixgou ) =H (a_yx )(xg x ) (7)
The estimate o (x u ) produced by this procedure minimizes the functional
lzo O -1 II with the measured 1mage I and known H, and at the same time
finds the 0 with minimum length || QH (here the arguments x ,u_and Xy
are omitted). This is accomplished by the SVD method in which the matrix

H is expressed as

N 1
H= 2 ¥u *v, (8)

where the ki are the eigenvalues of H ET(and of IiTE), the u, are the orthonor-
mal eigenvectors of H HT, and the v, are the orthonormal eigenvectors of _I-_ITE.

It can be shown that the pseudo inverse I_-I_+ is given by

(9)

"">;a|)-n

K
where )‘i’ i =1, K are the nonzero eigenvalues. The SVD computer routine of
Golub and Reinsch [10] computes these in a numerically stable way; by a judi-
cious choice of the eigenvalue cutoff lk a system inversion described by egq.
(7) is obtained.

This procedure has been implemented on the 100 X 100 point image
of figure 2d blurred by astigmatism., Figure 2e shows the result of a polar
coordinate transformation applied to figure 2d; this operation converts the
degradation to a space-variant blur in one direction. Figure 2f shows the
restoration by SVD, in which the 5 eigenvalues out of 100 whose magnitudes
were less than 10-5 were set to zero. Following restoration of each line
in the (xr,xe) system, an inverse polar coordinate transformation [1] is
used to produce the final restoration of figure2f. Future modifications to
this method may use the SVD for Wiener filtering and estimation under
various constraints and noise statistics.,

This procedure can also be extended for restoration of the general

astigmatism and curvature of field case. A brief description of the proce-
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dure involves: (a) a polar coordinate distortion;(b) a Fourier transform in
the 6 direction to decouple space-invariant blur as a function of u_ as ex-
pressed in eq. (3b);(c) a space-variant estimate in the radial direction by
pseudo-inverse methods to obtain &(ur, )) for each 6 spatial frequency .
variable ) ;(d) an inverse Fourier transform in the 6 variable to obtain &
(ur, ue); and (e) a reverse polar coordinate distortion. Although complicated,
this procedure enables the general four-dimensional problem of restoration
to be converted to a family of two-dimensional space-variant problems with

point-spread functions depending on A.
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4,6 Fast-Suboptimal Wiener Filtering of Markov Processes

Ali Habibi

Wiener filtering, the classical technique of estimating signals from
noisy observations, has been developed primarily for continuous signals.
In reference (1], Wiener filtering of discrete signals using various unitary
transformations such as the Karhunen-Loeve, Fourier, and the Hadamard
transforms has been considered in terms of computational efficiencies. It
has been shown that optimal results can be obtained with any unitary trans-
formation of the data, as opposed to operating on the data directly, but
optimal transform domain processing requires more computations. How-
ever if one is willing to accept a small degradation in performance, the
unitary transformations provide considerable computational savings. The
Wiener filter transformation concept is extended here to the use of lower-
triangular transformations.,

Consider an N-dimensional data vector X = (xl, Koypeens xN)T with a
covariance matrix QX which has been corrupted by a white noise vector V
= (vl, Voseees vN)Twith a covariance matrix 0‘2’-1_ resulting in a noisy signal

S=X+V. Wiener filtering S consists of premultiplying S by filter matrix
-1
G = S (C+C) M

Using any linear transformation A on the observation, and the inverse of

the transform é-l on the filtered signal does not change the estimated

signal if the filter response is altered accordingly, that is, if instead of a
filter matrix G, gA = A gé-l is substituted. If A is a unitary operator that
transforms X to an uncorrelated vector Y then vector Y possesses a diagonal
covariance matrix. If A is unitary it follows that EW the covariance of the

transformed noise vector W remains diagonal. Thus G, is diagonal and

-A
Wiener filtering by it requires only N multiplications. However ZN2

multiplications are needed to perform the transformation of the input and
the output of the filter by A and é'l.
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Wiener Filtering by Lower-Triangular Transformations Given any
1

covariance matrix gxone can find lower-triangular matrices L and L.-
such that é_(_:x LT is diagonal [2]. This implies that Y = L X is an un-
correlated vector and transforming by L and £-1 requires a total of
2(N2/2 - N) multiplication operations. However, using this transformation
on the noisy signal S prior to filtering requires filtering L S by QL where
G = LGL™ (2)
-1, ===
Denoting the covariance matrix of the signal vector Y and the noise vector

W by C

v and C  in the transformed domain, respectively,
=W .
T
QY - E gxé (3)
and
T 2 T
Ly = L&, L = LL (4)
Using eqgs. (3) and (4) in eq. (2) gives
2 T,.-1
Sy, = &Gyt LL) (5)

Since L, is non-unitary, unlike the Karhunen-Loeve transformation,

_QL is not diagonal, Therefore, the total number of opera-

tions using the L transformation requires 2[(N2/2)-N] + N2 operations,
which is still less than the number of multiplications required using the
Karhunen-Loeve transform. However, it is more than that required for
direct Wiener filtering. Table I summarizes the number of multiplications
required for Wiener filtering of a vector of N components for various trans-
formations. For Markov processes, the lower-triangular transformation
is used to design a suboptimal Wiener filter that reduces the number of
multiplications significantly. This is possible since the L matrix for a
Markov process is banded. This result will be demonstrated for a first-
order Markov process; extension to an mth order Markov process is straight-

forward.
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When X, i=1l,..., Nis a first- order Markov process, operator L

is lower-triangular, banded with one off-diagonal band, i.e.,

1 0 0 0 0 ... O]
"01 1 0 0 0 s e 0 0
0 -0,1 1 0 0 oo 0 0
L = 0 0 o 1 0 eee 0 (6)
-0 0 0 0 s 00 -% 1

Transformations by L and E-l are accomplished recursively as shown

on figure 1 each using N multiplications. This also implies that QLTis a

banded matrix of one off-diagonal band which in turn implies that. QLI

is a banded matrix of one off-diagonal band.

Filtering L. S by G is equivalent of solving the matrix equation

L

G_Y = (LS) (7)

for the estimated transformed signal Y. An exact solution to eq. (7) for

known QLI ‘requires N2 operations, but if (_}L"l is positive definite and posseses
only m off-diagonal bands it is shown that eq. (7) can be solved using only
2(m+1) N multiplications [3]. Matrix G& '

definite matrix if QY in eq. (5) is approximated as

can be approximated by a positive

~ 2
Cy % (-a])I (8)

For a first order Markov process this approximation corresponds to
changing only the first element of QY from unity to (l-alz) which in turn
corresponds to ignoring the transient state of the process. Naturally the
effect of the approximation reduces as N increases or as a (correlation

of adjacent elements in the process) decreases. Figure 2 shows the effect
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Figure 4.6-1. Wiener filtering of a first order Markov Process
using lower-triangular transformation.

Table I

Wiener Filtering Computation Requirements for

Various Transformations

Number of

Transform Multiplication Operations
Identity N2
Karhunen-Loeve ZNZ + N
Fourier/Hadamard N° + 2N log, N
Lower-Triangular 2N2-2N
Lower-Triangular for m-th

order Markov ""suboptimal 2(2m+1)
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of this approximation on the theoretical value of the estimation error for
various values of a, and the signal to noise ratios for a first order Markov
process, The effect of this approximation will be more pronounced for
higher order Markov processes. However, the required number of com-
putations for this suboptimal Wiener filtering is 2(2m+1)N for an mth order

Markov process which is even smaller than the number of operations needed

for Kalman filtering of the same signal.
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4.7 Color Image Restoration by Linear Estimation Methods
Clanton E. Mancill

Trichromatic color sensing systems, such as color film or a color
television camera, reduce the spectral intensity C()) at an image point to a

triple of numbers (xl,x x3) through a set of three integral equations of

2’
the form

A
x, = fU CS, (Ndx i=1,2,3 (1)

M

The Si(l) functions are the spectral sensitivity functions of the three color
sensors, The colorimetric model of human color vision describes the sensa-
tion obtained by observing the color C()\) in terms of three numbers (ti’ tz, t3),

called tristimulus values, which are given by the set of equations
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Ay

t. =/ C() T,(\) ax fori=1,2,3 (2)

e3

The color matching functions Ti()J describe the spectral response of the
human eye under the colorimetric model. Since the Ti()\) functions can
rarely be expressed as linear weighted sums of Si(l), the tristimulus
values ti cannot be determined exactly by observing the sensor outputs x.

Linear Tristimulus Estimation The purpose of the work described

in this section is to estimate the tristimulus values of a color after obser-
ving the sensor outputs. The approach used is to discretize the linear in-
tegral eqs. (1) and (2) and then to solve the resulting matrix equations for

an estimate of the tristimulus values using several well known linear esti-

mation methods. The matrix equations corresponding to eqs. (1) and (2) are

I
"

cte (3)
(4)

I3 I
[Ie}

t_ =

where the 3 X nmatrices S and T are the discretized sensor and color match-
ing functions (including quadrature formulas for numerical integration over
n mesh points), t,x, and € are 3 X1 vectors corresponding to tristimulus
values, sensor outputs, and observation errors, respectively, and c is the
nx1 vector representing the color C(). The matrices Sand T are known,
the vectors ¢ and £ are unknown, the vector x is observed, and t is to be
estimated.

