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(I.) Introduction

Chief, Teohni cal Information Division

Grant No. AFOSR-81-0170 has an objective which is well-

summarized by the Grant title: "“Feasibility studies of optical

processing for image bandwidth compression schemes." It is the

intent of resaarch sponsored under this Grant to direct investi-

gation into the following issues:

(2)

(b)

(c)

It is the last of these, item (c), which represents the
continuing strategic objective of the efforts being carried on
under Grant No. AFOSR-81-0170. It is important to remember that
the major astention given to image bandwidth compression has

been for methods most conveniently implemented by digital compu-

tions.

formulation of alternative architechtural concepts
for image bandwidth compression, i.e., the formula-
tion of components and scnematic diagrams wnig¢n
differ from conventional digital bandwidth compres-
sion schemes by being implemented by various

optical computation metnods;

simulation of optical processing concepts for image
bandwidth compression, so as to gain insight into
typical performance parameters and elements of system
performance sensitivity;

maturation of optical processing for image band-
width compression until the overall state of optical
methods in image compression becomes equal to that

of d4igital image compression.

As flexible and multipurpose are digital metnods, there

1




may always be operational circumstances, environments, or con-

i
straints where the availability of a different technology s
imgortant. However, with the concentration upon digital compu- '
tations, which has characterized most research on bandwidth -

compression, alternative methods in optics have suffered. Thus,
the purpose of research sponsored under this Grant is to serve
as 3 source of altarnatives for future concepts in bandwidth
compression, so that the environment for compression technology

need not be dominated by one methodology.




(II.) Overview of the Report

The research currently sponsored under Grant No. AFOSR-81-
0770 consists of several distinct and separate activities. The
separate research efforts are unified by a common theme: the
application of optical processing for image bandwidth compres-
sion. Within this common theme, however, the senarate researcn
projects are not completely related to each other. There-
fore, this report is put together, literally, as a number of
independent reports. The separate sections of the report, which
follow this section, are intended to be read separately ana in-
dependently of any other section. Each section nhas its own
references and its own figure labellings, for example.

The separate sections of this report, and the research
problems dealt with in each section, are summarized in the fol-
lowing:

(1) Data compression by multi-spectral staggered sampling,
and data reconstruction by spatial and spectral inter-
polation (see Section (IIIL.}).

{2) 0Data compression by optical tomography, with data
reconstruction by optical convolution and back pro-
jection (see Section (IV.)).

(3) Adaptive data compression by spatial transformations
to create a spatially stationary image (see Section

{v)).

(4) Improvement of the optical data compression method

known as [DPCM (see'Section (vi.)).
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(III.) Multispectral Staggqered Sampling Data Compression l

This section reviews progress on the project to achieve data I
céﬁpression of mu1tispectr§1 imagery by sensor undersampling and
subsequent reconstruction of the original scene utilizing inter- , E
band redundancy of edge information. The technique assumes that ?

features possessing high spatial frequencies are similar in al}

spectral bands of a scene, .

The sampling scheme considered in the present research
consists of bands of a multispectral sensor wnhich are under-
sampled at staggered intervals in a scena. For example, the
spatial arrangement of pixels in an equally-sampled four-band

image, bands I-IV, is:

R T ey ot &
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As shown in Figure 1, the pixels of this mosaic arrangement may

be directly t}ansm1tted (PCM) for moderate data compression, or

may be further encoded (eg. OPCM) for higher compression rates.
At the receiver, DPCM decoding (if needed) is followed by re- --:‘

construction of all pixels in each band. To accomplish this,




RECONSTRUCTION BY SPECTRAL REGRESSION

FWD
MOSAIC
(QPT)
TRANSMITTER
REV ,
L—a  DPCM —
D MOSAIC
INTERPOLATE SPECTRAL
EACH [ ™  RECONSTRUCTION: % & =2&,7
BAND : 1) winDow
2) ESTIMATE
: STATISTICS
3) FORM PREDICTOR N




llIlIlllIlll-llll'--'.'.'-'-..-'-'-.'._“‘ ‘ ) ' | 7

the mosaic data is subsampled for each band in turn; these intra-
band pixels are then spatially interpolated to the size of the '
full mosaic scene to beéome initial estimates in an fterative l
space-variant reconstruction using the spectral correlation be-
tween the bands.’
The iteration scheme for reconstruction proceeds as follows.
In each iteration, the pixels witnin a moving spatial window are
used to calculate statistics needed in predictors of the missing
bands. At eaach window location tne center sampie plus tne ora-
dicted valuas ar2 then writ%an tc ccrrasponding sgatial coordi-
nates in four output images. Tne reconstruction is then either
terminated or the reconstructions are used as approximate images
in another itaration,

[f E is the general band to be estimated, and S, F, G,.

are the other bands sampled within the window, then an estimate

of £E could be formed from a linear prediction of all bands,

AR D I ORI 1T

f.6., E = T+ aaS + BAF + caG + . . ., wheredS = S - S, etc.
A MMSE criterion, such that <(E-§)2> is a minimum, results in the : f

solution for the coupling parameters in terms of local band

variances and spectral covarianceas:
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The band images will be treated as ergodic random processes over
the extent of the estimation window, so that the ensemble aver-
ages are replaced by spatial averages.

Simulations

One-, two-; and three~band predictors have been tested in
the reconstruction of a 256x256-pixel four-band LANDSAT MSS
image. 8ilinear interpolations of each band of the mosaic were
used as initial estimates in the reconstruction. Figure 2 is a
plot of normalized mean-square-arror (NMSE) versus estimator win-
dow size for the second MSS band. The results are in agreement
with two expectad tendencies: larger variance in the statistical
estimates are associated with decreasing window size; and higher-
order predictors exhibit greater sensitivity to these statistical
errors. For comparison, also plotted in Figure 2 are the results
when the original images form the initial estimates. The re-
consturction error increases with window size, refiecting the
increasing nonstationarity within the window. It is seen that
all spectral regressions result in significantly smaller error
than. does bilinear interpolation.

