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(I.) Introduction Chle., Technical Intor.tIonD1ivston

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 research sponsored under this Grant to direct investi-

gation into the following issues:

() formulation of alternative architechtural concepts

for image bandwidth compression, i.e., the formula-

tion of components ana schematic diagrams wnicn

differ from conventional digital bandwidth compres-

sion schemes by being implemented by various

optical computation methods;

(b) simulation of optical processing concepts ,for image

bandwidth compression, so as to gain insight into

typical performance parameters and elements of system

performance sensitivity;

(c) maturation of optical processing for image band-

width compression until the overall state of optical

methods in image comoresslon becomes eqjal to that

of digital image compression.

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 tna:

the major attention given to image bandwidth compression has

been for methods most conveniently implemented by digital compu-

tions. As flexible and multipurpose are digital methods, there
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may always be operational circumstances, environments, or con-

straints where the availability of a different technology is

important. However, with the concentration upon digital compu- l
tations, which has characterized most research on bandwidth m
compression, alte'rnative methods in optics have suffered. Thus,

the pdrpose of research sponsored under this Grant is to serve

as a source of alternatives for future concepts in bandwidth

compression, so that the environment for compression technology

need not be dominated by one methodology.

2 . 1'



(I) Overview of the Report

The research currently sponsored under Grant No. AFOSR-81-

0T170 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 separate 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 nas 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 (III.)).

( 2) Data compression by optical tomography, with data

reconstruction by optical convolution and back pro-

jection (see Section (I.)).

(3) Adaptive data compression by spatial transformations

to create a spatially stationary image (see Section

(4) Improvement of the optical data compression method

known as IOPCM (see Section (Vt.)).

3



(III.) Multispectral Staggered Sampling Data Compression

This section reviews progress on the project to achieve data I
compression of multispectral imagery by sensor undersampling and

subsequent reconstruction of the original scene utilizing inter-

band redundancy of edge information. The technique assumes that

features possessing high spatial frequencies are similar in all

spectral bands of a scene.

The sampling scheme considered in the present research

consists of bands of a multispectral sensor which are under-

sampled at staggered intervals in a scene. For example, the

spatial arrangement of pixels in an equally-sampled four-band

image, bands I-IV, is:

X

I It I II . .

y III IV III IV

I II I II ....

III IV III IV ..

As shown in Figure 1, the pixels of this mosaic arrangement may I
be directly transmitted (PCM) for moderate data compression, or

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

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

4 '~i!{.
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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 become initial estimates in an iterative

space-variant reconstruction using the spectral correlation be-

tween the bands.'

The iteration scheme for reconstruction proceeds as follows.

In each iteration, the pixels within a moving spatial window are

used to calculate statistics needed in predictors of the missing

bands. At each window location :e center sample plus :ne pre-

dicted values are then .written to corresponding spatial coorci-

nates in four output images. The reconstruction is then either

terminated or the reconstructions are used as approximate images

in another iteration.

If 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,

i.e., E -a + aS + b4F + c&G + . ., whereAS - - , etc.

A MMSE criterion, such that <(E-E) > is a minimum, results in the

solution for the coupling parameters in terms of local band

variances and spectral covariances:

a s2 <aSaF> <aSgG>" - l E<L S:

b <,SaF> jf2  <aF 1G> E.1 >

c <FSAG> <aFaG> ag2  <., G >

L J

* . 1*



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 LANOSAT MSS

image. Bilinear interpolations of each band of the mosaic were

used as initial estimates in the reconstruction. Figure 2 is a

plot of normalized mean-square-error (NMSE) versus estimator win-

dow size for the second MSS band. The results are in agreement

with two expected 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, reflecting 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 reconstruction allows moderate data compression witn-

out compression hardware at the transmitter. Figure 3 is a

plot of NMSE versus effective bit rate for Ist- and Znd-order

DPCM (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 a 1.75 bits/

pixel, spectral regression is numerically comparable in

7
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accuracy to 2nd-order OPCM.

Further compression gains can be mfade in combining

simple DPCM of the mosaic array with spectral regression. As

shown in Figure 4, spectral regression with 1st-order mosaic

OPCM is show'n to be more accurate at 0.5 bits/pixel than direct

2nd-order OPCM at 1.0 bits/pixel. This is a significant per-

formance gain.

