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Abstract

Transmission of images over low speed, low bandwidth channels has several applications. Ex-
amples include transmission of remote sensing images, scanning of vast global databases and
facsimile transmission of printed material. In progressive image transmission, a low resolution
image is first transmitted with as few bits as possible. The resolution of the transmitted image
is then improved interactively upon viewer’s request. Eventually, an exact copy of the original
image is reconstructed.

In this thesis, image coding techniques and parallel architectures are first reviewed followed by
a review of progressive image transmission techniques. A software toolkit {or progressive image
transmission is then presented. This tool is user-friendly and permits rapid development of
new algorithms and fast evaluations of different approaches for progressive image transmission.
Unlike conventional technigues, it offers a convenient platform for performing both objective
and subjective evaluations with ease. Two algorithms for progressive image transmission are
then detailed. The first algorithm follows the coefficient scanning methodology. The second
algorithm uses an iterative residual error feedback technique. An architecture which implements
these algorithms in real-time is then presented.

The software tool is used as the platform with which the comparative analysis between different
algorithms are performed. Simulation results are reported for the proposed algorithms in terms
of Peak Signal to Noise Ratio (PSNR). Simulation results indicate that the proposed algorithms
perform better than JPEG-DCT in terms of subjective and objective quality. However, Gabor
decomposition is computationally expensive and hence requires special purpose architectures for
real-time implementation. The proposed architecture achieves a high efficiency of parallelism
(99 %) and implements the two algorithms for progressive image transmission in real-time. The
architecture is simple and modular and hence can be easily implemented in VLSI as a codec.
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Chapter 1

Introduction

1.1 Progressive Image Transmission

Transmission of still images is an important field in image communications. Many im-
portant applications such as teleconferencing, still image broadcasting, remotesurveil-
lance, computer graphics communications, interactive visual database search, elc. are
based on the technology of image communications. Interactive image communications
over low bandwidth channels is an emerging area of study. [ts applications include
scanning of vast global image databases, digital video on demand, elc.

Interactive low-bandwidth image communications are best served by progressive im-
age transmission (PIT). In PIT, a low resolution version of the image is first trans-
mitted. Upon viewers’ request, the resolution is further enhanced interactively until

the desired fidelity is achieved.



1.2 Definition of the Problem

PIT applications such as interactive scanning of a large image database require that
the user be able Lo decide and zoom in on the desired image . Hence the PIT scheme
must not, only be subjectively appealing but also be capable of transmitting as much
gross structural information as possible in the first iterations.

The basic requirements of a PIT scheme can be summarized as follows:

1) The image to be transmitied must be reorganized in a form suitable

for progressive image transmission.

2) The first approximations, transmitted at a very low bit rate, must provide enough

gross structural information so that the image can be recognized.

3) The algorithm should provide a good coding performance.

4) I desired, the algorithm should provide a lossless reproduction of the original image.

1.3 Investigated approach

In this thesis the problem of PIT is approached {rom three different perspectives. In
order to evaluate different techniques, a software tool is first introduced. Algorithms
for PIT using Gabor decomposition are then presented. In order to implement these
algorithms, a high performance systolic array architecture is then designed.

In order to compare different PIT techniques, a unified platform is desired which
enables fast and efficient evaluations of different algorithms. In this thesis, an X-
window based toolkit is developed which enables rapid prototyping of new algorithms
and performs both objective and subjective comparisons with ease. This tool has an
open architecture capability and hence permits addition of new algorithms with ease.
It also enables simultaneous evaluations of two or more techniques, both in terms of

objective and subjective measures.



From the algorithmic perspective, Gabor decomposition was chosen as the underlying
technique. Gabor decomposition has been found to be very attractive for image
compression. The main advantage of using Gabor clementary functions (GEF) is
their ability to achieve the lowest bound on the joint entropy of data in the spatial-
frequency domain. They are capable of exploiting the image data correlation and are
also well suited for multiresolution pyramidal schemes. The main drawback of these
GEF's is the non-orthogonality of the basis functions. Thus an analytical solution does
not exist. Iterative solutions or approximations such as singular value decomposition
have been applied in the past to tackle this problem. Singular value decomposition
is a powerful technique which is computable with relative ease. In this thesis, the
singular value decomposition approach is used.

Although the Gabor kernel has been calculated using techniques such as SVD or bi-
orthogonal functions, the decomposition of an image is still compute inlensive and
therefore needs special purpose architectures for real-lime implementations. It has
been shown that Gabor decomposition can be reformulated as a matrix multiplica-
tion operation [60). Systolic arrays are efficient for matrix multiplication problems
[68) and content-addressable memories offer fast data access (67]. In this thesis, we
propose a systolic array - content addressable memory archilecture for real-lime Ga-

bor decomposition.

1.4 Thesis organization

The thesis is organized as follows: Chapter 2 reviews image coding and architec-
tures for image coding. Chapter 3 presents different progressive image transmission
techniques that have been proposed in the literature. Chapler 4 delails the software
toolkit which will be used for performing the necessary evaluations of different PIT

schemes. Chapter 5 outlines the two algorithms for PIT using Gabor decomposition.



Chapter 6 describes the codec for real-time implementation of Gabor decomposition.

This follows in Chapter 7 with the conclusions and suggestions for further research.

1.5 Main contributions

The main contributions of this thesis are summarized below:

e Development of a software toolkit which permits convenient evaluations of
different algorithms and protyping of new algorithms for PIT.
¢ Algorithms for PIT using Gabor decomposition.

e Architecture for real-time Gabor decomposition.



Chapter 2

Image coding

In this chapter, the basic concepts of information theory, including distortion mea-
sures for image coding are first presented. A short review of lossless and lossy image
coding follows. This continues with a discussion on Gabor decomposition. Finally, a

short review of different image coding architectures is presented.

2.1 Source coding theory

In source coding theory, the two basic concepts are eniropy and rute distorlion. Rate
distorion theory provides a lower bound on the average bit rate for a given distortion
and hence an upper bound on the performance of different coders. The lowest bit rate
required to represent an information source without any loss is called the entropy of
the source. Entropy is a very useful measure since it provides the minimum average
bit rate for perfect reconstruction. The concepis of entropy .nd rate distortion are

detailed in the following sections.