Without direct compression of the mosaic data, spectral
regression racanstruction allows moderate daca compression witn-
out compression hardware at the transmitter. Figure 3 is a
plot of NMSE versus effective bit rate for lst- and 2nd-order
OPCM (using Laplacian quantization) of the LANOSAT image, com-
pared with spectral regression and bilinear interpolation. At
an effective bit rate of 7 bits/pixel <= 4 bands = 1.75 bits/

pixel, spectral regression is numerically comparable in
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accuracy to 2nd-order OPCM.

Further compression gains can be made in combining
simple DPCM of the hosaic array with spectral regression. As I
shown in Figure 4, spectral regression with lst-order mosaic
OPCM is shown to be more accurate at 0.5 bits/pixel than direct
2nd-order DPCM at 1.0 bits/pixel. This is a significant ser-
formance gain.

The relative visual qualities of spectral regressiaon ang %
DPCM are demonstrated in Figures 5 - 3. Figure 5 is 2 ceta‘]

pnotograpn of tne second MSS band original scene. Tae op<imum

an

Ist-order spectral regression over a 3 x 5 window at 1.73 s5its/ |
pixel is shown in Figure 6. By comparison, the 2nd-order JPCM
reconstruction at 2 bits/pixel is given in Figure 7. The

degradation in the regression case is primarily a random pnasing

in the low-contrast regions of the scene; the degradation in the
OPCM case is chiefly granularity noise. Finally, mosaic DPCM
with spectral regression at 0.5 bits/pixel is displayed in
Figure 8.

Current research is examining the effects of scene spatial-
frequency bandwidth and unequal band-sampling-rates on spectral
regrassion performance.

Interim resuylts of this research have been presented at
the 1982 annual meeting of the Optical Society of America; a
paper will also be presented at the August meeting of the

Society of Photo-Optical Instrumentation &ngineers in San Diego,

California.
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FigureS.

Fiqure 6.

Detail of Test Scene, Band 2

One-8and Spectral Regression
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Figure 7.

OPCM, 2 bits/pixel

Figure 8.

Mosaic 0PCM with spectral regression, 0.5 bits/pixe:
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Optical Implementation

The staggered sampling scheme may be implemented either
by a single mosaic focal plane detector array or by a set of l

staggered linear arrays onto which the scene is scanned by

mirrors. Further, the elements may efther be of dissimilar
construction and spectral sensitivity, or may consist of identi-
cal wide-band detectors to which are bonded color filter arriys
(CFAs). Solid-state color (RGB) cameras have HSeen constructag
which use a set of adjoining linear CCDs, each array being
sensitive to only one spectral band. The arrays are cecloyag

in alternating color sensitivity, with elements of each s<rin
offset from the elements of neighboring strips [1]. Alter-
natively, dye-deposition CFAs have been bonded to sensor chips
[2,3,4]. The CFAs are rectilinear masks with repeating pattern
é g (2]; the mask is thus staggered by spectral element but
without sensor gaps as was the case in [1]. Configurations

up to 484x384 elements with 34 um x 20 um element size have been S
reported [4]. However, little attempt has been made to estimate
imagery in unsampled bands from data in a sampled band; in [3],

edge information in the high resolution G band was addea airectly

to the low resolution R and 38 bands.
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(Iv.) Tomography in Image Data Compression

Tomography‘is a technique in which a two-dimensional image
may be specified by a number of one-dimensional projections of
the image made at different angles. A projection is obtained
by integrating the data in one direction across the image,
analogous to sweeping a two-dimensional dust pattern on a floor
into a line with a wide broom. The original image, or an ap-
proximation to it, may be reconstructad from its projections in
a number of ways. The most obvious way is to "back-projact' tne
data in each projection across the image plane at the angle of
the origiral projection (the broom analecgy in reverse - sweeping

the dust 1ine back over a "sticky" floor), producing two-dimen-

sional linear "smears" which are summed to form a two-dimensional

image.

A study of image data compression through tomography is
being undertaken. This project was proposed to digitally simu-
late a possible optical implementation, in which projections
of a real image are obtained with a rotating, cylindrical lens.
The additional observation fs that projections are generaily
slowly varying from one to the next, suggesting that such in-
herent data redundancy shouid allow further data compressicn.

‘Basic Concents

[t is well known that the one-dimensional Fourier transform
of a tomographic projection of an image corresponds to the func-
tion along a radial "slice" through the two-dimensional Fourier

transform of the image [1]. This allows another method of

16
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image reconstruction, in Fourier space, and gives additional

insight into the working of tomography. A short proof of this
“correspondence" theor;m follows.

Along the horizontal axis, a projection is defined by the
equation:

faly) = f(x,y)dx (1)

g g

where f(x,y) is a two-dimensional image function in x and v, f

W

(y) is one of its projections at angle 2 with 2=Q in this case.
The one-dimensional Fourier transform of (1) is:
fe(v) = Z fe(y).exp(-ZWi yv)dy (2)
where exp is the exp;nentia1 function, i is /-1 and again with
the angle subscript 8=0 in this case.
On the other hand, the two-dimensional Fourier transform of
the image function is:

F (u,v) = I‘Z f (x,y).exp(=-27i (xu + yv)) dxdy. (3)

Comparing (2) and (3), it is obvious that:

Fe(v) = F (u,v)
for 8=0, that is us=0, proving the theorem in this case.