Estimation Methods The linear estimation methods which have

been considered thus far are enumerated below.

(1) Least Squares Estimate: The rows of the color matching matrix
T can be approximated (in the least squares sense) by a weighted sum of the
rows of the sensor matrix S. If the norm in n-space is chosen to be the

Euclidean distance norm,

(5)
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then the least squares tristimulus estimate is given by

tg=TS (88) x (6)

This estimate neglects the observation noise and is, strictly speaking, a
deterministic solution.

2. Minimum Norm Estimate: Another deterministic solution is pro-
vided when the equation x = S c is solved for ¢ under a linear constraint.
Since the equation is underdetermined, there are many solutions. The
solution which minimizes a norm of the form

lelly = (¢’ N ¢)

[

(7)

is chosen, where N is a positive definite matrix chosen so that ¢ maximizes
some known a priori property of spectral functions, such as smoothness.
For example, N could be selected so that the solution to x = S c is chosen
which has the smallest average squared second difference. The minimum
norm tristimulus estimate is given by

1T s ntsT) (8)

En=IN

3. Minimum Bias - Minimum Variance Estimate: Assume that the

observation error & has mean and covariance given by
T
E@g = 0 E(ee’) = R_, (9)

An unbiased linear estimator of t or c is not possible since the equation
x =9S¢ is underdetermined. The estimator is restricted to the class of
minimum bias estimators of minimum variance. The resulting tristimulus
estimator is then given by

A T T, -1
lMBMV - I M§ (SM ) x (10)
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where the M-norm ”S “M = (gT M c)

[

is used in the n-dimensional space
and the Euclidean norm is used in three dimensional space. Note that the
estimate does not contain Bee' If Mis replaced by the identity matrix, eq. (10)
becomes eq. (6), the least squares estimate.

The three estimates considered thus far are of the form

=TS x (11)

£ =TI

|

where §+ is a generalized inverse of S,

4. Wiener Estimate: If the color vector c is itself a random vec-
tor whose first two moments are known, then it is possible to derive a
Wiener estimator which gives a solution of eq. (3) that minimizes the ex-

pected squared error
aT .
Q= Elc-H (-8 (12)
The moments of ¢ and the observation error £ are given by

E(e) = u_ Elc-u )e-p) 1= R (3)

E) = 0 El e ] -

The resulting &, when multiplied by T, gives the Wiener tristimulus esti-
mate
N — T -
sR _sT+r ) lx) (14)
—cc—=  =ee’ =

-w -=cCc = cc— -

+
1}
K
=
+
w0
n

Simulation Results The four types of estimates described have been

tested using as inputs a set of ten test colors, These represent spectral dis-
tributions of natural colors (sky, grass, flesh tones, etc.) seen in daylight.
The S matrix represents the layer sensitivities of a common reversal color
film, corrected for lens absorption. The T matrix consists of the color

matching curves of the Uniform Chromaticity Scale (UCS) system. Eighty
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mesh points have been used in the discretization of S(1), T(A), and C(}).
The minimum norm estimate utilized a smoothing matrix N which mini-
mizes the average squared second difference of é. The minimum-bias,
minimum variance estimate contains M = I giving an estimate equivalent

to the least squares estimate. The Wiener estimate utilizes a first

order Markov covariance with an adjacent element correlation of 0. 95,

and assumes a zero observation error. The mean vector_gc has been

set equal to the illumination curve times a constant reflectivity of 0. 3.

The results are shown in Table 1. The chrominance error is the RMS
error distance in uniform chromaticity space averaged over the ten test
colors, and the luminance error is the normalized RMS value averaged over
the ten colors. It is clear that specifying more and more a priori informa-
tion on ¢ improves the estimate of t. Further improvement might be made
by imposing a nonlinear boundedness constraint on ¢, since spectral re-

flectivities must lie between zero and one at all wavelengths.

Type of Estimate Chrominance Error Luminance Error

(ten color RMS average)|(ten color RMS avg,
Least Squares

. 023 . 046
Minimum Bias-Minimum
Va.ria.nce, M-=1
Minimum Norm
(smoothness norm) . 022 .034
[Wiener . 012 . 005
Table 1.

Linear Tristimulus Estimator Luminance and Chrominance Errors
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4.8 Film Recording of Color Images from a Television Monitor
Robert Wallis

The end result of computer image processing is generally a
photographic image. Unfortunately, the gross distortions of grey level
and color information that are inherent in film recording are typically
ignored. The result is often an image which has been processed to a
greater degree by the film than the computer. The goal of this research
is the capability of controlling the photographic process not by chemical
means, but by an appropriate pre-distortion of the image in order to
.neutralize the film's distortions.

Color display .The color monitor is an additive three color device

which generates a spectral distribution given by

3
S\ = X pyP ()
i=1

where Pi(l) i=1,2,3 are the spectral distributions of the red, green, and
blue phosphors and the P, i=1,2,3 are the weights given to each phosphor.
If the nonlinearities of the CRT are accounted for (gamma correction) the
weights in the summation correspond to the drive signals of the monitor.
These weights are often denoted as R, G, and B.

Color film Color film [2] is difficult to analyze for two reasons.
First, it is a subtractive process. That is, it generates colors by blocking
certain wavelengths from white light, whereas an additive system super-
imposes various spectra. The dyes used as subtractive primaries are
cyan, magenta, and yellow. These can be considered notch filters which
reject red, green and blue respectively. The use of red, green, and blue
primaries for a subtractive system would be unfeasible. This is because
red, green, and blue are generated by passing narrow spectral portions of
white light. Thus, if any two such dyes were to be mixed, the resultant dye
would block nearly all wavelengths, since their passbands would not overlap.

A second difficulty is the nonlinear response of the photographic

emulsion to light. The relationship between exposure and the resulting
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optical density is known as the Hurter-Driffeld curve [2] . If the image
intensity at each point of the image to be photographed is predistorted by
the inverse of this curve, the film can be forced to yield a linear response.

Tristimulus values The basis of colorimetry is the three color

theory of human vision, which states that human perception of color is in-
trinsically a three dimensional phenomenon. Specifically, for each spec-
tral distribution S()) color perception can be characterized by three tristi-

mulus values given by
t, = [T, (0s()ar i=12,3

where the Ti()\) are known as color matching functions. The ti are scaled
such that ti =1 for a reference white. In order for two colors to match,

it is sufficient that their tristimulus values match, but it is unnecessary
that their spectral distributions match. This of course presupposes that
the colors are compared under similar circumstances. Tristimulus values
can be transformed into a number of different coordinate systems in order
to facilitate interpretation. One system which has been found useful is the
cube root coordinate system [3], which is described in figure 1. The cube
root color space has the advantage that equal distances in the space very
nearly correspond to equal distances perceptually, Thus, it can be utilized
to judge colorimetric errors between pairs of colors.

Computer simulation of color film Using the model of figure 2, a

simulation of color transparency film has been performed. The hypothetical
inputs are the three individual color monitor phosphors exposed over a wide
range of ''f-stops'', (Each f-stop corresponds to a doubling of the exposure.)
The results are given in figure 3. The loops are the paths in color space that
result as the exposure is incremented in one-half f-stop intervals. In an
attempt to verify the accuracy of the model, red, green and blue fields of

a Conrac color monitor have been photographed using Ektachrome-X film

over a similar range of exposures. The resulting colors of the transparencies
have been measured using a colorimeter. The agreement between theory and
experiment is good, as can be judged from figure 3. It is expected that more

careful modelling will yield even better correlation. Evidently, the exposure
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L=25.29 [(100Y)"*-i8.38]
a =106.0 [(102x)"*-(100Y)"?]
b = 42.34 [(100Y)"*~84.72)"]

where X,Y,Z are the C.I.E. tristimulus values
b

yellow orange

saturation

or chroma
yellow-green

red

green \<

(—white

or neutral
density

magenta

cyan purple

blue blue —purple

the 39 coordinate, L (or lightness), is orthogonal
to both a and b (i.e. comes out of the page)