The relative visual qualities of spectral regression ana,

DPCM are demonstrated in Figures 5 - 8. Figure 5 is a .eta 1l

pnotograpn of tne second MSS band original scene. The opti um

Ist-order spectral regression over a 5 x 5 window at 1.75 its/

pixel is shown in Figure 6. By comparison, the 2nd-order OPCM

reconstruction at 2 bits/pixel is given in Figure 7. The

degradation in the regression :ase is primarily a random phasing

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

regression performance.

Interim results 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 Engineers in San Diego, I
California. -
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FigureS. Detail of Test Scene, Band 2

Figure 6. One-Band Spectral Regression



Figure 7. OPCM, 2 bits/pixel

Figure S. Mosaic OPCM with spectral regression, 0.5 bits/pixel
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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

staggered linear arrays onto which the scene is scanned by

mirrors. Further, the elements may either be of dissimilar

construction and spectral sensitivity, or may consist of identi-

cal wide-band detectors to which are bonded color filter arrays

(CFAs). Solid-state color (RGB) cameras have been cons.ructea

which use a set of adjoining linear CCOs, each array being

sensitive to only one spectral band. The arrays are demoyea

in alternating color sensitivity, with elements of each strio

offset from the elements of neighboring strips [I]. Alter-

natively, dye-deposition CFAs have been bonded to sensor chips

[2,3,41. The CFAs are rectilinear masks with repeating pattern

G a [23; 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

reported [4]. However, little attempt has been made to estimate

imagery in unsampled bands from data in a sampled band; in [31,

edge information in the high resolution G band was added iirectly

to the low resolution R and 3 bands.

I
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(IV.) Tomography in Image Data Compression I
Tomography is a technique in which a two-dimensional image

may be specified by a number of one-dimensional projections of 1

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 reconstructed from its projections in

a number of ways. The most obvious way is to "back-projec:" tie

data in each projection across the image plane at the angle of

the original projection (the broom analogy in reverse - sweeping

the dust line 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 is that projections are generally

slowly varying from one to the next, suggesting that such in-

herent data redundancy should allow furthner data comp-ession.

-Basic Concepts

It is well known that the one-dimensional Fourier transform I
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 113. This allows another method of

16



image reconstruction, in Fourier space, and gives additional

insight into the working of tomography. A short proof of this

"correspondence" theorem follows.

Along the horizontal axis, a projection is defined by the

equation:

f (Y) f f(x,y)dx (I)

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

(y) is one of its projections at angle ewith 2=-O in this case.

The one-dimensional Fourier transform of (1) is:

f 9 (v) - -1 fe(y).exp(-27ri yv)dy (2)

where exp is the exponential function, i is V:I and again with

the angle subscript e-o in this'case.

On the other hand, the two-dimensional Fourier transform of

the image 'function is:

F (u,v) f (x,y).exp(-2ri (xu + yv)) dxdy. (3)

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

Fe(v) - F (u,v)

for S-O, that is u-0, proving the theorem in this case.

If new axes are chosen x', y' in the image plane and u', v'

in the Fourier plane, each set rotated through an angle j frcm

the original set, the rotation matrix (old to new) is given by:

cse sine

sine COSe]

which results in the equality of the new and old kernels of the

integral in (3), thus:

x'u' + y'v' xU + yv,

17



We have that

Pe(R) * F (R cosB, Rsine)

as an alternate description of the projection slice theorem. I
The reconsturctlon of an image from its set of projections

is relatively siiple, 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 Geometries in Data Comoression

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, held

as a rectangular array of data (in x,y) is Fourier transformed,

using a two-dimensional, fast Fourier transform (FFT) algoritnm.

The result is a rectangular array (in u,v). A simple, radial

filter is used to 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 I for filter prooerties.)

By varying the number of radial "slices" in the filter the

effect of varying the number of projections on imago quality

can be observed. A result of the radial nature of the slices

is that image low frequencies are well represented, after I
redundandtly, due to the finite "thickness" (one pixel) of a

quantized slice. In contrast, image high frequencies may have

18



Figure 1.Possible non-redundant, radial filter pattern.
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large regions in Fourier space deleted, between the filter I -
slices. The redundancy at low frequencies corresponds to the

redundancy previously noted by Hunt that projections are gen- I
erally slowly varying from one to the next. This can be re- a
stated by saying-that the higher frequency components of the

projections change more rapidly than the lower frequencies as

one changes the angle of projection. This, the second imoortant

procedure is to vary the frequency content of (at least some of)

the projections.