[f new axes are choéen x', y' in the image plane and u', v'
in the Fourier plane, each set rotated through an angle 3 freom
the original sat, the rotation matrix (0old to new) is given Hy:

cos 8 sing
Lsine cosJ
which results in the equality of the new and o0ld kerneis of tne

fntegral in (3), thus:

xlu. + ylvl s xy & yv’




\.

We have that
Pe(R3 s F (R cosd, Rsing)

as an alternate descripéion of the projection slice theorem.

The reconsturction of an image from its set of projections
is relatively simple, but requires a careful treatment mathe-
matically. This method we now derive in the following paragraphs,
since it is important for the purposes of the computer simula-
tions which we will be carrying out.

Projection Geomaetries in Data Compression

Using the correspondence theorem we can simulate tomograpny
digitally by applying radial filters to a two-dimensional
(discrete) Fourier transform of an image. A digital image, neld
as a rectangular array of data (in x,y) is Fourier transformed,
using a two-dimensional, fast Fourier transform (FFT) algorithm.
The result is a rectangular array (in u,v). A simple, radial
filter is used tc zero all data not on the desired, radial lines.
An inverse two-dimensional FFT results in an image which has been
effectively reconstructed from the corresponding tomogtaphic
projections. (See Figure 1 for filter properties.)

By varying the number of radial “slices" in the filter the
effect of varying the number of projections on image guaiity
can be observed. A result of the radial nature of the slices
is that 1magg low frequencies are well represented, after
redundandtly, due to the finite "thickness" (one pixel) of a

quantized slice. In contrast, image high frequencies may have

18




Fi gure 1 .

Possible non-redundant, radial filter pattern.




large regions in Fourier space deleted, between the filter

slices. The redundancy at low frequencies corresponds to the

redundancy previously noted by Hunt that projections are gen- '
e;ally slowly varying from one to the next. This can be re-
stated by saying' that the higher frequency components of the {
projections change more rapidly than the lower frequencies as i
one changes the angle of projection. Thus, the saccné¢ imoortant
procedure is to vary the frequency content of (at least some 0%) ;
the projections.

Based on Pa(R) s F(Rcos®, Rsin?), we derive the convolu-
tion-back-projection method. Consider the inverse Fourier trans-
form of F(U,V) in polar coordinates. The polar coordinates

we will use are expressed by

X ®= rcos¢ , P = /xz + yz O0<re=

3 ]
y = rsing tang = % 0<p<2n (4)
and
U=Rcosg8 , R -(/UZ + Vz)sgnv, -@<R<a i
V=R sing = tan"'(V/U)mod7 0<s<n (5)

o so the differential area dUdV = [R|dRde
From these definitions, the polar coorainate Fourier transiarm

of projection data can Ee written as:

f(x,y) = fp(r'°) s J ds ;Z Pe(R)|R|exp[j2chos (8-¢)JaR (&)

20
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Let s = r cos{(8-3), and

9g(s) = g4(r COS(9-¢))"j’ Pg(R)iRjexp(j2mRs] = P (s)*q(s) (7)

where :
Pals) = F']{P:(R)} is the projection at angle . ;
q(s) = F'I{iRi},' is the kernal function
then . !
fx,y) = fp(r.a) =f g4(r cos(5-5))de (2)
0

Eq. (7) is the convolution (or filtering) of projection pe(s).
Eq.(8) is the back-projection of Eq. (7) to obtain the recon-
structed image fp(r.¢).

If we assume the fp(r.¢) ts bandlimited by a frequency 8,
then

qa(s) = F-I{|R|} = f |R|edRSqR « f|a|ej2"”‘sda

= ZB2 sinc 28s7w - 82 sinc2 Bsw . (9)
Eq. (7) and Eq. (8) constitute the convolution-back-projection
reconstruction method.

Digital Simulations

The above equations are for continuous data. For computer
simulations digital samples must be used, and new equations
must be developed.

Let the given picture be digitized into a grid of N2 cells.

We assume that the intensity of an entire cell is concentrated




at its center as shown in Fig. 1. Then the'pixel A(L,J) at '
] location (x,y) has a corresponding polar coordinate (r,o).

where
x = (1-0.5) - (N/2.0) , y = (J-0.5) - (N/2.0)

r a/x2+y2 , tany = f O<p<2n (10)

Let the projection detector be P(ND), which consists of ND small
detectors and the length of per small detector is DL. We assume
the pixel A(I,J) contributes to two small projection detectors
at most. Refer to Fig. 2, A FORTRAN program for

ottaining the projection data P(ND) at the projection angle 2

is shown as follows:
DIMENSION A(N,N) , P(ND) f ]
NTRF = ND/2 + 1 ’
D0 205 I = 1,ND
205 P(I) = 0.0

C*** g(in radfan) is the projection angle.
PLT = ABS(cos(3))
PL2 = ABS(sin(3))
PL = AMXT(PL1,PL2)/0L l
HAPL = PL/2.0
00 215 [ = 1,N '

30 215 J = I,N
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Figure 2. Pixel A(I,J) contributes linearly to two small
detictors N3-and N4,
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XPRO = (rwcos(§-8)/DL
Coenr (r,§) is the polar coordinate of A(Il,J).
- N1 = XPRO-HAPL + 0.5
[F(XPRO - ﬁAPL .LT. 0.0) N1 = XPRO - HAPL _ 0.5
N2 = XPRO + HAPL + 0.5
IF(XPRO + HAPL .LT. 0.0) N! = XPRO - HAPL - Q.