Figure 4,8-1, Cube root color coordinate system.
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is a parameter of great concern, in that large shifts in hue and saturation
result from even a one-half f-stop change in exposure. For instance, the
red shifts towards orange and the blue shifts towards cyan as exposure is
increased. Another general result is the loss of saturation as compared with
the original color photographed. Note the greater saturation of the original
red, green and blue primaries of figure 3. A simple algorithm providing

a first order correction to this loss of saturation has been developed, It
essentially subtracts white (or neutral density) from each color to be photo-
graphed, but maintains the original luminance. Thus, the loss of saturation
suffered by film recording is somewhat offset by the pre-saturation. The

algorithm is

.241R + .682G +.077 B
kY

e
"

where Y is the luminance of the color and k is a constant which determines
the degree of presaturation desired. The R, G and B are then transformed

as follows

Y
R=J)R-9
Yy .
¢ = GG

Note that the luminance remains invariant, but that the differences between
R, G and B are exaggerated. The algorithm has been tested on an actual
color image, and has been found to result in a marked improvement. An
algorithm providing a colorimetrically exact correction is possible, assuming
the desired color is within the film's gamut of color reproducibility. That is,
given a desired output color, the required input color can be found exactly

by iterative techniques. However, for a large image, the required compu-
tation time would be prohibitive. A compromise algorithm employing look

up tables is being developed which will combine speed and accuracy.
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4.9 Psycho-Visual Pseudo-Color Mapping of Imagery

Werner Frei and Mark Stein

Pseudo-color techniques generally map two-dimensional functions
of space variables into a pre-selected gamut of colors, thus creating arti-
ficially or pseudo-colored images for easier and more efficient information
extraction by human observers. These techniques can be broadly classified
into two categories: (a) mappings of a scalar spatial function such as low-
contrast achromatic images into some fixed arbitrary color scale so that
minute differences of grey in the original image may then appear as easily
recognizable color differences [1]1;(b) mapping of a vector-valued spatial
function into color space. Since the human visual system is able to recog-
nize three attributes of colors more or less independently of each other
(attributes such as brightness, hue and saturation) one can theoretically
map three components of a vector-valued spatial function into three suitably
chosen attributes and instruct the observer that for example, brightness
corresponds to function A, hue to function B and saturation to function C.

It is felt that many pseudo-color techniques often fail to reach
their potential because they are designed with little understanding of the
visual system. Arbitrary color assignments, indeed, tend to introduce
artificial contours and destroy other valuable features creating more confu-
sion than clarification. Careless pseudo-coloring may thus result in pictures
with a mere artistic interest. In this report, these points will be illustrated
by an application of pseudo-color to nuclear medicine imagery.

Comparison of Inhalation and Perfusion Lung Scintigrams Lung

scintigrams or scans are images of the lung obtained by imaging the output

of a Y- ray detector which is placed over a patient who has received an in-

-91- .



ternally administered radio nuclide. In lung scanning, two images are obtained

which reflect the lung blood perfusion and ventilation respectively., An area
that is normally ventilated but not perfused most likely has a blood clot in the
vessels (pulmonary embolus). This distinction is extremely important in
clinical therapeutic decision-making. Since the Y- ray camera is an imaging
system with a low spatial resolution and the images are extremely noisy, the
correspondence determination between the two images is very difficult for
human observers, especially when multiple defects are present on both types
of scintigrams. Identification of this correspondence requires the ability to
determine: (a) degree (severity) of defects; (b) polarity of defects (which
image has the defect;(c) anatomic limits (lung outlines). Viewing the per-
fusion and inhalation scans adjacent to, or superimposed upon one another
results in an inability to extract these three information elements accurately.
The perfusion and inhalation scans, denoted as two functions fp(xl, xz)
and fI(xl, xz) of the same space variables X9 X5 contain combined anatomic
(structural) and defect information. In order to combine the information of

interest into one color image, a field
Y(xl, xz) = kl max [(fp(xl, xz), f (xl, xz) )1+ k2 (1)
which preserves structural information, and a field
8 ryx) = RylE g, 3,) - £, 3,) ] ()

which measures differences in count rates are formed (kl’ kz, k3 are arbi-
trary scaling factors). Next,Y(xl, xz) is mapped into luminance and 6 (xl, xz)
into an axis of complementary colors. In the general case, such an axis

is defined in the CIE chromaticity diagram by a straight line

yzax-!-b (3)

-
1"

ax +b
w

Choosing a zero difference (normal area) to be represented by white,
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1/3), the chromaticity of the displayed pixel is

x(6)

y(9)

"

1/3+86@0+a"

2

1/3+6(1+a2)'

=

o

(Ui

Since the chromaticity coordinates x, y are given by

where X, Y, Z are tristimuli referred to the CIE non-physical primaries

X

T X+Y+2Z

(X), (Y), (Z), one obtains

Y

X =

z

1

x(9
Y y(6)

1- x(5) - y(5)

¥ y(8)

k, max [fp(xl, x,), f (xl, xz)’_l+ k

Y

X+Y+2Z

2

(4)
(5)

(6)
(7)

where x(9), y(8 are given by eqs. (4) and (5). Finally the signals to drive a
color TV monitor are obtained by a change of coordinates in tristimulus

space as given by

P _ - b “"
Rl = o 212 23X

= 1221 222 223l (8)
Bl = L’“31 232 233 |%

A much more computationally economic solution is obtained. by restricting the
choice of complementary colors to an axis passing through one of the receiver
primaries. Considering further the energy limitations of the display pri-
maries, it is found that the most efficient axis is the green-magenta axis,
because the luminous efficiencies of the NTSC primaries give Vg = 0. 585

0.413. The pseudo-color mapping, such that 6§ = 0

andyR+yB = YM ©
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maps into white becomes

= 8+0.5 (9)

and

Y = 0.585G'+ 0.413 M . (10)

where G(xl, xz) and M(xl, xz) = R.(xl, xz) =B(x1, x2)~ are the green, red and blue
signals for a TV display., Letting s

0.5- 6
= . =Ve 6 < .
K 0.5+ 6 for 0.5< 0.5
gives Y (xl’ xz)
Glxy%,) = 5,585 +0.413 (1)
and
M(xl, xz) = kG = R(xl,xz) = B(xl,xz) (12)

With the mapping described, pseudo-color images are obtained where inten-
sity naturally carries outline information, hue indicates the polarity of the
defects, and saturation shows severity, while normal areas appear white.
The constant k2 insures that the intensity does not drop below a level that
would make color discrimination difficult.

Initial studies have shown that the ability of the physician to deter-
mine accurately correspondences in perfusion and ventilation scans can be
greatly enhanced by this single pseudo-colored images as compared to two
separate black-and-white images. In addition this rational use of color
may increase the detectability of defects. Both results have been recognized
in the initial work, but more experience and rigorous psycho-physical testing

will be needed to develop confidence of the medical community in this method.
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5. Image Data Extraction Projects

Image data extraction is a name given to a collection of projects that
are concerned with the detection of features within an image and methods

of measuring these features.

A hybrid optical-digital feature extraction system for images is
described in the first report. The system includes a two dimensional
Fourier transformation stage implemented by optics followed by a diffraction
pattern electronic sensor which supplies digital signals to a computer
processor. The hybrid system can be programmed for edge detection,

texture detection, or to detect a variety of other image features.

In the next report a description is given of an interactive edge trac-
ing device for photographic transparencies. The device consists of an
electro-acoustic sensor that provides coordinate points on an edge contour

which are then formatted for remote computer entry.

The following two reports are concerned with techniques for obtaining
two and three dimensional perspective views of an object from one or two
dimensional density profiles. Methods based upon the Fourier transform,

convolution, algebraic reconstruction, and Kalman filtering are explored.

In the last report 2 method of image boundary estimation is discussed.

Experimental results are given for several test images.

5.1 An Optical-Digital System for Feature Extraction From Images
Richard P. Kruger and Ernest L. Hall

A hybrid approach to image feature extraction is described which
combines the parallel processing capability of a coherent optical system
with the logical processing ability of a computer controlled scanner. A
novel feature of the system is provided through the use of an automated
film transport which permits parallel combinations of optical and digital

processing on local or global areas of an image rather thana cascade of
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sequential optical-digital or digital-optical operations. This system
configuration has been motivated by the desire to combine both digital
and optical processing capabilities in a single system, thus permitting
a convenient switch from one system to the other when desired for a
particular task, For example, the digital system may be used to locate

objects and the optical system to measure properties of the objects.

A block diagram of the hybrid system is shown in Figure 1. At
present a film transparency is loaded into a fixed frame which may be
manually registered in both the optical and digital systems. A future
modification will permit access to the film via the film transport shown
in Figure 2a. The film scanner is an image dissector type as shown in
Figure 2b. The principal components of the optical system are the
sampling sensors shown in Figure 3a and the electronic amplifier unit
shown in Figure 3b. The controlling computer is a PDP 11/10 which
is interfaced via an HP 2100A to an IBM 360/44,

For a practical application of the hybrid system, the transformations
and operations should use the particular device to advantage. For example,
Fourier transformations are easily computed with the coherent optical
system. Nonlinear operations such as threshold computations are easily
performed with the computer controlled scanner. Furthermore, for a
feature extraction system, a large computer storage is not required since
the film is an excellent read only memory and the number of required

measurements is usually small.