2.1.1 Entropy

Consider an image of size N x N with each pixel quantized to K gray levels. A total
of KN*N possible image patterns can be generated by the image source. Let the

probablity of a specific image patiern be given by p(z) where
z=zy1,j=01 - ,N-1, (2.1)

where z;; is the (4, /)th element of z. The average information of the source is specified

by its entropy which is defined as [1]:

1
NxN

H(X) = > p(z)log, p(z) bits/pizel. (2.2)

all =

It has been shown that the source entropy is bounded by 0 and log, K, that is [2],
0 < H(X) <log, K. (2.3)

The left side equality holds if all probabilities except one are zero, in which case the
source is totally predictable. The right side equality holds when every source symbol
has an equal probabilily. The redundancy of the source is the difference between
log, K and the source entropy H(X).

If every pixel in an image were stalistically independent, then the source probability

p(z) can be expressed as:
N-1
p(z) = [I pi(zis) (2.4)
ij=0
Here, pi; represents the probability that the pixel Xj;, of the image source X, has a

value equal to z;;. In this case we get H(X) as:

N1
H(X) = -5 :( N Yo 2 piilmis) logg pij(zis). (2.5)

6L7=0all =

In practice, the statistical information of an image, p(z), is, however, not easily

measured or modelled and therefore, the true entropy of the image is, in general, very



difficult to obtain. Hence a simpler measure, the first order entropy H'(X), which is

defined on a pixel-by-pixel basis is often used. H'(X) can be defined as:

N-1
HY(X)= -3 Pilog, Pr. (2.6)

k=0

If the pixels of the image are identically and independently distributed {i.i.d), that is:
Pl'i(ml'i) = PuU(xuU)a for Lij = Tyuy (2.7)

then the entropy H{X) of the image then equals the first order entropy, H'(X):

H(X)=HY{X)= —NE-I Py log, P. (2.8)

k=0
In this case, P} is simply the probability of the occurence of the kth grey level value.

2.1.2 Rate Distortion Function

The entropy of a source determines the lower bound on the average bit. rate for lossless
coding. For lossy coding, the rate distortion function (RDF) determines the minimum
distortion that can be achieved for a given average bit rate. Hence the RDF provides
an upper bound on the performance of practical coders [3]. The RDF is a measure
of transmission of information from the source to the receiver. The average mutual

information INxN(X,)?) between the source and the receiver is defined as:

INxN =

. p(2/z)
PR e ey M

This is a measure of the statistical dependence between the source oulput, X and the

NxN

decoded output X. Since p(2)p(é/z) = p(z, ), it follows that

> ple)p(E/z) = 3 plz, &) = p(&) (2.10)

all z all

and therefore,

1 R %[z
W P8 o el (2.11)



We can show that

Ingn = H(X) = H(X/X) (2.12)

where H(X/X) is the entropy of the source X given the decoder output X. Hence
the mutual information between X and X is the difference in the uncertainty at the
source X and the uncertainty at the source X given the decoder output X. If the

encoding is lossless then the average mutual information is given by:
Inun = H(X) = H(X/X) = H(X) (2.13)

This implies that for lossless coding, the least average bit rate is H{X). On the other
hand, if there is no information between the encoder and the decoder, the mutual
information Inxn is equal to 0. Therefore, the average mutual information is lower

bounded by 0 and upper bounded by the source entropy, i.e.
0 < Inxn £ H(X). (2.14)

If we define a distance or distortion measure d(z,Z) between z and %, the average
distortion per pixel is therefore,

D= CEX, R = o O dedple)p(/z). (215

= N , )—NXN z, 2)p(z)p(&/ z). (2.15)

all =%

The N x N block rate dislortion function Ryxn(D) [4] is defined as the minimum
average mutual information between X and X subject to the constraint of a fixed
average distortion D:

Ryun(D) = i;;g/z) Inkn(X, X). (2.16)
Note that since the source is known, the minimization can only be over the conditional
probability p(£/2). The rate distortion {unction R(D) [4] is simply the limiting value
of the N x N - block rate distortion function Ryxn({D) as the block size N x N — o0,

R(DY= lim Rvxn(D). (2.17)

NxN—ew



In other words, the distortion D and the mutual information Iy n(N, ‘:’) depend
on the type of source coding. However, there is a minimum /yyn that is needed
so that the average distortion of reconstruction at the destination does not exceed
the specified upper limit D. This minimum value of Inxn is R(D). For perlect
reconstruction (D = 0), the bit rate required is just equal to the source entropy or

average self-information,

R(O0) = H(X) (2.18)

2.1.3 Distortion Measure

In order to evaluale a coding scheme, a distortion measure has to be used which is
a cost function d(z,z) for reproducing the input z by an output &. With such a
cost function, the performance of a coding system can be evaluated using the average
distortion introduced by the coding system, E[d(X, X)],
Eld(X, X)) = > dz,)p(z, ). (2.19)
all z,%

To be of value for both design and comparison, a distortion measure must be:

s Computable, so that it can be efliciently evaluated in real thne;
¢ Subjectively meaningful so that it correlates well with human visual observalions;

o Tractable, so thal it is mathematically analyzable.

One of the most popular distortion measures used in image coding is the Peak Signal

to Noise Ratio (PSNR) [5], defined as:

2565 « 255

Peak Signal to Noise Ratio "SNR) = lOlogm(W)

(2.20)

where

1 M N
MSE = R SO (uis ~ vij)? (2.21)

i=1 j=1



The other distortion measures that are used include, the Normalized mean square
error (NMSE), Signal to Noise ratio (SNR) and Mean absolute error (MAE) defined

as follows:

[sM, S8 (i — vy

Normalized mean square error(NMSE) = (2.22)
[E?il Z;y:i(”ii)]

Signal to Noise Ratio(SNR) = 10}0310(}#551) (2.23)

Mazimum Absolute Error(M AE)} = max(|u;; — v Vi=1,-- -, Mandj=1,--- N

(2.24)

where u;; is the original image pixel and v;; is the reconstructed image pixel.
Neither the mean square error nor the mean absolute error correlate very well with
the subjective ratings. For example, two different images with the same SNR values
may receive very different subjective evaluations. There is a considerable effort in the
research community to define newer measures which yield higher correlation with the
subjective observations (6, 7].