W

N3 = N1 + NTRF
N4 a N2 + NTRF
e~ NTRF = ND/2 + 1 to transfer - ND/2<N1<ND/2 iato 1<N3<cMD.
IF(IABS({N4 - N3) . LE.1)GOTO 100
N5 = N3 + 1
P(NS) = P(NS) + A(I,J)
GOTO 215
100 P(N3) = P(N3) + A(I,J)*(N1 + 0.5 - (XPRO -HAPL))/PL
P(N4) = P(N4) + A(I,J)*(XPRO +HAPL - N1 - 0.5)/PL
Crowe A(I,J) contributes linearly to small detect&rs N3 and N4.
215 CONTINUE
Based on the above, we can carry-out the computer implementa-

tion of the convolution-back-projection method.

Step 1: For convolution, using Eq. (7),

9o(s) = p s} » als) =f Py(s')als-s")ds’

Use:discrete convolution

g(na,ma) = a ‘f p(nta,ma)ql(n-n')a]
n's.m
ND/2
glna,ms) = a 2: n{n'a,ma)al(n-n')a]
n's<-ii0/2

24




Figure 2.
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Pixel A(I,J) contributes linearly to two small
detectors N3 and N4,
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where

4 = % » 9< ms<M-1 - M = the number of projections
a = DL is the length of per small detector.
-ND/2 <n<ND/2 , -ND/2<n'<ND/2
p(nta,ma) is the projection data at view angle s = T_.

g(ea) is derived from Egq. (9)

a(s) = 282 sinc 28STV - B%sinc2BS (3)
by letting s = Z2a, &: integer, B :7%-(Nyquist freq.)
an
2 { t- 4
q(za) = 4a for ¢ 0
- 1
< for ¢ = odd
23212 (12)
k 0 for £ = even.
Stap 2: For back-projection, using Eq. (8),
T
f(x,y) = fp(r,¢) = ge(r cos(@8-4))de (8)
o
Using discrete integral, Eq. (8) can be written:
M-
Aj(L,3) = f(x,7) = fp(r,a) = 2 glr cos{ma-s},nc] (12,
m=0 -

where

x =« ([-0.5) - N/2.0, y = (J-C.5; - N/2.0.

y = /xz + yz » tang = f 0<¢<27

25




Eq. (13) involves interpolation for estimating g(r cos(ma-3),ma]

from values of Eq. (11) g(na, ma).

If nac<r cos(ma-s)<{n+1)a , l

we estimate g(r cos(ma-¢),ma] by

(n+1)a-xacos(ma-c) 3

g{r cos(ma-¢),ma] = na,ma)

r cos{ma-») - na
a

+

gl(n+l)a,ma].

Step 3: Using Eq. (11), &q. (12), Eq. (13), the computar
algorithm operates as follows:

(1) AN(I,0) = £ (r,8) = 0. <L

(2) Use Egq. (11), (12) to calculate g(na, ma)
(3) A[(I,d) = A|(Ll,Jd) +# A.g(r cos(ma-9),ma)

where = %. O<m<cM-1 ,
repeat steps (2) and (3) M times, then the final re-

constructed image A|(I,J) is obtained.

Progress to Date

Some qualitative results have been obtained with a 256x256
element image of a "baboon". This is quite a good test image
for the purpose, as it happens to have a significant1y flat
spatial frequency spectrum due to the fine detail in tahe bascon's
fur, and includes areas of smooth grey values in the eyes ana
nose, The simple, radial filter has been zpplied to

this image, varying the number of radial slices and the fregquency

cut-offs of the slice. Surprisingly, the image is still just recoa-

nizable with only four filter slices or projection planes. For a
26




good, qualitative result it seems to be necessary to include a
fairly large, central or low frequency reqion, with a large
number of high frequenci “rays", forming a filter pattern in
Fourier space like a two-dimensional porcupine.

[t is intended to continue the experiment in a more guantita-
tive way, comparing image quality both visually and bty a measure
such as image differenca mean squares. [n addition, some arzi-
ficial test-pattern images will be generated, in orcder to z2s*
specific problems with the method.

Also, more complicated radial filtsrs will be testa2a. ~For
example, if a projection is obtained by integrating also in a
c¢ircular direction (eg. by "exposing" the projection sensors
while the projection angle is being changed), some of the high
frequency information lost between the radial filter slices
will be utilized (as averaged data). In the simulation, the
value at a point on a radfal slice in the Fourier domain would
be replaced by the average of values lying on a short arc sub-
tended by the (small) angle of integratad rotation. If al)
values outside the slices are then zeroed as before, the recon-
struction is equivalent to rotation of the original image
through a (small) angle during each projection "exposurs'. [7,
on the other hand, vaiues outside the slices in Fourier space
are replaced by the ¢ircular averages, the reconstruction is
equivalent ot a rotation during summation while constructing
an image by back-projection.

Finaily, instead of averaging in a circular direction, a

-maxfmizing function might be used, thus accentuating (though
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in a siightly incorrect position in Fourier space) any dominent
frequency component which happens not to fall on a slice.

Simulation Results:

Based on the above algorithm for convolution-back projection, tae

results for simulating compression are shown in Fig.3, 4, and Taple 1,

M
Method 30 60 100 200

METH = 1, 1.594% 10.545% [0.404% (0.

(93]
H
(31}
e

IMETH = 2,,, |1.419% |0.553% |0.457% |0.4153

Table 1. NMSE , for different projections numbers M and differ-
ent kernel functions.

*: NMSE = the normalized mean-square-error. [Ref. 1]

L o(f (xy) - flxay) ]2

NMSE = 2o
Zf(x.y)2
XYy

**: For method 1, the kernel function q(ea) is
1
Vi for e =
q(ea) = 4a
1

- N2a§e2 for @ = off

(] for ¢ = even (Ref. 2]
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For method 2, the kernel function g(ea) s

-2
( s » 1 =20, £ 1, +
alea) NZ;214§2-1)
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Figure 3. The reconstructed images of different projection numbers using back-
projection method 1.