In the hybrid system a diffraction pattern sampler is used for the
optical measurements. The Fourier transform of f(x,y) is defined as

F(u,v) = ﬂ' f(x, y)exp{-(uv-l-vy)]dxdy

and the kth measurement, m,, is given by

m = JT lF(u, V) |2dudk

Rk(u, v)
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RECOGNITION SYSTEMS INC.

(b) ring and wedge detector assembly.

Figure 5.1-2. Optical spectrum analyzer and detector.
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(a) optical X-Y transport assembly.

(b) image digitizer.

Figure 5.1-3, Optical transport and digitizer.
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where the regions Rk(u, v) are annular ring or wedge shaped areas in the
spatial frequency domain [1] . These measurements have been found
useful in many applications. By the use of the film transport, any desired

region of the image may be sampled in the above manner.

The digital computation is completely programmable and limited
only by the resolution of the scanning device and speed of the computer.
Typical operations might include a low resolution scan to produce a computer

image, {(i, j), computation of the histogram, h(f) and spatial profiles

®(x)

PIR{LA)
J

P(y) 3 (4, §)
i

which are used to locate a center point (x,y) for the optical measurements.
Another set of digital measurement which are presently used are
spatial moments [2] mpq(f) defined by

m () = [[ =Px%(x, y)dxdy

The moment computation may be normalized to obtain translation or size
invariance. The moments may also be extended to reflect edge structure
of texture patterns. For example, the picture function at any point (§, M)
may be expressed as a Taylor's series about the point (x,y). The first

three terms of this expansion are

df(x,y) , p E(x, y)
0

f(x+E,y+Nn) = f(x,y) + & >y

Therefore, the picture function at the point (§, 1) may be expressed in terms

of the moments
mqEeetE, y4m] = m [f )]+ Em )14 Am TE (9]

The operations which combine the optical and digital measurements
appear to be highly application dependent and will be studied for particular

applications,
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A current application of this hybrid system involves a hybrid
system for automatic screening of chest radiographs to detect the
presence or absence of coal workers black lung disease (pneumoconiosis).
The proposed system incorporates coarse digitization of the entire chest
x-ray film to either automatically reject a film with improper exposure
or detect and measure gross anatomical features in the film. In addition
aperture centers in all six lung zones are computed for transmission to

the computer controlled film transport.

Figure 4 depicts the output of this first digital process. Shown are
least squares polynomial estimates of the lung outlines, rectangular estimates
of the six lung zones, and simulated aperture centers for each zone. The
second stage of processing will involve the movement of the film transport
to each of the aperture centers, measurement of their respective spectral
content and conservative initial diagnostic classification. If the film is
classified normal in all zones, it will be removed from the system. If
this conservative initial classification indicates a possible abnormal situation,
the random access capability of the digital scanner will be used to raster
scan the suspicous rectangular zones at high resolution. This third stage
of processing will involve the computation of textural measures obtained
within the boundaries of the interpolated least square estimates of lung
zones in question., These textural measures will be used to obtain a
second diagnostic classification. This final decision will either place the

film into the normal group or place it in one or several disease classes.

This flexible hybrid approach allows for processing economy at each
stage of analysis. In general use of the film as a read only memory, different
optical detectors, random access digital scanning and a computer controlled
film transport will provide a flexible laboratory tool for image analysis and
data extraction,
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Lung outline and optical aperture centers.

Figure 5,1-4,
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5.2 A Terminal/Timeshare Based Device for Interactive Boundary
Tracing and Analysis

Richard P. Kruger

The ability to input graphic information such as image boundary
information and strip chart data in digital form into 2 computer for analysis
can be approached in many ways. The specific facility to be described here is
particularly applicable in circumstances which preclude the use of a local
minicomputer system, and where it is desired to share a common program

library with several remote users.

A system with these general attributes has been installed at the USC-
LA County Medical Center and connected to the USC main campus computer
via standard dial up telephone lines. The library consists of Fortran language
programs accessed under IBM time share option for analysis of various
aspects of left ventricular heart function. The system configuration for
data collection is shown in Figure 1. The digital input device consists of

a graf pen digitizing tablet.

The Graf-Pen graphic tablet digitizer utilizes acoustic ranging to
digitally measure the position of a stylus on the surface of the tablet. The
measurement is performed by measuring the time required for sound to
travel from a spark sound source on the tip of the stylus to a pair of linear
microphones located along two axes of the tablet. This time measurement
is translated into a number between zero and 1999 for each axis, effectively

dividing the tablet into a matrix of 2000 x 2000 points.

The four digit binary-coded decimal numbers generated by the Graf-
Pen for each data point are converted to a sequence of characters suitable
for transmission to a computer terminal or teletype unit by a data converter.
This data converter, in addition to performing the parallel to serial data
conversion, inserts control characters into the data string to make it

compatable with a computer.
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Figure 5.2-1, Data acquisition and processing system.
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In the present installation, data generated by the Graf Pen is passed
from the data converter to a Novar computer terminal which is equipped with
a cartridge data tape recorder. This tape recorder is used as a data buffer
to hold pen data until it is required by a computer program and to provide
for maximally efficient transmission of data to the computer during program
execution., The sporadic manner in which time-shared computers schedule
program execution makes such a buffer a necessity. During the execution
the operation of the tape recorder is controlled automatically by the computer

making manual intervention unnecessary.

Data transfer rates for the graphic data terminal are determined by
the rate limitations of the computer terminal and the computer's input equip-
ment, Since the existing equipment is limited to no more than 30 characters
per second, the data acquisition and transfer rate is limited to approximately
two X-Y coordinate pairs per second. During digitization operations the
digitizer can be set to acquire data only when the operator indicates a

desired point by pressing on the data stylus,

In operation a stop motion movie projector image of the dye filled
left ventricle is projected onto the graf pen surface where the operator
digitizes 30 to 50 perimeter points obtained from 2 to 60 frames of
cine-film per patient, This boundary information as well as digitized
strip chart recording of a simultaneously recorded pressure versus time

curve is stored on cassette tape for transmission.,

At this point the IBM time share option is accessed with resident
programs to accept, analyze the data and return a report to the operator.
The programs initially interact with the operator in a question and answer
mode followed by computation and return of 20 quantitative indices of
ventricular function. In addition, a high resolution (30 characters per inch)
plot routine returns a plot of the end diastole (full expansion and end systole

(full contraction) boundary trace (see Figure 2) as well as volume vs time,
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pressure vs volume, and force vs length plots where applicable., This

information then becomes part of the permanent patient record.

This interactive terminal based device has significantly reduced the
time to complete such an analysis to the point of practical cost-effectiveness.
The modest cost of such a system will allow many remote users to have ac-
cess to a large general purpose computer where they can use as well as
augment existing ventricular analysis programs for use by the user
community. This concept has the potential for encouraging resource

sharing within its limited scope.

5.3 Reconstruction of Three-Dimensional Object Arrays From Their
Projections

Alexander A, Sawchuk and Ernest L. Hall

A problem of some interest in image processing concerns the re-
construction of arrays of data from projection measurements having a lower
spatial dimensionality. Typically, the objective is to reconstruct three-
dimensional object arrays from two-dimensional projections, or to
reconstruct two-dimensional object arrays from one-dimensional projec-
tions. The technique has applications in a wide variety of areas, not all
of which are traditionally connected with image processing. Some of these
application areas include: radiography, or X-ray imaging [1, 27; nuclear
scintillation imaging [3]; electron microscopy [4]; electromagnetic and
pressure wave field mapping such as in radar, radioastronomy and sonar [5];
measurement of volume refractive index and temperature profiles [6]; and

multidimensional picture representation and coding [7]

A large number of different techniques have been proposed for
accomplishing image reconstruction. In its most general form, the M-
dimensional projection vector g is obtained by a linear combination of the

N-dimensional orginal object vector f as expressed by

g=HE (1)
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where H is an M x N matrix. All reconstruction algorithms attempt to
produce an estimate _f“_ of the true f. There are many obvious similarities

to the image restoration problem, and the special nature of reconstruction
has led to several general approaches: Fourier transform [1, 4], convolution
(5,87, and algebraic [2]. No one approach has been found superior to the
others, and extensive analytical comparison is difficult. Other problems,
such as measurement noise in taking the data according to eq. (1), and
imperfect knowledge of H also led to different tradeoffs between techniques.
Noise is utlimately the most significant problem in image processing, and

very few reconstruction methods really consider it adequately.