In this thesis, the PSNR is used as the standard distortion mecasure for evaluating
different schemes for progressive image transmission. This measure is analytically
tractable and computable in real-time. The low and high PSNR ratings correspond
to low and high subjective quality, respectively. In this thesis, in order to compare
the different coding schemes, rate distortion curves (PSNR vs. bit rate) are used as

evaluation measures.

2.2 Lossless coding

In natural images, there exists a high degree of correlation between the neighbouring
pixels, implying statistical redundancy in the image. In lossless coding, this redun-

dancy is exploited in such a way that the process in reversible; i.e the original image

10



is recovered exactly. There is a lot of interest in lossless techniques, especially in
applications such as medical imaging. In this thesis, arithmetic coding is used for

lossless encoding. The following section presents a brief review of arithmetic coding,.

2.2.1 Arithmetic coding

Arithmetic coding is an optimal variable length coding scheme. 1t can achieve higher
compression than Huffman coding. In Huffman coding, the minimum number of bits
required to represent a source symbol is 1 bit. Arithmetic coding achieves fractional
bit allocations for source symbols. Hence the performance of arithmetic coders is
superior and approaches the source entropy. Huffman coding is optimal only for
those sources whose symbol probabilities are negalive powers of two.

In arithmetic coding scheme [13], a message is represented by an interval of real
numbers between 0 and 1. As the message becomes longer, the interval needed Lo
represent it becomes smaller and the number of bits required to specify the interval
grows. Successive symbols reduce the interval in accordance with Lthe symbol proba-
bilities. The most likely symbols reduce the size of the interval less than the unilikely
symbols and hence add fewer bits to the message. Before Lthe message is transmitted,
the range is [0,1). As each symbol is processed, the range is narrowed to that portion
allocated to the symbol. For example, let the source alphabet be {a,e,i,0,1,! i\ﬁtll
a fixed probability table as shown in Table 2.6. Let the transmitted message be eaiil
Initially, both the encoder and the decoder know that the range is [0,1). After seeing
the first symbol, e, the encoder narrows the range to [0.2,0.5), the range allocated
to this symbol as in Table 2.1, The second symbol, e, will narrow this new range to
first one-fifth of it, since a has been allocated to [0,0.2). This reduces the range to

{0.2,0.26). Proceeding this way, the encoded message builds up as follows:

Initially [0,1)
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after seeing e [0.2,0.5)
a  [0.2,0.26)
i [0.23,0.236)
j [0.233,0.2336)
| [0.23354,0.2336)

It is not necessary for the decoder to know both the ends of the range. Any number
within the range is sufficient for the decoder to decode the transmitted message, for
example 0.23355. Since the decoder will not know when to stop as a single number
0.0 could mean @, aa, ace and so on. To resolve this ambiguity, a special EOF (end
of file) symbol is used. When the decoder sees this symbol, it stops decoding.

The decoder operates by simulating the encoder: given the number 0.23355, it decodes
that the first symbol is e since it lies within the range [0.2,0.5). The decoder proceeds
similarly to decode the resi of the message.

Arithmetic coding scheme can also be implemented in an adaptive manner in which
the symbol probabilities are upated as the message is transmitted symbol by symbol.
In addition to this; in order to aveid situations such as numeric underflows which
occur when the interval is finer than the finite precision of the computer, refresh
schemes are built into the arithinetic coder and decoder {14].

Varible length coding schemes (also known as entropy coding schemes) are typically
used to exploit any residual redundancy in encoded images using techniques as DCT
and VQ. The use of these techniques are not limited to images but also applicable to

text files, audio signals, etc. as well.

2.3 Lossy Coding

In lossy coding, the objective is to reduce the transmission bit rate subject to some

image quality constraint. There are two classes of lossy techniques: predictive coding
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and transform coding. Both techniques have their relative advantages and limita-
tions, From an implementation point of view, the predictive techniques are simpler
to implement and real-time compression is possible. Real-time or near real-time per-
formance can be achieved using transform coding schemes with the advent of special
purpose VLSI chip sets. Transform coding achieves higher performance in terms of
compression ratio {or a given distortion value. In transform coding, the errors arising
from quantization are spread over the whole block as opposed to being limited to
one or two pixels. Hence, in transform coding, the errors are less severe in terms of
subjective quality.

The differential pulse-code modulation (DPCM) [2] is perhaps the basic scheme of
predictive coding. In DPCM the value of the pixel to be coded is predicted from the
previous pixels and then the predicted estimate is subtracted {from Lhe actual value.
A special case of DPCM is delta modulation in which the difference is categorized
into two classes: positive and not-positive. It is an extreme form of DPCM and is not.
very efficient for rapidly changing image data. Predictive coding is local in nature
and is hence quite adaptive. Nevertheless in order to achieve improved performance,
an adaptive design can be employed for a predictive coder. For example, in linear

prediction, the correlations and the weighting coefficients are recomputed periodically.

2.3.1 Transform coding

In transform coding, the input image X of size N x N undergoes an orthogonal

transform:

Q=AXA (2.25)

and the resulting decorrelated coefficients Q;; of the transformed image are quantized
and entropy coded. At the receiver, the quantized coefficients are inverse transformed

to give the reconstructed image.

13



An optimum orthogonal transform completely decorrelates the transform coefficients
and therefore achieves high compression. If the transform coefficients are decorre-
lated, the geometric mean of their variances is minimized which implies that the
reconstruction error is minimized [2]. The Karhunen-Loeve transform is a well known
optimum orthogonal transform. However the huge computational overhead associ-
ated with the KLT makes it difficult to implement. Moreover, the KLT transform
kernel is image dependent. Hence it is not very practical to implement. Sub-optimal
transforms such as Discrete Cosine Transform (DCT) are more frequently used in
transform image coding.