Figure 4. The reconstructed images of di fferent projection numbers using back-
projection method 2.
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Optical Implementations

PUpSEEEE

One of the most appealing aspects of the optical compres-
sion scheme is how simpiy it can be implemented. A one-dimen-
\ sional (cylindrical) lens performs an integration of a scene
into a projection. The image being projected can be rotated by
any of several simple aoptical components, such as a Dove sorism.

The image projections can be formed onto a line detector, such

as a CCD array. Thus, very simple and inexpensive nardwars is

adequate for tnhe opticail computation o7 tna image grojections.
\ Equally simple nardware can be usaa For ths recconstructicn

of the image. Tnis nas not been notad before, but i5 a point

which we now discuss*. First, we note from the above discus-
| sfons that it fs necéssary first to filter each projection be-
fore back-projection. This being done, the back-projection
i{s obviously achieved by a cylindrical lens, where in this case
the lens 1is brojecting a line display of the filtered projec-
l tion into a viewing space. The line display can be made by any
of several methods, e.g., a line array of L.E.O.'s or laser
diodes. Probably the simplest i{s a line of intensity writtan onto
! the face of a CRT. The rotation of this display at different
| angles is carried-out as before, e.g., an image rctator prisa.
E [f the projections and rotations are carried oQut at a rate greater

than the visual persistence time of the human retina, then a

* The optical reconsturction is due to Donald Fraser, who re-

ceived support from Grant no. AFQSR-31-0170, while on leave from

CSIRQ, Australia.




real-time display will be created. Since the original tomo- |

graphic compression system will be operable at video rates, the

reconstruction system will be operable at video rates as well. l !
A simple video-rate optical processing system for data compres- L

sion can be configured with existing off-the-shelf hardware.

e -
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(V.) Applications of Stationary Transform Processing |

We report here two image processing applications of sta- l
tionary transform processing [1], (also described in the 1981-
82 Annual AFOSR heport). The areas of concern are image data
compression, and image restoration. In both areas, using the !
stationary radiometric and geometri¢ transforms in coanjunction
with nonadaptive processing algorithms proves to be superior
to the application of nonadaptive processing aione. In 1
section (V.1) we show results of data comoressian wnizh 2:niaya
0.6 bits/pixel for good quality imagery. Also, a scneme for
hybrid optical/digital implementation is proposed. Finally in
section (V.2), we briefly describe some new work in which we are
investigating the application of stationary processing to spa-

tially-variant image restoration.

(v.1) ‘Data Compression

The success of image data compression methods is closely

linked to the statistical behavior of the data. Conventional
nonadaptive predictive coding employs a global predictor to

describe the spatial correlation of the image. However, realis-

T ANI 2 v © P

tic imagery rarely exhibits stationary statistical propertias.

Consequently, the nonadaptive approaches to predictive, trans-

T w41

form, and hybrid coding are far from optimum. Superior per-

formance is characteristic of the more sophisticated adaptive

image coding techniques [2]. An example ts adaptive DPCM, which

34
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is a form of predictive coding where the coefficients of the
optimum predictor are tuned to ‘the local image statistics.
This adaptation to statistical behavior leads to increased data
compression for given image quality, or increased image guality
for the equivalent bit rates of nonadaptive DPCM. Similar bene-
fits of adaptive methods are found in transform coding and
hybrid coding.

We consider here the reverse approach to the adaptive coc-
ing problem. Starting with a nonstationary image, we Dropose 2
use a radiometric/geometric transform [1] which generates an
image with approximately wide-sense stationary first ana secona
moment statistics. Oue to this stationarity, the transformed
image is matched to nonadaptive coding processes. After coding
and transmission of the transformed image data plus certain
transform coefficients, the received image is reverse transformed.

Stationary transform processing incorporates two separate
stages: a radiometric transform which generates nearly station-
ary mean and variance; followed by a geometric transform, or
warp, to give approximately stationary autocorrelation width.
In general, it will be seen that coding using stationary trans-
forms bears cartain similarities to both predictive and trans-
form coding. We 3how that the radiometric transform acts in a
somewhat similar fashion to the adaptive quan:izers'found in
other adaptive coding methods. The geometric “ransform is
shown to be a flexible and convenient means For implementing
variable spatial resolution for reducing spatial redundancy

within scenes. We consider in particular stationary transforms




applied to IDPCM (interpolative DPCM) data compression [3].
[OPCM is a coding technique which incorporates the essential
principles of conventidna] digital DPCM coding; it has been
proposed for implementation using hybrid digital/optical
nardware. In this paper, we suggest that stationary trans-
forms are also suitable for hybrid digital/ortical confizura-
tions.

Applying Radiometric Transforms to Data Comorassion

PCM coding generally yields images of accaptable quaiic<y
ysing a minimum of S dDi%ts, or 32 gray leveis. Use of Tawer
bits results in “false contouring”, especially in low contrase
scenes, since relatively large regions may be assigned to a
single quantum level. Adaptive quantizers [4], [S5] have been
developed which adaptively expand low contrast regions into the
full dynamic range of the quantizer, thereby reducing the con-
touring problem. Our scheme for achieving lower bit rates
operates along similar lines. The data comoression scheme is
outlined in Fig. 1.