The Fourier transform method of reconstructions is one of the simplest
techniques although it requires that projection data be taken in a full 180°
around the object to be imaged. The method relies on the fact that the Fourier
transform of a two-dimensional projection of a three-dimensional trans-
form of the object. Ifi(xl,xz,x?’) represents the object, the thr.ee-dimensiopal
Fourier transform is given by

Fif),f,,1,) = :[I]“ i(xl,xz,x3)exp[-2ﬂj(f1xl + %, + £,%,)]dx dx,dx, (2)

and the central section of the transform is

.
F(f),£,,0) = ‘-Iy'i(xl,xz,x3)exp[-2ﬂj(f1_xl + fzxz)] dx,dx,dx, (3)
After performing the integration with respect to X, in eq. (3) and identifying
-}
£0xpnx,) = [ £(xp,x,,x,)dx, (4)

as the projection on the X, -X, axes and E(fl, fz,

three-dimensional transform can be built up plane by plane using the trans-

0) as its transform, the full

forms of different projection views of the object. It can be shown that a

coordinate system (sl’ SZ) rotated, as shown in figure la, by 0 with respect
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to (xl,xz) moves in exactly the same manner as the rotated Fourier
transform space (|.11,l-12)‘. Thus, projections are taken at different 0
orientations, transformed, and inserted into the two-dimensional transform
Plane shown in figure 1b, The entire transform of the object can be built

up plane-by-plane by this method. Since only a finite number of projections
are available, some interpolation in the transform space is required.
Several methods including pulse approximation, linear interpolation,
Fourier series interpolation, and sinc.function expansion for band and
space-limited objects are being considered, and tradeoffs and relative
accuracies are under study. Related to this are problems of appropriate
sampling rate and projection density for adequate reconstruction as a
function of object parameters, Although the Fourier transform method
needs 180° of data, it is relatively easy to implement and gives some of

the best quality results with relatively low required computation when the

projection data is not too noisy.

The second major reconstruction technique is known as the convolu-
tion method [5, 8] and operates entirely in the spatial domain without the
use of any transforms. Denoting the desired object to be reconstructed in
polar coordinates by f(r, 8), then a forward Fourier transform relationship

to transform F(R, ®) is

21 ® . )
F(R,8) = [ J(')f(r,e)e j2TR cos(0-2) ; qq (5)
0
with reverse transform
21 o ' 0-
ir,0 = [ | FR,$eTFTReoONpqpas, (6)
o ‘0

Equation (6) can also be expressed as

A
f(r, 0) = f[z IR [F(R, 8)e 2R c08(8-9) 4 45 (7)
A

2
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b) Assembly of Fourier transform

Figure 5.3-1, Geometry for Fourier transform technique.
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where the finite limits —%,

N =

on R represent the bandlimited nature of

F(R, ). Equation (7) is the basis for the technique.

The method begins by first measuring projections g4, &) as a function
of the variable £ at angle $ as shown in figure 2a, This can be expressed as

an inverse transform

NI

git,8) = [ FR,8)et 2™

A
2

dR (8)

in a2 frequency space identical to that shown in figure 1b. The second step
is to linearly filter g, ?) with a space-invariant impulse response h§ “)

given by

N5

j2TTRA
hy) = [ Irle’ dR

(9)

N |-

to produce g'(¥, 3) éccording to the convolution relationship
g'¢,?) = gi,¥)+h () (10)

This operation is known as ''rho-filtering' due to the radial spatial frequency
amplification of eq. (9) shown in figure 2b. By the convolution theory of

transform theory, eq. (10) is the same as

A
2 j2TIRA
g'¢,?) = [, |IRIFR, 8’ ar. (11)
The final step is to use g'(¥, #) and compute
" .
£(r,0) = [ g'(r cos(0-2), 8)dd (12)
0
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b) Rho filter for convolution restoration

Figure 5,3-2, Geometry for convolution techniques.,
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to give the object density f(r, ). Substituting eq. (11) into eq. (12) gives
the identity of eq. (7) and proves the method. In a discrete sampled-data

format the operations of eq. (10) and eq. (12) becomes

g'(na,f) = a Z g(ma, 8)h((m-n)a) (13)
s
and
. N
f(r,8) = f(r , k&) = tz_; g'lir, cos(kd -6 ),t0 ] (14)

AJ

respectively. Other alternative techniques may involve reversing the order

of the operations of eqs. (10) and (12), or combining them with part of the

data taking operation of eq. (8)., As with the transform method, the discrete
nature of the computer implementation requires interpolation, sampling, and
numerical integration; work is underway to study the best method of performing
these tasks. Some study of the effects of noise is also being considered for
this system, ahd improvements to the inverse filtering operation in the rho

filter are possible.

The third reconstruction technique may be called the algebraic approach.
The problem is illustrated in figure 3 and may be formulated in the following

manner. Define a linear set of projection equations

Hf =g

where

T

(£, f £ ) N = nXn

£ 1? 2:°-°,N

T

.g - (gl,gz’-o.,gN,gN-l-z,ooo,gzN’o-.,g2N+2,gzN,uoch)
with K= M - (ma-l) linearly independent projection equations, and His a K XN
matrix depending only upon the geometry. These equations are exactly similar
in form to the restoration equation and only differ by construction. Some of

the possible solution constraints include:
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Algebraic reconstruction geometry.
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a) Minimum Energy

7, (£)

"
|+n
L

b) Smoothness

I
H
Q
Fh

3 (£)

c) Minimum mean square error. Given a measurement with noise

Solutions may easily be developed for these minimization problems.

For example, one may minimize

subject to the constraint

which gives
~ - 1 -
£=-2lHg+a0)'H T g

Similarly, one may minimize

1% +asTce + £ ¢

J¢€) = llz-HE

subject to the noise measurement constraint which gives

-1 T

TH+ac] T H'z

i=[1+H
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The inverses in these equations may be shown to exist by construction of

F and C.

Thus, the algebraic approach is characterized by the solution of a
large set of linear equations. For example in the EMI scanner [9] the un-
known image is reconstructed on an 80 x 80 grid which gives a 6400 equiva-
lent vector dimension. Also m_ = 180 projection angles are used with mp =
160 points per projection angle., Thus, K is approximately 28,000, The
previous solutions for g if directly solved would require inverting 6400 X

6400 matrices.

The large amount of computations involved motivate two avenues of
continued study. The first involves the use of iterative solutions of the large
set of equations., The second involves studying the structure of the H matrix

so that efficient computational algorithms may be developed.

Certain structures in the H matrix are obvious. For example, suppose
the coefficient values are selected proportional to the intersection area of a
given ray and the elemental unknown area as shown in figure 4. Then assum-
ing either one or two rays intersect each elemental area there are only 18
possible intersection areas as shown in figure la, Thus, although the inter-
section areas changes for each projection angle, the formulas for the com-

putation are identical,
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5.4 Application of Kalman Filtering to the Reconstruction of Images from
Noisy Projections

Firouz Naderi, Ali Habibi

A digital monochromatic image can be modeled by a two dimensional
array x(i,j)i,j=1,...,N where x(i, j) denotes the magnitude of the gray
level at point (i, j). Then a one dimensional projection of the N XN image
in direction 6 is defined as an N vector Xe where each component of Yy is
the sum of the elements of the image along a line making an angle 6 with a
fixed reference axis, Figure l shows examples of two such projections for

0= 90 and 45 degrees, Note that for the 6= 900 projection

2 N ]T (1)

1
1900 = {Y90°’ Ygoo,aoo’ygoo

where .
i N
Ygo = 2gx(hrd) (@)
J:
2
Now, let x be an N vector defined as
T
x = [x(1,1),x(1,2),...,%(1,N),%(2,1),...x(N,N)] (3)
A one dimensional projection of an image can now be written as

Y, = Cox | (4)
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Figure 5.4-1, Examples of one dimensional projections of an image.
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2
Where the N by N matrix C_ is called the projection matrix at angle 6.

0
For the example of figure 1 when 6= 90° matrix Cyis

1 1 o 00 1 0 0 00 0 ® 0 00 00006060 060 00000000000 °55 00 0
0 0 LI ) 0 1 1 LRI ) 1 o 0 LI ) O LI ) 0
C — o 0 o e e 0 LR 0 1 1 e 00 1 0 LB 4 0
_900_ L . [ .
0 o LU ) 0 1 1 LI ) 1

Given a finite number of projections Yg ,... » Yo and the corresponding
projection matrices Cg reee yCp it is Jesired to reconstruct the image,

i, e. to determine the lNZ elements x(i, j), i,j=1,...,N., This problem
can be viewed as an attempt to solve a set of N X L. algebfaic equations with
Nz unknowns. In most cases the number of linearly independent equations
available is not equal to NZ; therefore obtaining a unique solution requires
forming a meaningful criterion and solving the equations based on this

additional constraint,

Another approach discussed below is to model the image as a two
dimensional random process, and use some a priori statistical knowledge

of the process to obtain an estimate of the image.

Reconstruction of Images Using Kalman Filtering The approach here
is to derive a linear dynamic model to represent the imaging system, and
then use linear estimation theory to obtain an estimate of the image which
is optimal using mean square error criterion. Let Y(1),..., Y(L) be L one

dimensional projections of the image at different angles. As a result of
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faulty measurement, Y(1),...,Y(L) are not the true projections, but contain
some noise. Let this noise be an additive white noise denoted by the N
element vector n(k) where n(k) is the noise corresponding to projection

Y(k). Then

Y(k) = C(k)x + n(k) (6)

where E[n(k)  n(j)]= Lo(k-j).