Based on Pe(R) - F(Rcose, Rsine), 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 - rcosl , r a + y O<r<

y - rsino tano - y  0<2, (4)
X

and

U a R cos@ , R a(U 7 += V)sgnV, -- <R<-

V a R sine * tan'l(V/U)modT O<6<,7 (5)

so the differential area dUdV IR dRd8

From these definitions, the polar coorainate Fourier transfirm

of projection data can be written as:

f(xy) % (r,;)- fde P8 (R)IJIexpCj2-,Rcos (e-O)IdR (6) 1
0 u

20



Let s a r cos(e-f), and

ge(s) - g(r cos(e-$))=/ Pe(R)1RlexpEj2iRs] = P (s)*q(s) (7)
- - a

where

P (s) a F'I{P(R)} is the orojection at angle

q(s) F'7{i} is the kernal function

then

f(x,y) f p(r,) f g,(r cos( e- ))de (3)

Eq. (7) is the convolution (or filtering) of projection pe(S).

Eq.(8) is the back-projection of Eq. (7) to obta'in the recon-

structed image f (r,).
p

If we assume the f p(r,o) fs bandlimited by a frequency S,

then

q(s) -F (IRI} = JReJRSdR - IRej2 RSdR

sinc Z8sir - 2 sinc BsI . (9)

Eq. (7) and Eq. (8) constitute the convolution-back-projection

reconstruction method.

Diaital 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

21



I

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

where

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

r , tano - Y 0<21r (10)
x

Let the projection detector be P(ND), which consists of 1,10 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

obtaining the projection data P(ND) at the projection angle

is shown as follows:

DIMENSION A(N,N) . P(ND)

NTRF - ND/Z + I

00 205 1 - 1,ND

205 P(I) a 0.0

C*' 8(in radian) Is the projection angle.

PLl * ABS(cos())

PLZ - ABS(sin(9))

PL - ANXI(PLI,PL2)/DL

HAPL a PL/2.0

00 215 1 a IN

00 215 J a 1,N

2



I

II

XPRO \XPRO+HAPL

\x RO-HAPL N1 +0.5

\, PL\

114*

143

Figure 2. Pixel A(t,J) contributes linearly to two small

detectors N3"and N4.
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XPRO - (r-cos(1-8)/DL

(r,l) is the polar coordinate of A(I,J).

Ni a XPRO-HAPL + 0.5 1
IF(XPRO - HAPL .LT. 0.0) Ni - XPRO - HAPL- 0.5

N2 a XPRO + HAPL + 0.5

IF(XPRO + HAPL .LT. 0.0) N - XPRO - HAPL - 0.5

N3 a Nl + NTRF

N4 a N2 + NTRF

C** ,'ITRF s '10/2 + I to transfer - ND/2<,N1 0/2 into i<N3<c'4O.

IF(IABS(N4 - N3) . LE.I)GOTO 100

N5 a N3 + 1

P(NS) a P(N5) + A(I,J)

GOTO 215

100 P(N3) a P(N3) + A(I,J)*(NI + 0.5 - (XPRO -HAPL))/PL

P(N4) - P(N4) + A(I,J)*(XPRO +HAPL - NI - O.5)/PL

C*** A(IJ) contributes linearly to small detectors 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),

ge(s) - p.(s) * q(s) -T p_(s')q(s-s')ds' (7)

Use discrete convolution

g(na~m4) a fP(n'a,ma)q[(non')a]

g~na'mt') a
r
I  E 6

g~na~mA) a (nn401 11 "

24
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SXPRO.HAPL

Ux RO-HAPL N +0. 5

Figure 2. Pixel A(IJ) contributes linearly to two small

detectors N3-anAd N4.
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where

A * 0< m<M-l Ma the number of projections

a DL is the length of per small detector.

-NO/2 <n<N.D/2 , -ND/2<n'<_ND/2

p(n'a,ma) is the projection data at view angle - _

q(ea) is derived from Eq. (9)

q(s) - 282 sinc 2BSTV - B2 sinc2BS r t)

by letting s - Za, Z: integer, B -(Nyquist freq.)2a

q(Za) 4a2  for Z = 0

I for Z a odd (2

0 for . - even.