The reduction in contouring effects using the radiometric
transform permits us to use Jower bit rates. As Fig. 1 in-
dicates, we also need to transmit the values of uy and X for
each sub-block. The total bits can be calculated from the

equation

‘ 2 2
beora * W0 16 [ )

where the original image is of size N by N, n is th number of

bits used in quantizing the transformed data, and M is the




sub:b1ock size. The factor of 16 is due to the two bytes used
to code u, and K per sub-block. The number of bits/pixel is

. B/pixel = n + i% (2)

From Eq. (2), the overhead bit rate neéded to transmit
the transform coefficients is 16/M2; sub-blaocks of 3 5y &
pixels require 0.25 bits/pixel, for exampia. Larger suD-531JCkS
of 16 by 16 pixels require only 0.063 bits/pixel; nowever, the
image quality is slightly inferior.

Figures 2(a)-(f) illustrate several stages 0° the compres-
sion scheme in Fig. 1. False contouring is exhibited in Fig.
2(b), which represents normal 3 bit PCM coding. To overcome
this distortion, mean and variance statistics are measured in
contiguous sub-blocks of 8 by 8 pixels in the "Walter" image
of Fig. 2(a); these values are then used in the radiometric
transform [1] in blockwise fashion to generate Fig. 2(c). The
stationary value o, * 100 1s sufficient to adaptively expand the
dynamic range of each sub-block to fill the available 8 bit
range. In Fig. 2(d), uniform 8 level quantization has been
performed at levels 16, 48, 80,...,240. The inverse transform
(1] yields Fig. 2(e). From 2q. 2 the final bit rats is 3.25
bits/pixel. Figure 2(f) is the end result of similar processing,
except we have used only 4 quantization levels after transforma-
tion. The Eit rate is 2.25 bits/pixel. Quantization distor-
tion and a block structure become apparent at this bit rate.
Qata compression by the radiometric transform method bears some

resemblance to the method of block truncation coding (6].




Both techniques require measurement of block statistics, fol-

Towed by a quantization scheme based on these statistics. l
Applying Geometric Transforms to Data Compression

' In [1] we discussed a2 geometric transform or warp which I
generates approximately stationary autocorrelation length in -

contiguous sub-blocks of an image. This was achiaved by locally

expanding (by nonuniform interpolation) sub-blocks of low cor-
relation, for example, edges. Consider now an altarnative way
of generating near-stationarity correlation: compress or shrink
regions of high correlation until they possess the same cor-
relation factor as, say, the least correlated neighldorhood.
Following the procedure outlined in [1], we seiect 95 (4S) ang
°s(gw) t° be the maximum value of o in NS and EW directions,
respectively, over all sub-blocks; and apply compression

vactors, F, to each sub-block, determined by

e
Fys = o— 5 (0 < Fyg < 1), (3)

NS Pg(as)

with a similar equation for FEH'

The algorithm in (1] is used to compute warp caontrol points
from the FNS’FEW values. A scheme for data compression via
geometric transformation is shown in Fig. 3. This arocess
affords_a method of varying the spatial sampling interval, or
resolution, in order to compensate for high correlation or '
spatial redundancy.

Each sub-block of the radiometric transform data-compressed l

image (Fig. 2(e)) is represented in the geometric transform by




the following number of pixels,

2
B/sub-black = M Fyo Fpy (8)

The total pixels for an image of size N by N is
2 -
B s M® ¢ FueFe
total all N NS EW (5)
Assuming that a pair of bytes is sufficient to represent a pair
of control points, the number of overhead bits is

3 )2 :

Os
~

control points = 16 (% + 1

Ignoring the factor of 1 in Eq. (6), the final bit rate using
radiometric and geometric transforms is, from Eqs. {2), .3,

and (6),

~

B/pixel = o ¥y ¢ Ip.. r_ |+ 32
8 airw | WS CE|T T

— v s N\
image data overhead

(7)

The bit rate calculation above assumes equal-sized sub-blocks in
the computation of the two transforms. In practice, we can
usually use Targer, hence fewer, blocks for the geometric trans-
form with little effect on image quality. Block dimensicn is
more critical to image quality in tne radiometric trans¥orm.

Substituting new sub-block sfzes M and MG in €Eq. (7) gives

; HGZ A ¢ -
B/pixel = n L FyeFaoy + 16 + (3
? N alig NS w? wZl '8

fe. 1f Mo = Mg, Eq. (8) reduces to Eq. (7)




Following the procedure in [1], we measure the values of

oyg and pgy at each sub-block, and, from Eq. (3), compute the

compression ratios FNS and FEN‘ [n accordance with the threshold I
limitations on eNS and PEW® the ranges of FNS and FEN are 3:1 and
2.6:1, respectively. Applying the geometrical transform based on

FNS and FEW [1], we obtain the warsed version of Fig. 2(e) in

Fig. 4(a). Notice that regions of low correlation remain rela-

tively unwarped, compared with regions of high correlatinn wnicn

have been undersampled (a'ong and axis) by a factor approacning
3:1. The inverse warp produces Fig. 4.b).

The terms in Eq. (8) are: n = 3, N = 256, MG = 16, M, = 3,
and ZFNSFEw s 105. The final bit rate of Fig. 4(b) is therefore
1.2 bits/pixel.