Clearly since all the projections correspond to the same fixed image,

the dynamic equations representing the system are
x(k+l) = x(k) (7a)
Y (k) = C(k)x(k) + n(k) (7b)
Given projections Y(1),...,Y (L) it is desired to find a linear estimate of x

such that the mean square error is minimum.

The recursive solution to the above is the well known Kalman estimator.
Denoting by X(k+1) the estimate of the image obtained after observing the

projections Y(1), ..., Y(k) one obtains

R(kt1) = [L - FRCHK] &K + ERY (k) (8)
where
T T -1
Fk) = PR ICmICKPEK G + LI] 9)
and
Pk) = E{{x(k) - 2007 [x(x) - &1)77) (10)

The term P(k) is the covariance of the error after k iterations and has the

recursive form

Pk+l) = [I - EKIC(K)]P(K) (11)

Equations (8), (9) and (11) provide a recursive method of finding the estimate
of the image. However along with this equation initial conditions for X(k)

and for P(k) are needed.
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A reasonable value for the initial conditions are [2]
x(0) = E(x)

P0) = E[x - E®][x - E®)]"

Some aspects of this approach are intriguing enough to warrant more
investigation of this method. For example:

1) The error covariance equation (eq, 11) is asymptotically stable.
Given that projection matrices, C(k), are known for various angles, the
error covariance can be calculated for all k'before any projection data is
actually available. This suggests that it might be possible to decide how
many projections are necessary to achieve a certain fidelity.

2) The error covariance depends on the projection matrices which
in turn depend on the angle of projection. It might be possible then to decide
the angles of projections more judiciously by proper evaluation of the error

covariance,

At the present the biggest disadvantage of the method is the excessive
computations which are required because of using large matrices. However
this method has distinct advantages over other methods that are used for
reconstructing images from noisy projections. Namely, it is iterative and
provides a measure for the error and is based on an established estimation
theory procedure.
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5.5 Boundary Estimation of Statistical Objects in Noise

Nasser E. Nahi and Mohammad Jahanshahi

The problem considered is determination of the boundary of an object

in noise. Standard boundary detection techniques, in general, utilize some

-122-



form of differencing or differentiation, [1] . These methods, however, are
sensitive to noise. Various extensions of these techniques appear in (21,

[3] . They are mainly effective for high signal to noise ratio images.

The images considered in this work can be partitioned into two
regions: background and foreground. The foreground is assumed to form

a horizontally convex set in the plane.

Definition: A set E CRz is said to be horizontally convex if given

x= (xl,xz)eE, y= (yl,yz)eE with X, # Yy and x_ = Yoo then

2
wx + (1-w)yeE, where 0 <w <1,
Example: Sets E1 and EZ’ in figure 1, are horizontally convex.

Set E3 is not.

An object of interest whose intensity levels dominate those of the
background will always be assumed to exist in the image. This object

forms the foreground.

Problem Statement Assuming

1. An image consisting of a background and a horizontally convex
object is given;
2, The image is represented by b(z, n)['(z, n), where b(z,n) is a
random process representing grey levels within the object, and
{ 1 when (z,n) is a point in the object,
T'(z,n) =

0 when (z,n) is a point in the background;

3. The process b(z, n) is characterized in a statistical sense, in
terms of its first and second order moments;
4. The operator I'(z, n) defined the object boundary;

5. The observables
y(z,n) = b(z,n)[(z,n) + v(z,n),

where v(z,n) represents the observation noise with known first

and second order statistics, are given.

The goal is to find an estimate of the object boundary.
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Figure 5.5-1.

Examples of convex sets.
Sets E1 and E2 are horizontally convex.
Set E3 is not.
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A Solution Method The image, as stated, is characterized by a two

dimensional random process. Since the solution of the proposed method

will utilize conventional digital computers with litter or no parallel-computa-
tion capabilities, an image scanner is employed., Therefore, the problem is
restated as the following: Assuming

1, The observation
y(t) = s{E)A(t) + v(t) for 0 St < T!

is given, where s(t) denotes the output of a line scanner, represent-

ing the grey level of the image at time t, and where

™2
M) = D ult-a,) - ult-c,)
£Z=m
1
with
m, = first line of the image containing the object;
m, = last line of the image containing the object;
a, = start of the object in line £;
c, = end of the object in line £;
u(-) = step function;
and
v(t) = process representing the inaccuracies

introduced by the scanner or any other
phenomenon distorting the image.

+1,...,m,, is Markov.

2, The sequence x = (az,cz), 4= m,,m, 5

3. The density function f(xz l:(z_l) is Gaussian.

denoted by 2, and

3 3 S
Find the M, A, P, estimates of az and cz, m, <4 m,, g

E‘c » respectively, and determine the values of m, and m,.

A recursive solution to the above problem has been obtained. Figure

2 contains two examples showing the feasibility of the boundary estimation

technique. Further investigations are in progress as to the refinement of

some of the theoretical aspects of the problem.
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(a) original diamond {b) original square

(d) noisy square

(e) boundary estimate (f) boundary estimate

Figure 5.5-2, Boundary estimation examples.
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6. Image Analysis Projects

The image analysis projects ‘are concerned with the background
technology necessary to effectively design image coding, restortion,
enhancement, and data extraction systems. Of particular interest are
models of the human visual system for monochrome and color images,
and the development of quantitative measures of image fidelity and

intelligibility.

The following project traces the development of a model of human
color vision. This model has been found to accurately predict known

visual phenomena such as spatial color contrast and color blindness.

6.1 A New Model of Color Vision and Some Practical Implications

Werner Frei

Color image coding and processing techniques usually operate on
three scalar functions of some space variables such as red, green and
blue color separations. Under the laws of colorimetry, these scalars
called tristimulus values represent light energy quantities and the operations
defined on them by.color matching experiments conveniently satisfy the
requirements of linear mappings: for example, the additive mixture of
two arbitrary colors is mapped into the sum of their respective tristimulus

values,

In terms of the human observer, however, colorimetric color repre-
sentations have serious disadvantages, because the tristimuli are not
representative of the physiological response evoqued in the human visual
system. It has been shown that the visual response is a highly nonlinear
function of the energetic tristimulus quantities. Tristimulus spaces are
therefore not euclidean, and unfortunately, ordinary superposition of
tristimuli does not entail superposition of responses. For example, if

the tristimulus values of a color are doubled, one does not obtain a color
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that appears twice as bright, twice as saturated, etc, This remark applies
of course to spatial arrangements of colored stimuli so that visual modula-
tion transfer functions are, strictly speaking, not defined in tristimulus

space.

It is therefore no surprise that distortion measures such as mean
square error, or visual modulation transfer functions, etc. are of little

relevance to the observer of a picture processed under that kind of criterion.

In view of these difficulties, the simple visual model developed here
has a variety of practical implications in image processing and possibly in
vision research. It is shown that its structure enables one to define an alge-
braic system in tristimulus space with a generalized superposition consis-

tent with known perceptual phenomena.

As a result, one can define error measures in a euclidian domain
that is a linear vector mapping of tristimulus space, given a particular
set of basis vectors. This gives analytical convenience in the design and

evaluation of coding and processing techniques,

On the other hand, with superposition defined, visual MTF can be
defined and it can be shown that spatial color contrast phenomena such as
simultaneous color contrast, color shadows, color mach bands, etc., can

be modeled by linear spatial filters,

Superposition is also expected to enhance the effectiveness of pseudo-
color techniques. Since the visual system is able to recognize more or
less independently three attributes of colors (such as brightness, hue and
saturation), pseudo-color techniques attempt to display multiple functions
(at most three) of the space variables as a single composite color picture.
If the observer is expected to be able to recognize the individual functions
in the pseudo-color image, it is quite evident that the functions of interest

must be mapped into color space in accordance with subjective superposition.
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The visual model discussed here provides a tool to design precisely that
kind of mapping, and, in addition, it predicts the spatial resolution to be

expected for each function mapped into color space.