Step 2: For back-projection, using Eq. (8),

7r

f(xy) - fp (r,O) - go(r cos(e-f))de (8)

0

Using discrete integral, Eq. (8) can be written:

M -

Aj(I,j) a f(x,y) • f (r,z) = _ gCr cos(m ,- .),.; (I2,
p

m=O

where

x a (1-0.5) - N/2.0, y - (J-C.5 - N/2.0.

y a +'x y , tan - Y  O<1x

25
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Eq. (13) involves interpolation for estimating g[r cos(ma-:;),m ]

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

if nar cos(mA-0)(jn~l)a , I
we estimate g[r cos(mA-s),mA] by

U

g~r cos(ma-°),m4] a (n~l)a-ya cos(mA_-.) g(na,m.)' a

+ r cos(m&-:) - na g[(nl)a,m ].
a

Step 3: Using Eq. (11), Eq. (12), Eq. (13), the computer

algorithm operates as follows:

(1) AI(I,J) - f p(r,o) - 0. I<I,N

(2) Use Eq. (11), (12) to calculate g(na, m4)

(3) AI(I,J) * AI(I,J) + &.g(r cos(mA- ),ma)

where - , O<m<M-I ,

repeat steps (2) and (3) M times, then the final re-

constructed image AI(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 significantly flat

spatial frequency spectrum due to the fine detail in tne baocon's

fur, and includes areas of smooth grey values in the eyes and

nose. The simple, radial filter has been applied to

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

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

nizable with only four filter slices or projection planes. For a
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good, qualitative result it seems to be necessary to include a

fairly large, central or low frequency region, with a large

number of high frequency "rays', forming a filter pattern in

Fourier space like a two-dimensional porcupine.

It is intended to continue the experiment in a more quantita-

tive way, comparing image quality both visually and by a mTeasure

such as image difference mean squares. In addition, some ar,:i-

ficial test-pattern images will be generated, in order to :es

specific problems with the method.

Also, more complicated radial filters will be testea. Fa r

example, if a projection is obtained by integrating also in a

circular 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 radial 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 integrated rotation. If all

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 "exposure'. V

on the other hand, values outside the slices in Fourier space

are replaced by the circular averages, the reconstruction is

equivalent at a rotation during summation while constructing

an image by back-projection.

Finally, instead of averaging in a circular direction, a

maximizing function might be used, thus accentuating (though
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in a slightly incorrect position in Fourier space) any dominent

frequency component which happens not to fall on a slice. 1

Simulation Results: U

Based on the above algorithm. for convolution-back projection, t.ie

resjlts for simulating compression are shown in .ig 3 4, ana Taole 1.

M
Method 30 60 100 200

METH = 1.594,1 0.545% 0.404- 0.345'

METH * 2,,, 1.419% 0.5531- 0.457- 0.415%.

Table 1. NMSE * for different projections numbers M and differ-

ent kernel functions.

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

NMSE * Er(X 'Y) - f(x Y)32

Sf(x,y) z

x ,y

**: For method 1, the kernel function q(ea) is

-i for e-O
q(ea) 4a

NZaZeZ for a - off

0 for a v even [Ref. 2)
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***: For method 2, the kernel function q(ea) is

q(ea) zaz 2  , 1 - 0, 1, 2 ,K(4e-) 1

LRef. 3]
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Figure 3. The reconstructed images of different projection numbers using back-
projection method 1.

Figure 4. The reconstructed images of different projection numb~ers using back-
projection method 2.
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Optical Implementations

One of the most appealing aspects of the optical compres-

sion scheme is how simply 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 optical components, such as a Dove orism.

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

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

adequate for the optical compitation of the image projections.

Equally si mple hardware can be usec 4or the re:3nstr'.ct43n

of the image. This has not been noted before, but is a point

which we now discuss*. First, we note from the above discus-

sions that it is necessary first to filter each projection be-

fore back-projection. This being done, the back-projection

is obviously achieved by a cylindrical lens, where in this case

the lens is projecting a line display of the filtered projec-

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 is a line of intensity written onto

the face of a CRT. The rotation of this display at different

angles is carried-out as before, e.g., an image rotator prism.

If the projections and rotations are carried out at a rate greater

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

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

ceived support from Grant no. AFOSR-al-0170, while on leave from

CSIRO, Australia.
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real-time display will be created. Since the original tomo-

graphic compression system will be operaole at video rates, the

reconstruction system will be operable at video rates as well.