Applying Stationary Transforms to [DPCM Data (Compression

Interpoiative Differential PCM (IDPCM) was originally con-
ceived [3] as a vehicle for implementing conventional DPCM using
hybrid digital/optical hardware. The method involves dividing
the image into low and nign frequency componenis, then taking
advantage of the statisitcal pioperties of each comgonant to
achieve Jata compression. Specifically, the luw frequency image
is highly csrrelated, conseguently only every other pixel oan
evary sther line is transmitted, ucing S bits/pixel {to avoid
false contouring). Thes high frequency compcnent has a small '
absoluts range of ampiitudes, and low correiation, hence gvery
pixel is transmitted, except at locations where the low fre- l

quency data is transmitted. However, it has been shown [7]:
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that a binary, or 1 bit, representation is sufficient to preserve
subtle edge details when added back to the low frequency com-
ponent. The bit rate is computed using

B/pixel (IDPCM) = 1 LF + 3 HF (9)

where LF and HF are the bits/pixel used in the low and high
frequency image components, respectively. Hence, using L7 = 3
and HF = 1, good quality imagery can be realized with a data rata
of 2 bits/pixel.
IDPCM has two areas for potential improvement of bit

rates:

(1) The 5 bit coding of the iow freguency image {s inef-
ficient.

(2) Except faor the subsampling of the low frequency image,
no attempt is made to compensate for spatial redundancy (high
correlation).
We address these areas using the radiometric and geometric trans-
forms, respectively. Figure 5(a) illustrates our proposed in-
clusion of stationary transforms in [DPCM. The geometric
transform is first applied to reduce the spatial redundancy
between correlated pixels in the original image. We then apply
the radiometric transform to "adaptively quantize" the low
frequency component. Fig. 5(b) shows the reconstruction opera-
tion.

In computing the final bit rate, we need to consider four

separate contributions:

s L




l
(1) low frequency image: [%:J[Lg rE%EW[ A FusFew bits
"LN -]l 119 NS " l
(ii) high ffequency' mge-[}Nz] F A F i i
: BF! S T DLtSs
- A .’l_Fz_j lall § NSTEW] i
2 "
(iii) radiometric traansform 16 N i =
overhead: MRZ bies i
o T 2
(iv) concrol points overhead: ., E%_ - 132 s 18 E_T Yi-g
=G J e
2

Summing (i) - (iv) and dividing by N° gives the final bit rata

B/pixel (enhanced IDPCY) =  LF + 3 aF' | *"cz.[

Lr T J;gz—

+15 1]

Figures 6(a) and 6(b) are the results of data compression by

enhanced IDPCM using sub-blocks ¢f 8 by 8 and 16 by 16 pixels,

respectively, for the radiometric transform (the parameter MR);

both use 16 by 16 blocks for deriving the geometric transform

(the parameter MG); Final bit rates are 0.75 and 0.56 bits/pixel,

prare=y

respectively. The few artifacts which appear in Fig. 6(b) are

caused by the larger sub-block dimension of the radiome:ric trans-

form. : :
Hybrid Optical/Digital Implementation of Enhanced IDPCM .
To implement the [DPCM technique described above using l,

radiometric and geometric transforms, the following sequential

operations are required:’

42




(A) A linearly subsampled version of the geometrically and

radiometrically transformed image is generated, quantized, coded,

and transmitted. (Fig. 5(a)). This is the low freguency chan-

nel. At the same time, a subsampled version of the geometrically

transformed image that is not radiometrically transformed is
blurred (i.e., interpolated) to produce the low frequency chan-
nel. This blurred image is stored.

(B) The blurred image from the previous step is subtracted

from the geometrically transformed original image, producing <ns

geometrically transformed high frequency image. 7This image is
quantized, coded, and transmitted.

(C) Reconstruction: At the receiving end, the sub-sampled
image from Step (A) is decoded; then the inverse radiometric
transform is applied. (Fig. 5(b)). This subsampled image is
then blurred (in identical fashion to the blurring in Step (A))
to generate the geometrically transformed low frequency image.
Note that the geometric transform is implicit in the trans-
mitted, subsampled image, and that the subsampling is in the
form of a two-dimensional linear array. The blurring is not
associated with the geometric transform, bdut simply fills in

the missing pixels between the uniformly sampied points. This

low frequency image is added to the decoded high frequency image,

and the 1nvcrso geometric transform applied to the summed image
generates the final image.
In [1] we gave details of hybrid optical/digital hardware

for realizing block stationary transforms. 4We do not include




hybrid data compression architecture here, since the principles

are essentially those of reference [1]. l

(v.2) Image Restoration l
) We are currently investigating the following problems.
1. Spatially-variant deblurring
2. Spatially-adaptive noise filtering

Nonadaptive noise filtering is hampered by the innerent non-

stationarity of image data. For example, the lowpass filter

required to achieve the desired reduction in noise cower may

cause intolerable blurring of edge details. $n the other nzng,

a filter which cuts off at a higher frequency may not produce

enough noise smoothing. What is needed, therefore, is a filter

which can adjust its cut-off frequency according to local image

detail i,e., cut-off being inversely proportional to correlation.

We are approaching the problem by using the geometric transform

to give images of approximately stationary correlation. Non-

adaptive filtering is then performed on the transformed images, N

followed by inverse transformation. (The radiometric transform

1s not used in this case, since stationary mean and variance

are of no benefit to noise-smoothing.) Stationarity in correla-

tion length ensures that edges are preserved even for high

degrees of noise smoothing. A preliminary result of spatially-

adaptive filtering 1s processed in Fig. 7. The improvement gained by '
adaptive fi]tér1ng is marred by striations caused by noifse correlations
fnherent in the #{ltaring 0f geometrically transformed images. .e are l

currently fnvestigating ways of avoiding this effect. -
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Figure 7. Spatially Adaptive Noise Filtering.
top left - original
tap right - original plus noise

center - adaptively-filtared
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VI. Improved IDPCM Data Compression

The first technque which was successful in demonstrating
an optical architecture for image data compression was the method
referred to as [OPCM (Interpolated Differential Pulse Code Modula-
tion). The essence of this method is to split the image into two
components: a low-frequency component which is ¢reated by optical
subsampling and optical interpolation (via incoherent convolution),
and a high-frequency component created by subtracting the low-
frequency component from the original image. The methad can be
implemented by simple optical masks, mis-focused apodized lenses,
and video subtraction imaging [1].