Two useful properties of orthogonal transform coding are now highlighted [2}:

1) The average energy of the transformed image is equal to the average energy of the

input image, that is,

1 N-1 2 1 N-1 . )
2 - .= gZ, 2.
N < N ‘_IJEO giy Nx N ;,,Z=o Ox.ij Oz ( 26)

Here o} = E(Q}), &,5 = 0,1,---, N=11is the second moment of the (%, j)th transform
coefficient and ¢2;; = E(X}), i,j = 0,1,.--,N — 1 is the second moment of the
(2,7)th input element.

2) The average reconstruclion error variance is equal to the average quantization error

variance in the transform domain, that is,

2 1 N-l " 1 Nl \ )
Tl = ———— g, = P 2.27
" NxN l'.jz=0 i T N x N ‘_‘JZ:o PRY) q ( )
pere “3,;,' = (X - Xﬁ)z)’ ,j =0,1,..., N=1, is the reconstruction error variance

of the (4, j)th input element and ¢2;; = E((Qi; - Qij)z), i,7j=0,1,---,N=1, is the
quantization error variance of the (2, 7)th transform coefficient.

Equations 2.26 and 2.27 imply that the analysis in the spatial domain will be com-
pletely reflected in the transform domain in terms of the average value of the second

moment.,
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Quantization

In terms of scalar quantization, the quantization error variance ¢ can be related to

the input signal variance o2 as follows [2],

o2 = e2o? = 227807 (2.28)
Here €2 = €227%8 is the quantizer performance factor which depends on the probability

density function (PDF) of the input signal and on the quantizer characteristics,
especially with regards to the number of quantization levels. The quantity €* can be
considered as a variable correction factor that takes into account the performance of

a practical quantizer and B is the number of bits assigned to the quantizer.

Bit Allocation

The bit allocation map indicates the number of bits assigned Lo cach coefficient in the
transform domain. The advantage of using an optimal bit allocation in the transform
domain is now evaluated. It is first shown thatl there is little benefit obtained by
transforming the input image without optimizing the bit allocation; in other words, if
equal bit allocation is used for the transform coefficients. We then calculate the gain
that can be achieved using an optimal bit allocation subject to the minimization of
the average coefficient error variance for a fixed bit rale.

For the sake of analysis, it is assumed thai all elements in the spalial and transform
domains have probability distribution functions of the same type butl with different
variances. An equal bit allocation is assumed; Lhat is, all the elements X;;,i,7 =
0,1,---,N —1 in the spatial domain and Q;;,2,7 =0,1,---, N — 1 in the transform
domain are assigned the same number of bits B {the average bit rate). From equation
2.28, the quantization error variance for the element X;; of the inputl image X can
be written as,

2 _ 2 —28.2 _ .2 o-28_2
Og5D,ij = €sDij2 Ozuj = €spl  Og s (2.29)

15



Here, ek ;; = €&p based on the assumption that all the elements in the spatial domain
have probability distribution functions of the same type but different variances and
that an equal bit allocation is used. The average quantization error variance in the
spatial domain is, therefore,

2 1 NE-I 2
o = e——m— 0‘ ..
¢.5D %SDIU
NxN P
1 = 2 2B 2
= —— ) €5p2 0l
NxN o
1 N=1 .
Nx N 2,0

=0

= e§p27""

= E§D2'2803. (2-30)

In a similar [ashion, the quantization error variance for the transform coefficient @Q;;
can be writien as,
2

2 _ .2 -28_2 _ .2 n-2B_2
aq.TD.ij_eTD.ij?' "'ij'"'iTD2 Tijr (2.31)

Once more €3p;; = €5.p based on the same assumption as in the spatial case, and the

average quantization error variance in the transform domain is, therefore similarly,
2 _ 2 o-2B_2
a.q,TD = Csz o, (2.32)

For both cases, the average quantization (reconstruction) error variance is propor-
tional to the average energy of the input image (or the arithmetic mean of the trans-
form coeflicient variance). if logarithi:ic quantization is assumed in both the spatial

and transform domains,
€& = ¢rp. (2.33)

Note that logarithmic quantizalion is very insensitive to a mismatch relative to the

PDF of the input sources [2}. Therefore, it is clear from equations 2.30 and 2.32 that,

TerD = OasD: (2.34)

16



In other words, there is very little benefit obtained by transforming the input image
and just using an equal bit allocation in transform domain.

We now calculate the gain that can be achieved by optimally distributing the bits
among the transform coefficients. Let B;; be the number of biis allocated to the

(¢, 7)th transform coefficient, then, B, the average bit rate is given by,

i
NxN

N-1
3 Bj (2.35)

t,7=0

B =

The average coefficient quantization error variance, 03, is

2 1 2 1 = 2 285 2
WEN=N Z 994 = N N Z €527 V05 (2.36)
1j=0 t,J=0
where
0 = €527 Pl (2.37)

The optimality is with regard o the minimization of a'; under the constraint of a
fixed average bit rate B. The calculation of the gain follows [2], where the € 1,5 =
0,1,--+,N — 1, are no longer constant. In fact, €}; 2,7 = 0,1,---,N — 1 depend on
both the number of bits assigned to and the PDF of the coefficients [2].

If we calculate the gain using Lagrange multiplier method given in [2], we get an

optimum bit allocation given by

N-)

1
Bi;j =B+ zlog, &0’ — 3 - log, ok
4 2 %1575 T XN 42
B+1l 4% i =0,1, N =1 (2.8)
= 5 1082 y Ly=EU Ly iy =1 .
2 - bory
[HkN,l=lﬁ cho ;‘;f]

It should be observed that the number of quantizer levels 2% is proportional to
both the coefficient variance, of;, and the quantizer performance factor, ¢%. The
bit allocation formula (equation 2.38) also implies identical error variances in the

coefficient quantization:

2 . 20n=285 12
Okl = €2 O
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ki=
N=1
= c2278(I] of)™®, 4,j=0,1,---,N~-1 (2.39)
kl=
where
N=1
&= (][ &)vm (2.40)
k=

Therefore, the average reconstruction error variance is

., g . .2 1 -28( =, .
min(e;) = min(cy) = Nl E oaq = €02 k!l |00’k1) x (2.41)
i\j= A=

Note that the average reconstruction error variance is proportional to the geometric
mean of the coeflicient variances.
The ratio of distortion with the optimum bit allocation to that with equal bit alloca-

tion in the trantform domain is, therefore,

min(ag) 22'25(1-]‘,_0 O'u)ﬁ - € (H 1,j=0 au)ﬁ -

(2.42
Tarp " ehp2- e =i -J-O 0% o wew it =0 0 )
if
€
L (2.43)
€Tp

which is a reasonable approximation in the case of logarithmic quantization [2], then,
a<l (2.44)
with equality if, and only if, all the variances of the coefficients are equal.