Visual Model Figure 1 shows a block diagram of the model. The

basic ideas and the physiological evidence justifying its structure have

been discussed in a previous report [1]. In brief, the first stage converts
the input spectral energy distirbution of light C(\) (a function of the space
variables x and y) into a tristimulus vector t = t(x, y) whose three components
represent the respective amounts of light energy absorbed by three types of

photo-receptors (Young-Helmholm theory):

T

t - [tlit2’t3] ti - ti(x’ Y)
My

t, = IA C(M)t, (\)dA i=1,2,3
L

where ti()\) is the spectral absorbtion function of the i-th type of receptor.
The second stage of the model represents the conversion of absorbed
energies to neural signals, according to an approximate logarithmic
relationship (Weber-Fechner type of response), The components of the
resulting vector t* are: log tl’ log 1:2, log t3 (the superscript star denotes
the logarithmic domain). The last stage of the model contains a matrix of

spatial filters with transfer function

L

H1 0 0
Sepe e ky ¥ & o oppkopa ok sk
H*(ju¥, jv¥) = H, H, 0 HiJ. Hij(Ju » Jv7)
B3 %
-H3 0 H3

where u¥, v* are spatial frequencies in the logarithmic domain. This
stage simultaneously represents two phenomena:

() linear differences (inhibitions) between the outputs of the two types of
receptors (demonstrated in the retinas of monkeys by deValois [2]). These
differences are represented by equal terms of opposite sign within a row of

H*. They can be seen to generate two ' perceptual' chromatic signals by
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observing that

%
t,\H

* o_ i * - +¥) = 2) 2
H?'(t2 tl) -1og(t)

g =

2 /o
t, \H*

I 3) 3

g3 = Hiltz -t]) = log (tl)

Under the assumption of exact logarithmic receptor responses, g;‘ and g;"
are functions of the ratios of pairs of tristimulus values, e.g. chromatic
quantities independent of the absolute light intensity. (This approximation
is not valid at very low or very high intensities, but quite acceptable within
most of the range of interest., The intensity is represented by

%*
H
* _ 1
gl - log(tl)

(b) The matrix H* also represents weighted linear summations between
the outputs of spatially distributed like receptors. Assuming shift-invariance,

suppose that each summation output g*(xi, yj) is related to the outputs of the

receptor array t*(xk, V,e) by the sum

5 - %k %k - -
g*(x;, v5) ; ;t R LR A )

where h*(x, y) denotes the impulse response matrix in the logarithmic

domain. Taking the discrete two-dimensional Fourier transform, gives

3

* _ gl % Hope o s
g (xy) =7 (j};;J[tj (X,Y)]Hij(Ju".JV“)

(Note: the shorthand notation g:" =, H:Jt; is used instead of the above
expression,) Letting tl(k) be equal to the luminous efficiency function

V)\, and considering the scalar expression for gl*, a familiar model of

achromatic vision

s -1 oo ..
gl(x’ Y) = J (J[].Og I(x, Y)-‘H (_]U*,JV*))
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is obtained [3] This model has been successfully used to predict various
visual phenomena such as Mach bands, simultaneous contrast, etc.,, as

well as for image coding and processing [4]

Spatial Color Contrast Phenomena Examination will now be directed

toward the mechanisms by which chromatic contrast effects such as color
shadows, etc., can be represented by the model. Suppose that a small test
spot with tristimulus values tys tz,t3 is viewed against a colored background

with values t Assuming total lateral inhibition, e.g. mutual

10" %20 *30°
subtractions of the outputs from neighboring receptors, the apparent
chromatic quantities g*!, g;“ and g*'z, g¥! of the test color and background

2 0 03
respectively, become
(tz t10)
= log P
1 20

!
-
(%}

o0Q

o
W 3
1}
—
Q
o
- Iu N
o+ [
W o
g
v

*1
g2

l'flrh
ot
N
]
[y
O
o
o
et
- 1IN
OIO
S——
I

o
(3]
o
If‘?‘
et
v
"
(=}

gx ~ log
20 10 tZO A
¢ ¢ = White
*1 1 30 10 =
E3p ™ OB\t ¢t =0
10 30

In other words, the background appears to be white, while the test color
is shifted towards a color complementary to that of the background. The
same apparent chromaticities are predicted by the model if one assumes
that the responses of the photo-receptors are decreased in proportion to
the average energies absorbed (bleaching). The new tristimuli are

t
o=
LT

And the apparent chromatic quantities become
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[l

1l

1og 2 510
2\t t20

g*l - log (t_3. tl_o)
3 t1 t30

The apparent chromatic shifts predicted correspond to the vonKries
coefficient law regardless of the physiological assumption we make

(inhibition or bleaching).

In practice however, the visual system does not ignore completely
a non-white average sceme chromaticity, particularly at saturated average
chromaticities. Letting lateral inhibition be weighted by a factor k* < 1

the following apparent chromaticities are obtained

t t

gi' = log (t—z) - kf log (1:2_0)

1 10
- *
t2 th k1 %*
= ]_Qg 't— t—- kl <1

1 20
Mt ft, \k¥
1 30

Since the influence of various colored areas within the visual
field on each other's corresponding perceptual quantities is a function

of their geometric distance, let k¥, k* be functions of the geometric

1’ 72
distance between the excited receptors and write for each summation output
*
g,(x.,y,) = - KE-x,v.-y,)
27173 = t*(x ) 1Y j L
17k Ve
th(x »Yy)

SIRTIND D) pi

k¥x,-x ,v.-y,)

It is then observed that k*(x, y) is an impulse response, and the color
contrast phenomena can be represented by the spatial filters H;(ju*, jv),

Hj (Ju, jv*)
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afl t, (x,y) .
g, = J | 7| log W HZ(JU"‘,JV“‘)]

5 [ t.(x,y) N
g5 = 7 [I|log m H; (ju*, jv¥)

Figure 2 shows a comparison of measured visual modulation transfer functions.
The question whether the chromatic response is attenuated at very low spatial
frequencies (spatial band-pass response) is subject to controversy. Note

that the measurements of chromatic responses were not made in a logarithmic

domain.

Spectral Sensitivities of the Receptors According to Konig's theory,

color blindness known as dichromatism occurs whenever one of the three
types of photo-receptors is inoperative in some fashion. The theory there-
fore predicts the existence of the three types of dichromats whose color
matches are uniquely determined by two of the three energy absorption

quantities
t. = [ St (A0 i=1,2

Under Konig's assumption, colors with two fixed values ti'tj and arbitrary
value tk should all look alike to the corresponding dichromat. It can be
shown that the chromaticity of such equivalent colors are sets of converging
straight lines in the CIE x-y chromaticity diagram, and that the centers of

convergence are the chromaticities of the respective missing primaries.

Experiments show that there exist indeed three types of dichromats,
called protanopes, deuteranopes and tritanopes and that their color matches

correspond well with the predicted behavior (fig. 3).

Let A be 2 3 X 3 matrix which maps the CIE XYZ tristimulus space

into the model's tristimulus space
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PROTANOPE DEUTERANOPE TRITANOPE
loci of dichromatic color matches

y y \\yv

Figure 6.1-3, Confusion loci for the three types of dichromats in the
CIE x-y chromaticity diagram.
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1 11 12 %13
t, = 2,y 32 23| |Y
ts as; 23, #33] |2

Also let Xy Yy zk,k =1,...3 be the chromaticity coordinates of the
convergence for the protanope, deuteranope and tritanope respectively.
Since xk, Yie? zk are the chromaticities of the unknown primarties, the

following equations can be written to determine A = [a ]

ij
-
1:1 x1 v 0 xz 0 x3
0 z1 0 z2 t3 z3_

Three more equations can then be written by defining an arbitrary reference

white for the model, for which t1=t2=t3=1. Finally, the spectral sensitivity

functions of the receptors are given by

tl(l) Xy
t,M| = [al]y,
ta(\) ;)\

where ;)\ ,;)\, z, are the CIE color matching curves for the standard observer.

Using essentially the method outlined, and rounding Pitts coordinates for the
deuteranopic convergence point from x = 1,08, y = -0.08 to x = 1, 00 and

y = 0.0, Judd obtained the following transformation matrix

0 1 0
.A = “0.460 1. 359 0. 101
0 0 1

The spectral sensitivities of the receptors thus obtained are unimodal

positive functions of the wavelength, as one would except from a physiological

-138-



£

standpoint (fig, 4). Furthermore, one of the receptors exhibits a V)\, or
luminance response, as is required for our model to be considered with
Abney's law of luminance addition. Figure 4 also shows the remarkable
agreement between the measured luminous efficiency functions of the normal
and dichromatic observers, and the luminous efficiencies predicted with

the model,

Uniform Perception Space g* While the visual model has been based

upon physiological evidence, quite a few approximations have been made, It

remains to verify whether the model predicts measured color differences.