A simple video-rote optical processing system for data compres- 1

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

I
I
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(V.) Applications of Stationary Transform Processingi

We report here two image processing applications of sta-

tionary transform processing [], (also described in the 1981-

82 Annual AFOSR -Report). The areas of concern are image data

compression, and image restoration. In both areas, using the

stationary radiometric and geometric transforms in conjunction

with nonadaptive processing algorithms proves to be superior

to the application of nonadaptive processing alone. In

section (V.1) we show results of data comoression ai-: ;-eie

0.6 bits/pixel for good quality imagery. Also, a scheme 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) Oata 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-

tic imagery rarely exhibits stationary statistical properties.

Consequently, the nonadaptive approaches to predictive, trans- i
form, and hybrid coding are far from optimum. Superior per-

formance is characteristic of the more sophisticated adaptive

image coding techniques [2]. An example is adaptive OPCCM, which
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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 quality

for the equivale-nt 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 cod-

ing problem. Starting with a nonstationary image, we propose to

use a radiometric/geometric transform [l which generates an

image with approximately wide-sense stationary first ana secona

moment statistics. Que 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 certain similarities to both predictive and trans-

form coding. We ;how that the radiometric transform acts in a

somewftat similar fashion to the adaptive quan:izers found in

other adaptive coding methods. The geometric transform 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
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applied to IDPCM (interpolative DPCM) data compression [3].

IDPCM is a coding technique which incorporates the essential

principles of conventional digital DPCM coding; it has been I
proposed for implementation using hybrid digital/optical

hardware. In this paper, we suggest that stationary trans-

forms are also suitable for hybrid digital/otical confi 'Jra-

tions.

Aplying Radiometric Transforms to Data Comoression

PCM coding generally yields images of acce .table qua .y

using a minimum of i bits, or 32 gray levels. JUse of fewer

bits results in "false contouring", especially in low contr.st

scenes, since relatively large regions may be assigned to a

single quantum level. Adaptive quantizers r4], C51 have been

developed which adaptively expand low contrast regions into tie

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 compression scheme is

outlined in Fig. 1.

The reduction in contouring effects using the radiometric

transform permits us to use lower bit rates. As Fig. 1 in-

dicates, we also need to transmit the values of u N and K for

each sub-block. The total bits can be calculated from the

equation I
Btotal • I

2 n + 16 [N]2 (1) 1

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
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sub-block 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 + 16 (2)

From Eq. (2), the overhead bit rate needed to transmit

the transform coefficients is 16/M 2 ; sub-blocks of 3 by 2

pixels require 0.25 bits/pixel, for examop e. Larger suD-b :CKS

of 16 by 16 pixels require only 0.063 bits/pixel; however, tie

image quality is slightly inferior.

Figures 2(a)-(f) illustrate several stages of 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 as - 100 is 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

£l yields Fig. 2(e). From Eq. 2 the final bit rate 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 bit rate is 2.25 bits/pixel. Quantization'distor-

tion and a block structure become apparent at this bit rate.

Data compression by the radiometric transform method bears some

resemblance to the method of block truncation coding [6).
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Both techniques require measurement of block statistics, fol-

lowed by a quantization scheme based on these statistics.

Applying Geometric Transforms to Data Compression

In [1) we discussed a geometric transform or warp which i
generates approx.imately stationary autocorrelation length in

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

expanding (by nonuniform interpolation) sub-blocks of low cor-

relation, for example, edges. Consider now an alternative 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 neigh:orhood.

Following the procedure outlined in [I1, we seiect os(3S) an

Ps(EW) to 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

N S
FNS 0-c FNS ( F < 1) (3)

s(14S)

with a similar equation for FEW'

The algorithm in C11 is used to compute warp control points

from the FsFE. values. A scheme for data compression via

geometric transformation is shown in Fig. 3. This orocess

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 I
Image (Fig. 2(e)) is represented in the geometric transform by
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the following number of pixels,

B/sub-block a M2 F NS FEW (4)

The total pixels for an image of size N by N is

B total a M r F NSFEW
all N

Assuming that a pair of bytes is sufficient to represent a pair

of control points, the number of overhead bits is

3 control points 16 (N 1)26)

Ignoring the factor of 1 in Eq. (6), the final bit rate us;

radiometric and geometric transforms is, from Eqs. '2, ,

and (6),

B/pixel M + 32
N all N F ' (7)

iLmage data overhead

The bit rate calculation above assumes equal-sized sub-blocks in

the computation of the two transforms. In practice, we can

usually use larger, hence fewer, blocks for the geometri: trans-

form with little effect on image quality. Block dimension is

more critical to image quality in the radiometric trans~orm.