Transform Coding Gain

Based on the above analysis, it can be concluded that,
1) The optimal transform minimizes the geometric mean of the transform coefficient

variances and keeps the arithmetic mean constant (equation 2.26).
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2) The optimum bit allocation results in an average reconstruction error variance
proportional to the geometric mean (equation 2.41), instead of the arithmetic mean,
of the transform coefficient variances.

The gain due to transform coding (2] is just the reciprocal of «, i.e. the ratio of the

arithmetic mean to the geometric mean of the transform coeflicient variances.

Other transform coding techniques

A transform domain technique which is gaining importance is the wavelet approach.
Wavelets are a technique for multiresolution representation of image data [15, 16]. At
different resolutions, the details of an image generally characlerize different physical
structures of the scene. This hierarchical framework is very useful in understanding
image information. Wavelets are very useful in pattern recognition. They have also

been successfully applied in image compression with good results (15, 16].

2.3.2 Vector quantization

Rate distortion theory [4] states that better performance can be achieved by coding
vectors instead of scalars. Vector quantization(VQ) design techniques and various
VQ structures have been developed recently [19]. In VQ a block of input data is
quantized together as opposed to scalar quantization where an unit of data is treated
seperately. In VQ, the input vector V, drawn from an M-dimensional Euclidean space
is mapped onto a finite set of reproduction vectors. In other words, the input vector
V is represented by V, the vector quantized version of V. This can be represented
as:

oV)=V (2.45)

where ¢(.) represents the quantization operation. VQ techniques are of many types,

varying in their complexity and performance [19]. The basic principle of all VQ
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techniques remains the same; grouping a black of data into a finite number of vectors.
Instead of transmitting the actual elements, it is sufficient to transmit a label pointing
to the nearest codeword vector and the reconstruction process is a simple lookup table
operation.

VQ is a generic technique which can be combined with other techniques such as

transform coding to improve the coding performance [19].

2.4 Gabor Decomposition

As in transform coding, Gabor decomposition transforms the input image into a
frequency domain representation. It is different from transform coding in the sense
that it transforms the input image into a joint spatial-frequency domain. It has
been shown that image representation in the visual cortex involves both spatial and
frequency variables [58]. In addition, both the measured receptive fields and the
frequency Luning curves of the visual system conform closely with the functional
form of Gabor elementary signals. Hence Gabor decomposition is an attractive tool
for pattern recognition, image analysis and image compression.

The Gabor elementary functions (GEF) are a set of Gaussian functions that are
modulated by complex sinusoids. In Gabor decomposition, the signal is represented
in terms of a series of modulated Gaussian windows. Figs. 2.1, 2.2 and 2.3 show
some of the basis functions of Gabor decomposition and DCT. From these figures, we
can see that compared to the basis functions of DCT, the Gabor functions are very
smooth and taper down gradually. This results in a considerable reduction in the
blocking effect and therefore a higher subjective quality of the reconstructed image.
The main advantage of using Gabor elementary functions (GEFs) is their ability in
achieving the lowest bound on the joint entropy of data in the joint spatial-frequency

domain, They are capable of exploiting the image data correlation and are also well
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suited for multiresolution pyramidal schemes. The main drawback of these GEFs
is the non-orthogonality of the basis functions. Thus an analytical solution does
not exist. Daugman [59] has proposed a neural network architecture for calculating
the coefficients of decomposition. This method suffers from being iterative in nature,
Ebrahimi et al. [60] have proposed a method based on the least squares approximation
for computing the coefficients of decomposition. In this approach, the operation of
Gabor decomposition is reduced to a matrix multiplication operation.

We now present the formalism of one-dimensional and two-dimensional Gabor func-

tions.

2.4.1 1-D and 2-D Gabor functions

In the 1-D case, the Gabor function can be expressed as:

Gman(t) = §p(t — mD) exp(jnilt) (2.46)

where

3o(t) = ezpl—n(t/ DY (2.47)
where 0 < &,
The parameters D and  determine the scale of this modulated Gaussian in the time
and frequency domains, respectively. The indices m and n specily the spatial and

frequency locations, respectively. The Fourier transform of a Gabor function can be

expressed as:
VI

Gmanl(w) = ——ﬁ—-‘n(w — nfl)ezp|—jmD{w — n)] (2.48)

When the scaling parameters D and Q are chosen such that @ < %, the representation
is noncritical. It contairs some redundancy in the spatial-lrequency information.
When 8 = 2%, there is no redundancy in representation and is the critical case.

This case is of interest from the perspective of image compression and hence will be
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considered in this thesis. However, for applications such as image analysis, noncritical
formulations may be of interest [17, 18].

The 2-D seperable Gabor funclion can be expressed in the spatial domain as:

gml.nl.m2.n2(k1| k‘l) = gml.nl(kl )gmz,nZ(kZ): (2'49)

where g (k) is the 1-D Gabor function.

2.4.2 Pyramidal Gabor functions

We note that the central frequencies (m,n) have octave relationships [57, 59]. Hence,
coding an image based on logarithmic scaling along the frequency axis (i.e., using
octave relations instead of harmonic) results in a pyramidal Gabor scheme. This
scheme is similar to the conventional pyramidal representation in the sense that the
elementary funclions have similar shapes but vary in their effective widths, The

elementary functions of order (m,s) are given by:

. =0
hm.s(t) = I for ’ (2'50)
g2kt = 271 mD] for s#0
where
3 2bl-1
n(s) = 5 sgn(s) for s=-N, -+, -1,0,1,-+- N (2.51)

and gp(.) is given by equation 2.47. We note that these pyramidal functions are also

optimally localized in the joint spatial-frequency domains.