The data compression performance of IDPCM is adequate but
not impressive. Indeed, the cverall image quality at a given
bit rata is often reminiscent of conventional DPCM data compres-
sion. For example, 1ittle if any degradation in image quality
{s seen for images compressed from 8 bits/pixel to 3 bits/pixel
by both OPCM and [DOPCM. Oropping the bit rate to 2 bits/pixel
leads to visible losses in image information for both DPCM and
IDPCM. An open question, therefore, is how to achieve better
nerformance from the IDOPCM concept. One alternative is the
stationarity transformations discussed in the previous section.
With these methods image compression rates of less than 1 bit/
pixel have been achieved for IDPCM. The stationary transform
methods appear to be somewhat complex in system architecture,

however, and a desire exists to find improvements %o [DPCM which

are less complicated.

tur 4
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An avenue of pursuit for improved IDPCM is in the Fourier
coding technique which has been used so extensively in digital
image data compression. In this method an image is decomposed
into blocks and the 2-dimension FFT is computed on each block.
The Fourier coefficients produced in each block are then re-
quantized. The key to data compression by this method is in tne
requantization. Typical images show a wide dynamic range in
the computed Fourier spectrum, with the largest values occuring
near 0. C. and the smallest values near the Nyquist frequency.
Since the dynamic range is so wide, it is not necessary to carry
the same number of bits of significance in quantizing all coef-
ficients of the image FFT. For example, by a suitable pre-as-
signed mask, which indicates the scale-factor associated with
unit increments of quantizatfon at each spatial frequency coef-
ficient, it 1s possible to quantize coefficients near D. €. at
8-10 bits and coefficients ne;r Nyquist frequency at 0-2 bits,
with 1ittle overall error. Using these techniques in an adap-
tive mode, ft is possible to create quantization schemes with
bit rates on the average of less than 1 bit per pixel.

The applicability of this technigue to IDPCM has been the
subject of the current sat of investigations. There is substan-
tial difference between IDPCM coding of imagery and conventional
Fourier coding of {magery, and thi{s difference leads to ques-
tions as to the applicability of Fourier coding to IDPCM. Spec-
ifically, Fourier coding integrates the low spatial frequency

and high spatfal frequency components into one set of quantization




assignments for the Fourier frequency components. However, an

[OPCM image is split into two parts, a separate low- and high-

| spatial frequency set o% image samples.

Analysis of the IDPCM technique indicates the efficiency
1 with which the low spatial frequency component is represented.
' For example, consider an image with 8 bits per sample initial
l data rate. I[f the subsample rule required for IDPCM [1] is
‘ chosen to be every other pixel and line, then the effective rate

for representation of low frequencies is 3/4 = 2 bits/pixel.

Further, it has been shown that the low frequency subsamples need

not be retained at the 8-bits/pixel of the original, and 4 bits

l per subsample leads to high-quality results at an average rate

of 1 bit/pixel. Thus, the low-spatial-frequency component can

now be represented in IDPCM with rates of 1 bit/pixel or less [1].
This indicates the area for concentrating upon Fourier coding is
the high-frequency component of IDPCM.

Analysis of Fourier coding schemes indicates that the high-
est spatial frequencies in an image are representable with a
very small number of bit;. An example can be seen in Pratt's
book [2], where a typical bit assignment mask for a Fourier
coding algorithm averages less than 1-bit per pixel for the
high-frequencies. Indeed, {t is aften possiblie to neglect the
highest spatjai frequencies in both x and y directions. That
s, & typical bit assignment mask may assign one-bit per Fourier

coefficient %0 the x or y Nyquist frequency, but Zero-bits to

the joint Nyquist frequency of x and y. (See Fig. (VI1.1)).
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In Figure VI.] we see the dominance of low frequencies for the
assignment of quantizatjon bits. In an IDPCM system, the low
frequencies are subtracted oﬁt from one image, so that the high
frequency components would represent only the values that

would require quintization coding. A mask for the Fourier coding

of the high-frequency spatial component might appear, for example,

as in Figure VI.2:

0 0 0 0 2 1 1 1
0 0 0 O. 2 1 1 1
0 0 0 0 2 1 1 1
0 0 0 0 2 1 1 9
2 2 2 2 2 1 0 0
1 1 1 1 1 0 0 0
1 1 ] 1 0 0 0 0
1 1 1 0 0 0 0 0

The overall bit-rate for the high-spatial frequencies coded with
this bit assignment would be much less than one bit per pixel
({.e., 0.677). Combined with an efficient sub-sampling and re-
quantization of the low spatial frequency components, a bit rate
of substantially less than 1-bit per pixel should be achievable,
with acceptable image quality.

'The design of the bit mask for a Fourier coding scheme can
not be done by analytic model. The current method for bit mask
by trfal-and-error studies over a variety of images which are
selectad to be typical of the class of images to be processed

through the data compression system. Thus, additional research

on this problem becomes one of simulation, experiment, and visual




verification. Initial results indicate that:

(1) The Fourier coding of IDPCM images should produce images I
of visual quality equal to that of conventional Fourier coding I
of images;

(2) ‘The bit-rates associated with a Fourier coding of IDPCM
will be competitive with conventional Fourier image coding.
Since ICPCM was an optical method for image data compres-
sion, the introducticn of Fourier coding leads to a nybrid
optical/digital method for image data compression. The referenca

to a "hybrid" method stems from the fact that the most straignt-

forward means to implament the Fourier coding would be by a

digital Fourier transform of the high-frequency component of
[DPCM.
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