Substituting new sub-block size- MR and MG in Eq. (7) gives

if /piLxe I MG 2  E FS! F l1

ie. if MR - MG , Eq. (8) reduces to Eq. (7)
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Following the procedure in [l], we measure the values of

ONS and oEW at each sub-block, and, from Eq. (3), compute the

compression ratios FNS and FEW. In accordance with the threshold I
limitations on ONS and PEW' the ranges of FNS and FEW are 3:1 and

2.6:1, respectively. Applying the geometrical transform based on

FNS and FEW El), we obtain the war:ed version of Fig. 2(e) in

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

tively unwarped, compared with regions of high correlation wnicn

have been undersampled (along and axis) y a factor approacning

3:1. The inverse warp produces Fig. 4'b).

The terms in Eq. (8) are: n a 3, N = 256, MG  - 16, MR = 3,

and ZFNSFEW a 105. The final bit rate of Fig. 4(b) is therefore

1.2 bits/pixel.

Aoplying Stationary Transforms to IDPCM Data Compression

I.terpoiative Differential PCM (IDPCM) was originally con-

ceived [3] as a vehicle for implementing conventional DPCM using

hybrid digital/optical hardware. 7he method involves dividing

the image into low and high frequency componenLs, then taking

advantage of the statisitcal properties of each component to

achieve Jata compression. Speclfically, the luw fr-equency image

is highly correlated, consequently only every other pixel on

evary other l~ne is tranimitted, u.cing 5 bits/pixel (to avoid

false co.touring). The hi;h frequency component has a small 3
absolut: range of amplitudes, and lo-.,' correlation, hence cvery

pixel is transmitted, except at locations where the low fre-

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 cod'-

ponent. The bit rate is computed using

B/pixel ( eLWP) + HF (9)

where LF and HF are the bits/pixel used in the low and high

frequency image components, respectively. Hence, ising L- = 5

and HF a 1, good quality imagery can be realizea with a data rate

of 2 bits/pixel.

IDPCM has two areas for potential improvement of bit

rates :

(1) The 5 bit coding of the low frequency image is inef-

ficient.

(2) Except for 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 roPcM. 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:
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(L.) low frequency imae:[ F N" zsw] ziF,

(Ui) high frequency iLmage 7NS J bis
SN , rj l N

(Uii) radiometric transform 16 N2  bts
overhead: -zi

,q 12 2
(iv) control points overhead: I I N:

. 6 + 11 1 -- bi: SLG J G

Summing (i) - (iv) and dividing by N2 gives the final bi: rate:

B/pixel (enhanced IDPCL)- . 3 H AMG2 Il NS -

LD .- I Z (10)

+ 16CL. +LTJ

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

enhanced IOPCM using sub-blocks Gf 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,

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

caused by the larger sub-block dimension of the radiometric trans-

form.

Hybrid Optical/Digital Implementation of Enhanced IDPCM I
To implement the IDPCM technique described above using 1

radiometric and geometric transforms, the following sequential

operations are required:*
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(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 frequency 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 :he

geometrically transformed high frequency image. This 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, but simply fills in

the missing pixels between the uniformly sampled points. This

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

and the inverse 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. We do not include
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hybrid data compression architecture here, since the principles

are essentially those of reference [1]. 3
(V.2) Image Restoration 1

We are currently investigating the following problems.

1. Spatially-variant deblurring

2. Spatially-adaptive noise filtering

Nonadaptive noise filtering is hamoered by the innerent non-

stationarity of image data. For example, the lowpass filter

required to achieve the desired reduction in noise Power may

cause intolerable blurring o edge details. Sn the other nana,

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,

followed by inverse transformation. (The radiometric transform

is 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 is processed in Fig. 7. The improvement gained by 3
adaptive filtering is marred by striations caused by noise correlations

inherent in the filtering of geometrically transformed images. '.4e are I

currently investigating ways of avoiding this effect.
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(A) Criginal

(b) 2-bit PCI

Fiq.2. Example of data compression using ft Radiomsai4c
Trans f om.
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(c) Radiometric Transform

(d) Radiometric Transform afzer 8 level quantization

. Zg (conzirtued)
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(a) Inverse Radiometric Transform (3.25 bi:s/qLel)

(f) Repeat of 2(d),(e) using 4 lecvels (2.25 btzsIpixe.)