2.4.3 Discrete Gabor functions

In the discrete case, the relationship between the 1-D sampled signal {f(k)} and
its discrete expansion into a weighted sum of elementary functions {gi(k)} can be
expressed in malrix notation as:

f=G-x, (2.52)
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where

f(0) 90(0) ... gna(0) z(0)
: ,G = : : X = : 2.53)
f(M~-1) go(M-=1) ... gvar(M -1) z(N =1)

The 2-D seperable Gabor expansion can be similarly expressed as:
F=G; X -GI, (2.54)

where F is the image data matrix and X is the array of Gabor coeflicients.

We note that the transform matrices G1 and Gg are banded matrices. For example,
a 4 x 4 transform matrix is given as:

- -

any a2 0 0

azn ax a O

i

G, (2.55)

0 axn axm ay

L 0 0 ug Qaq |

This matrix has a bandwidih p = 3 where the bandwidth is defined as the maximum

number of non-zero elements in any row / column of the matrix.

2.4.4 Inverse Gabor decomposition
We note from section 2.4.3 that:
F=G; X GI, (2.56)

The original image, F, can be computed [rom the Gabor coefficients, X if Gy and
G, are known. Since the GEFs are not orthogonal, an analylic solution for the

decomposition is not always possible. This means thal, the matrices &, and G, are

not invertible.
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Several solutions have been proposed for the evaluation of the Gabor coefficients [59) -
[64]. The use of biorthogonal functions [62] provides an analytical method of finding
Gabor coefficients. In this approach, a biorthogonal function «(t) is first defined
which is then used to compute the coefficients of decomposition. This method defines
an irrational number, Lo as a normalization constant. The problem then reduces
to that of finding a suitable aproximation to Lo [64). This method suffers from the
limitations imposed on the values of the scaling parameters D and . Hence, it
does not necessarily permit the choice of optimal scaling parameters. Zak-transform
[63] can be used to compute Gabor coefficients. This technique is more efficient
and achieves higher precision in the resulting coefficients. It is also a fast method
for the computation of Gabor cocfficients. However, Zak-transform suffers from the
instability of coefficients as it can result in division by zero in some cases. Hence
it is limited in its use. An iterative approach employed to compute the coefficients
needs a special purpose architecture for execution which is detailed in section 2.5. A
powerful technique, using least mean squares approximations is proposed in [60]. This
technique uses singular value decomposition (SVD) for computing the approximate
inverses of the matrices Gy and Go. 1t is computationally tractable and is very robust.

This technique is employed in this thesis.

2.5 Image Coding Architectures

The non-availablity of economical real-time codecs is a limiting factor in the widespread
use of interactive image communications. Recently, the design of low cost compres-
sion and decompression hardware is receiving considerable attention from both the
academia and industry. Some powerful architectures have been proposed for efficient
algorithms like vector quantization {27, 28].

In this section, we review some of the architectures that have been proposed. We will
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review some VLSI implementations for the JPEG-DCT, H.261 and MPEG standard

algorithms and some of the proposed implementations for Gabor decomposition.

2.5.1 Codecs for the image coding standards

Recently, chipsets and codec products were offered for the JPEG-DCT, H.261 and
MPEG standard algorithms. Among the first chipsets offered for the JPEG-DCT
and H.261 algorithms were those by LSI Logic Corp [23]. For H.261 and MPEG, LSI
Logic has a seven-chip set, one chip for each functional block such as DCT, VLC,
motion estimation estimation, inter/intra {rame decision. Graphics Communications
America has a twelve-chip set for the H.261 [21]. AT&T Bell Laboratories has re-
cently proposed a chipset which executes the MPEG and H.261 algorithms along with
JPEG-DCT (21]. The chipset comprises of 4 chips; lwo different encoder oplions, one
decoder, and one system controller. Unlike the previous designs where each module
of the algorithm were on a seperate chip, each chip in Lhis set is more comprehensive
in its function. Pictel offers a codec for H.261 and the JPEG-DCT algorithms.

All the chipsets can be used elfectively to build systems that fit onto an expansion
slot on a personal computer. These systems are powerful real-time implementations
of the standard coding algorithms (JPEG-DCT. , MPEG, H.261, etc.). However,
for the next generation of coding techniques, these implementations may not always

provide real-time performance [21].

2.5.2 Implementations of Gabor decomposition

Recently two implementations of Gabor decomposition have been proposed in liter-
ature [59, 65]. One implementation is based on a three layered neural network and

the other is an associative string processor (ASP).
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Since Gabor decomposition does not have an analytical solution and usage of biorthog-
onal functions [58] may restrict the conjoint sampling rates, an iterative solution offers
more flexibility in terms of the choice of the Gabor parameters and hence good com-
pression. This issue is addressed in the neural network model [59]. This network
consists of three layers with the upper and lower layers having fixed weights and
the middle Jayer capable of adjusting its weights. This neural network is shown in
Fig. 2.4. The image I(z,y) is an N x N image whose Gabor coefficients are a; and
the basis functions are Gi[z,y]. Since Gi[z, y] set of functions are not orthogonal, the

solution for a; is not simple. If; H{z,y) is such that:
Il(m) y) = z a;G‘;[z, y] (2‘57)
i=1
then we know that a;’s are an approximation of the Gabor coefficients of I{z,y) if

B = S((e0) - (o)’ (2.58)

is minimized. This minimization is carried out by the neural network in an iterative
manner. The technique is cumbersome and may take a long time to converge to the
final values of the Gabor coefficients. In addition, it is difficult to implement the
neural network architecture in VLSIL

The associative string processor implementation for Gabor decomposition is a mas-
sively parallel multiplier. Since Gabor decomposition can be computed approximately
using Singular Value Decomposition, the task of finding Gabor coefficients can be
looked upon as a matrix multiplication operation [60]. In order to compute Gabor
cocflicients using matrix multiplication in real-time, the ASP has one processor per
pixel of image data. A section of the ASP is shown in Fig. 2.6. The ASP module
is a low-MIMD /high-SIMD paralle! processing structure of intercommunicating ASP
substrings, each supported with a data buffer, a controller and a data communica-

tions network. An ASP substring (Fig. 2.5) is a fine yrain SIMD massively parallel
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processor, incorporating a string of identical associative processing elements (APEs).
The LKL and LKR (link left and link right) ports of a substring can be used to link
up with similar substrings to form a longer ASP module.