First note that g’l" = log luminance is in agreement with Weber's law
of perception for intensities. As far as the chromatic quantities g;‘ and gg
are concerned, consider concentric circles centered at the origin and
straight lines radiating from the origin in the gg, g§ plane, If the model
were perfect, the circles would be loci of constant saturation colors, and
the lines loci of constant hue colors. Figure 5 shows a set of such equi-
distant circles and lines, mapped into the CIE x-y chromaticity diagram.
The agreement with the Munsell equi-distant set is remarkable if scaling

constants ¢ ¢, (to be included in the filter function H* and H:) are introduced

1’ 2
such that
* = ¢, 1o t—z
By T ;08
S |
t
3
* -
g3 © °11°gt1

Assuming that the sensation of brightness is evoked by the total activity of

the three perceptual channels, brightness is then equal to the norm of g%,

|g*| = (g’lk2 + g§Z + g?z)%. The mapped set of circles and lines now repre-
sents equi-brightness geodesics. A remarkable agreement with the geodesics
obtained with Stile's line element is noted [5] Improvements may be expected
by replacing the logarithmic approximation by a more realistic function of

the type AI/K+I. However, the original approximation shall be retained for the

next discussion.
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Generalized Superposition in Tristimulus Space Define two vector

spaces V and W over the field of real numbers reR, with teV, t = (tl’tz’t?,)
and g*eW, g* = (gi‘, g’z‘, gg). Let the components tl’ tz, t3 of t be tristimulus
values with respect to the spectral receptor sensitivities of the model and

some arbitrary reference white, and define the following laws of composition

onV
v
t,otge
tatty = (G atiprtaaton tiatsp)
r r r
rt = (tl,tz,t3)

Next, let the components gf, g;‘, g§ of g* be the perceptual quantities
defined in the model, and let ordinary addition and multiplication by scalars
be the laws of composition on W. Since the three receptor sensitivity curves
selected are positive between )\L’ }\U (the limits of the visible spectrum),
tl,tz,t are always larger or equal to zero. Excluding zero light intensities

3
(which is quite acceptable for practical images) the vector mapping

T: t— g*
defined by the model as

t t
. * * log =  H* log —
Te (tl,tz,t3) — (Hl log 1:1,H2 log t1 ,H3 log tl)

' -1
can easily be shown to be linear, The inverse mapping T ~ is

* % *
- st bS3 s * 1 /H o 1 /H e 1 /H
. -« - -” 1 * as 2 ~ * 3

T : (g),8, 83)— (exp(gl) » €xp(g), 85) » exp(g;, 83)

It is seen that the operations defined on t (which is an element of tristimulus
space, relative to a particular basis determined by the model's receptor
sensitivities) correspond to ordinary addition and multiplication by scalars
of perceptual quantities in the euclidean space W. For example, multiplying

the tristimuli of a color by a scalar
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results in a color which appears r-times as light, r-times as saturated and,
letting brightness be approximately proportional to the norm of g*, a color

r-times as bright as the original color is obtained.

Conclusions Generalized superposition thus defined opens a broad

variety of image coding and processing related problems to analytical
treatment. In particular, homomorphic filtering can be readily applied
to color images, if tristimuli are referred to the basis indicated. The
simple mapping T: t — g* can be used in any real-time environment to
solve the old problem of optimal color quantization. Finally, it is hoped
that the reflections on superposition will help to clarify some of the
controversy on chromatic modulation transfer functions in the visual

system,

References

1, W. Frei, '"Modeling Color Vision for Psychovisual Image Processing, "
USCEE Report 459, pp. 112-122, 1973,

2, de Valois, ""Analysis of Response Patterns of LGN Cells,'" Journal
Optical Society of America, Vol. 56, July 1966, pp. 966-977.

3. T. N, Cornsweet, Visual Perception, Academic Press, New York, 1970.

4, T. G. Stockham, 'Image Processing in the Context of a Visual Model, "
Proc, IEEE, Vol, 60, July 1972, pp. 828-842,

5. G. Wysecky and W, S, Stiles, Color Science, John Wiley and Sons, New
York, 1957,

-143-



7. Image Processing Hardware and Software Projects

The image processing hardware and software projects are devel-
opmental projects supportive of the image processing research.

The first project describes the progress toward the development
of a real time digital image display system for the ARPANET. This
device which is connected to a port on the TIP provides a flicker free
display of digital images transmitted over the network.

In the second report plans are outlined for the construction of a
digital image recording and display system. This system will be capable
of recording real time color television for playback into a digital computer;
and will record computer generated images for real time playback.

The last report is concerned with progress on software development

for image processing and networking.

7.1 Real Time ARPANET Digital Image Display
Toyone Mayeda

The digital color image display for use on the ARPANET is presently
ready for software checkout, The refresh memory integrated circuits were
finally received during February 1974,

A block diagram of the system is shown in Figure 1, and photographs
of the system are shown in Figure 2. The display system specifications
are listed below:

1. Receive asynchronous digital picture information from the

ARPANET TIP with brightness resolution up to 64 levels and
at input rates up to 19. 2K band;

2, Store the received data in an array of up to 256 X 256 six bit

picture values;

3. Display a true 6 bit monochrome image on the monitor;

4, Display a pseudo color image by use of a random access memory

which is addressed by the refresh memory output. The RAM can

be remotely programmed from the TIP or by local switch con-
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(a) processor electronics

(b) total system - RCA color TV, processor electronics
and power supply.

Figure 7.1-2. ARPANET digital image display.
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trol. Over 4096 different color combinations of hue, saturation

and luminance are available for pseudo- coloring.

Design of an 8 bit monochrome digital image display has been

completed and is presently in the wire listing phase (prior to fabrication).

The specifications of this system are:

1.

Receive asynchronous digital picture information from the
ARPANET TIP with brightness resolution up to 256 levels

and at input rates up to 19. 2K baud;

Include a function memory which can be used to translate the

8 bit data words (from the refresh memory) with any desired
transfer curve. The function memory can be remotely pro-
grammed from the TIP or by local switch control;

Display a 256 x 256 eight bit image, or a six or seven bit image
and a one bit graphic overlay.

Use an alphanumeric keyboard to communicate with the
ARPANET TIP and also to generate alphanumeric char-
acters on the display monitor.

Output the monochrome video data and alphanumeric charac-
ters in composite RF format so that it can be displayed on any

TV receiver using its antenna input.

7.2 Real Time Color Image Digital Recorder and Display

Toyone Mayeda

Design has been started on a real time image digital recorder and

display system as shown in Figure 1. The system will initially be designed

to process an eight bit monochrome image, but eventually,. will have the

capability to process a color image using additional tracks of the recorder.

The digital recorder and analog to digital converter have been ordered.

With reference to the digital recorder in Figure 1, the monochrome system

operates in the following four modes:

1'

In the 600 ips record mode, video from the monochrome TV

camera is digitized at approximately 10 MHz by the A/D conver-
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Figure 7.2-1. Real time image digital recorder and display,
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ter and the eight digitized bits are selected. A ninth

channel, which consists of a continuous 16 bit sync

word pattern, is distributed with the eight data channels

and all nine channels are recorded.

2, Inthel 7/8 ips playback mode, the nine. channels are aligned
in the deskew buffer. After the sync words are separated, the
data in the eight remaining channels are transferred to the
controller to be processed.

3. Inthel 7/8 ips record mode, the processed data from the
controller is recorded with the sync word as in mode 1.

4. In the 600 ips playback mode, the nine channels are aligned
and the sync words are separated as in mode 2. The eight
remaining data channels are applied to a D/A converter and

the output video data is displayed on a TV monitor.

7.3 Software Progress Report
James Pepin

In the last six months several important projects have been initiated
by the programming staff. The most visible is a new network timesharing
monitor. The second area of work is the interfacing of the Optronics
scanner and digitizer. A third area of effort has been in the front-end
image processing system design. Finally a PDP-11/10 has been added to
the Image Processing Instite (IPI) hardware. This machine well act as a
front-end to the HP2100, relieving it of some device control functions.

The new network support has many invisible improvements as well
as some that are at once apparant. A password capability has been added
to allow users data integrity. This also will allow more awareness of who
is using the system and what they are doing. Another important feature
added to the monitor is the capability to perform multi-tasking within the
timesharing system itself, This will allow implementation of some compli-
cated network protocals without complex code in each program. The system
also has been made more efficient in its input/output and user swapping

areas. This improvement should be very noticeable in heavy loading situa-
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tions. Other improvements in this area include new and better help files.
A file structure scheme has been implemented that will allow for faster and
easier searches of HELP and other similar data bases. i

In December IPI received an Optronics microdensiton{ifer. This
device has required a large software effort for interfacing to the HP2100.
This microdensitometer has many options that must be implemented by
the computer so that a user can scan or display an image without detailed
knowledge of the control logic.

At the end of January the Institute received a PDP 11/10. This
computer will be used as a device controller to relieve the HP2100 of some
of its controlling duties. As it now stands the 2100 has to handle all the
'bit watching' for the devices in the lab; with the addition of the 11/10 some of
this task can be moved to the 11/10, allowing the 2100 to be free to handle
other tasks. This technique will enable operation of two or more devices
simultaneously.

During the last six months the staff has been participating in several
committees that have as their responsibility the formulation of the needs of
the image processing community on the ARPA net. There have been two
areas of prime interest: software requirements and hardware requirements.
The software area investigation has lead to the conclusion that some sort of
insulation is necessary between the average image processing user and the
large machines on the net. The approach taken is that a software package
should be implemented that will present to the image processing user one
command language. This will allow the user to use any large machine
while only learning the command for image processing. Following this line
of thought it follows that it would be desirable to have an image processing
'front-end'. This would be a computer system that would run this common
language, convert that into the Job Control of the proper machine, and then
send the JCL along with all pictures and other data needed to complete the
user's task., This system could also act as a conferencing tool for image
processors and could be a common collection point for literature in the field.

Various hardware and software approaches have been investigated.
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