Fig. 2 (coutimued)
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(a) Geomer:±ic Transform of Fig. 2(e).

Fig. 4. Example of Data Ccmpression by Radi4cme:z4c/'ece:r:-z

Trans--or=a
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(b) Result of data compression using the
Radicmetic/Geometric Transforms (1.2 bits/pixe.)

Fig. 4. (co-ntinued)
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(a) IM~ - 6 0.75 bics/pLael
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Fig. 6. Eonhad ZDPC 4. resul,S.
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Figure 7. Spatially Adaptive N~oise Filtering.

top left -original

top right -original plis noise

center - adaptively-filtered
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(VI.) Improved IDPCM Data Compression

The first technique which was successful in demonstrating

an optical architecture for image data compression was the method

referred to as IOPCM (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 created 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 method can be

implemented by simple optical masks, mis-focused apodized lenses,

and video subtraction imaging [I].

The data compression performance of IDPCM is adequate but

not impressive. Indeed, the overall image quality at a given

bit rate is often reminiscent of conventional DPCM data compres-

sion. For example, little if any degradation in image quality

Is seen for images compressed from 8 bits/pixel to 3 bits/pixel

by both DPCM and IDPCM. Dropping 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

performance from the IDPCM concept. One alternative is the

stationarity transformations discussed in the previous section.

With th.ese methods image compression rates of less than I 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 to IDPCM which

are less complicated.
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An avenue of pursuit for improved IDPCM is in the Fourier 3
coding technique which has been used so extensively in digital

image data compression. In this method an image is decomposed m

into blocks and the 2-dimension FFT is computed on each block. b

The Fourier coefficients produced in each block are then re-

quantized. The key to data compression by this method is in the

requantization. Typical images show a wide dynamic range in

the computed Fourier spectrum, with the largest values occuring

near D. 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 quantization at each spatial frequency coef-

ficient, it is possible to quantize coefficients near 0. C. at

8-10 bits and coefficients near Nyquist frequency at 0-2 bits,

with little overall error. Using these techniques in an adap-

tive mode, it is possible to create quantization schemes with

bit rates on the average of less than 1 bit per pixel.

The applicability of this technique to rDPCM has been the

subject of the current set of investigations. There is substan-

tial difference between IDPCM coding of imagery and conventional

Fourier coding of imagery, and this difference leads to ques-

tions as to the applicability of Fourier coding to IDPCM. Soec-

Ifically, Fourier coding integrates the low spatial frequency
- S

and high spatial frequency components into one set of quantization
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assignments for the Fourier frequency components. However, an

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

spatial frequency set of image samples.

Analysis of the IOPCM technique indicates the efficiency

with which the Vow spatial frequency component is represented.

For example, consider an image with 8 bits per sample initial

data rate. If 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 8/4 a 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

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 [I].

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 bits. An example can be seen in Pratt's

book [Z1, where a typical bit assignment mask for a Fourier

coding algorithm averages less than I-bit per pixel for the

high-frequencies. Indeed, it is aften possible to neglect the

highest spatial frequencies in both x and y directions. That

is, a typical bit assignment mask may assign one-bit per Fourier

coefficient to the x or y Nyquist frequency, but zero-bits to

the joint Nyquist frequency of x and y. (See Fig. (VI.l)).
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In Figure VI.1 we see the dominance of low frequencies for the

assignment of quantization bits. In an IDPCM system, the low

frequencies are subtracted out from one image, so that the high

frequency components would represent only the values that

would require quantization 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 0 2 1 1 1

0 0 0 0 2 I 1 1

0 0 0 0 2 1 1 0

2 2 2 2 2 1 0 0

" 1 1 1 0 0 0 0

1 1 1 1 0 0 0 0

I I 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

(i.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 trial-and-error studies over a variety of images which are

selected 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
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verification. Initial results indicate that:

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

I
(2) 'The bit-rites associated with a Fourier coding of IOPCM

will be competitive with conventional Fourier image coding.

Since ICPCM was an optical method for image data compres-

sion, the introduction of Fourier coding leads to a hybrid

optical/digital method for image data compression. The reference

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

forward means to implement the Fourier coding would be by a

digital Fourier transform of the high-frequency component of

IDPCM.

I
!
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