The ASP is based on the content-addressable paradigm. That is, each APE in the ASP
is located by its content rather than by a physical location address. Two types of Inter-
APE communications are supported: a bit-parallel single APE communication via
the shared data bus and a bit-serial multiple APE communication via the inter-APE
communications network. The inter-APE communications network permits dynamic
reconfigurability to emulate standard network topologies such as array, tree, graph,
shuffie-exchange and butterfly connections. An unlimited modular extension of this
topology is achieved via the LKL and LKR ports. The vector data buffer optimizes
the efficiency of the input-output data transfer, by supporting a dual port exchange of
vector data (outpul sent and input loaded in one operation) with alternating primary
and secondary data exchange as shown in Fig. 2.5. There are two lorms of primary
data exchange (PDX) between the vector data buffer and the APEs, bit-paraliel via
the data bus and biti-serial via the inter-APE communication network. The secondary
data exchange (SDX) provides a bit-parallel vector data exchange between the vector
data buffer and the ASP data buffer (ADB) at a lower data rate.

In this structure, Gabor decomposition is implemented as an outer product algorithm
[26]. A matrix multiplication requires n® multiplications and n*(n — 1) additions.
Hence, maximum parallelism can be achieved by using n® processors. Such an im-
plementation leads to a very large number of processors, even for small values of n.
Moreover it is a very inefficient implementation of matrix multiplication, especially
for sparse matrices such as Gabor kernels. The ASP structure uses n® processors and
hence offers a reduction of an order of n processors. Each image pixel is stored in one
APE of the ASP module. The Gabor kernel is then passed over the ASP module. The

outer product algorithm exploits the inherent parallelism in matrix multiplication and
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the ASP module performs Gabor decomposition in n iterations.

In spite of the reductions in complexity by one order of magnitude, this design is very
expensive in terms of the number of APEs used. It requires n? APEs to process an
n x n image. Hence, this design is difficult to implement. However, the ASP is a
massively parallel matrix multiplier, and hence is a more general design compared to
the neural network. It can be used for a variety of matrix multiplication problems
including Gabor decomposition. The primary drawback with the ASP architecture is

that cannot be implemented as a codec {or image / video compression applications.

2.6 Summary

In this chapter some basic principles of information theory, namely the concepts of
rate distortion theory and entropy were reviewed. Objective error measures which
will be used in various parts of the thesis were defined. Next, a brief review of different
image coding techniques was presented followed by a review of Gabor decomposition.

Finally, some architectures for image coding and Gabor decomposition were reviewed.
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Symbol | Probability | Range
a 0.2 [0,0.2)
e 0.3 [0.2,0.5)
i 0.1 [0.5,0.6)
o 0.2 (0.6, 0.8)
u 0.1 [0.8,0.9)
! 0.1 [0.9,1.0)

Table 2.1: Arithmetic coding: allocation of range to source symbols

Figure 2.1: Gabor and DCT basis functions of order 0,0. The mesh plot on top is the

Gabor basis function and the plot on bottom is the DCT basis function
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Figure 2.2: Gabor and DCT basis functions of order 2,0

Figure 2.3: Gabor and DCT basis functions of order 0,2
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original signal (k)

first layer
(fixed weights)

second layer
(adjustable)

third layer
{fixed weights)

Figure 2.4: Neural network for Gabor decomposition
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ADB | sSDX [ vector data buller PDX
LKL |— PDX LKR
b
E
2 inter APE comumn network
| ] { i
apE | | ape| //] | arE| | APE

SDX: Secondury datn exchange
ADB: ASP data bufller

PDX: Primary data exchange

LKL/LKR: Link Right and Lell registers

APE: Associative Processing Element

Figure 2.5: Associative string processor substring
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Chapter 3

Review of Progressive Image

Transmission

In progressive image transmission a low resolution version of the image is first irans-
mitted. Upon viewers’ request, the resolution is further enhanced interactivey until
the desired fidelity is achieved.

In PIT [29] - [50], the image is first reorganized and then transmitiied progressively,
where the reorganization is either in the spatial or transform domain. In the spatial
domain, progressive image transmission can take place either directly on the image
pixels, such as in the bit plane and subsampling, or on the preprocessed data, such as
in the pyramid techniques. The transform domain techniques can be classified into
coefficient scanning, bit slicing and S-transform. The progressive image transmission

techniques are reviewed below.
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3.1 Direct spatial techniques

A digital image can be divided into a set of bitplanes as shown in Fig. 3.1 where the
ith bit plane corresponds to the ith significant bit of the image pixels. Progressive
image transmission is achieved by sending the bit planes successively starting with the
most significant bit plane. This is a very simple method and requires no additional
information to be transmitted. This technique achieves very little compression.
Another direct spatial technique is the progressive subsampling approach. In this
method, the image pixels are subsampled and then progressively transmitted. At the
receiving end, the missing pixels are interpolated using a variety of means such as
bicubic splines, bilinear interpolation, cubic convolution etc. However, this technique
does nol yield good performance (38].

Residual error veclor quantization is a high performance direct spatial technique [48].
In this technique, a residual error image is formed at each stage but subtracting
the reconstructed —fimage at the current stage with the original image. The residual
error images are ileratively fedback and then requantized. This technique achieves a
high performance compared to other direct spatial techniques because of its iterative
feedback and vector quantization of the error image. The main drawback of this
technique is the computational overhead. It is difficult to implement in real-time,

and needs special purpose architectures.

3.2 Spatial pyramidal techniques

Pyramid data structures are a class of hierarchical representation of images. This
data structure has found an important role in the fields of image processing, computer
graphics, computer architectures, etc. For an image X of size 2" x 2", a structure

called pyramid can be defined on this image as a sequence of matrices {X;} such that
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X;-y is a lower resolution version of X;. In the limiting sense, Xy is a single pixel.
Since each level of the pyramid represents different resolutions of the original image,
progressive image transmission can be achieved by transmitting the different levels in
each iteration. We now review different pyramidal structures for progressive image

transmission. A quadtree pyramid is illustrated in Fig. 3.2

3.2.1 Quadtree

A quadtree representation of an image can be formed as follows: Given an image
of size 2" x 2", a pyramid data structure can be formed by successively operating
over 2 X 2 neighbouring pixels [30, 33, 40, 41, 43]. In other words, the value of a
node at level j is a function of the values of 2 x 2 neighbouring nodes at level 4 1.
The function can be minimum, maximum, mean, median, mode, sum, etc. As each
node at level j — 1 is associated with only the four siblings al a lower level j, this
data structure is called the quadtree. For example, we can form a quadiree pyramid
with the function defined as a truncated mean i.e. the mean value does not require
more precision compared {o its four siblings. It can be seen that in such a structure
there is a 33.3% additional overhead in representing the image dala. The additional
overhead is incurred because of redundancies in the representation of data using the
quadtree structure. A method of reducing the redundancy of the quadtiree is the
reduced quadtree in which only 3 of the four siblings are transmiticd. The fourth
sibling can be calculated from the parent and 3 siblings. Further reductions can be
achieved by exploiting the significant amount of correlation between the siblings. An
efficient progressive image transmission scheme based on the quadiree structure is
the vector quantization in quadtree form [30]. In this technique, a mean quadtree is
first formed from the image. From this mean pyramid a difference quadtree is formed

in which the difference between the parent node and the siblings are stored. The
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difference quadtrec has a lower first order entropy than the mean pyramid. Hence it
can be coded more efficiently. Once this difference pyramid has been formed, vector
quantization is applied seperately to each level of the pyramid. Thus an efficient
coding performance with robustness to errors is achieved. The errors from one level
of the pyramid are corrected at the next level and hence provide a good error delivery

mechanism. This makes it a very elegant approach.

3.2.2 Nonuniform Quadtree

In general, the information contained in an image is not uniformly distributed over the
entire image canvas; for example, natural images contain regions which are uniform
and others which are textured. This can be exploited to obtain further reductions in
the data to be transmiited. A nonuniform decomposition applied to the image yields
a non-uniform sel of quadtree pyramids [39]. A set of thresholds, P; : P; > Py, called
transmisston pass, is first chosen. The top left pixel of the image is taken as the root
of the quadtree. The difference between the maximal and minimal pixel values of the
image is compared with the first transmission pass, P,. If the difference is less than
Py, then no decomposition is done. If not, the image is divided into four subimages
of equal size. For each subimage, the difference is once again computed with P, as
the transmission pass. This process is repeated until subimages of 1 pixel are reached
or no further decomposition can be done. This forms a non uniform quadtree and
corresponds to an approximation of the image.

The same procedure is now repeated for other transmission pass values and a num-
ber of quadirees are produced. Since P; > Py, the resolution of the transmitted
image increases as the index, 7, of the quadtree increases. Furthermore, the lower
resolution quadtree is coniained in the higher resolution quadtree. Progressive image

transmission is achieved by transmitting quadtrees with increasing indices i.
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The advantage with this approach is that the high detail areas appear first and thus
make image identification easier. But there is a high computational and transmission
overhead in terms of the node information to be sent to the receiver. In addition, the

optimal transmission parameter value selection is an open problem.

3.2.3 Filtered pyramids

Burt and Adelson have proposed a more general method to form a pyramid [40)].
In this approach, the original image X = Gy is first convolved with a Gaussian-like
weighting function, equivalent {o low-pass filtering the image. The low-pass filtered

image, G, is subtracted from Gy resulting in the difference image Ly,
L0=GU—G|- (31)

Since Lo is largely an uncorrelated image, fewer bits per pixel are required Lo represent
Ly compared to the original image Go. Moreover, G, is a low-pass [iltered version of
the original image and hence can be represented using fewer spatial samples. Hence,
an overall reduction in the data rate to be transmitted is achieved. By repeating this
process a sequence of pyramids called the Gaussian and the Laplactan are formed.
These pyramids are general cases of the sum and difference pyramids, respectively.

A variation of the Burt and Adelson’s method is the filtered pyramid using iwo di-
mensional Quadrature Mirror Filters (QMF) [42]. To construct a 2-1D QMF, a 1-D
QMF is applied sucessively in the horizontal and vertical direciions, respectively. The
process of filtering with a 2-D QMF gives one Gaussian (low pass in both directions)
and three Laplacian images. This recursive filtering results in a set of Gaussian and
Laplacian images. Only the top Gaussian image and the rest of the Laplacian images
are needed to be transmitted to reconstruct the original image. The wavelet decom-
position is similar to the QMF filtering operation. In wavelet decomposition, the filter

is a more general filter. Hence QMF filtering is a subset of wavelet decomposition.
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To encode these Laplacian pyramids, techniques such as run-length coding, vector

quantization, elc. are used [40, 42].

3.3 Transform domain techniques

In the transform domain techniques mentioned in section 2.3.1, the image is trans-
formed by an orthogonal transform. The image transformation can be considered
as a decomposition of the image data into a generalized two dimensional spectrum.
Each coefficient in the transform domain corresponds to the amount of energy of the
spectral function within the image. Typically, the first (DC) coefficient represents
the average brightness of the image block. In most of the natural images the energy
is concentrated in the lower order coefficients. Hence, a reasonable approximation of
the image can be reconstructed using only a few lower order coefficients. This im-
age can be further refined by the addition of higher order coefficients. The proposed
transform domain techniques for progressive image iransmission can be classfied as

coefficient scanning, bit slicing and S-transform approaches.

3.3.1 Coefficient Scanning

In the coefficient scanning approach for progressive image transmission, the coeffi-
cients are transmitted in a prespecified order, usually from lower to higher since the
lower order coefficients contain most of the image energy. A low resolution image is
obtained by inverse transforming a few lower order coefficients. This low resolution
image is then improved progressively by further transmission of higher order coeffi-
cients. With addition of more coefficients, the resolution is improved until an almost
lossless reconstruction is achieved.

In the coefficient scanning approach, it is very important to choose the order in which
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the coefficients are transmitted as it directly affects the performance of the scheme.
One popular method is to reorder all AC coefficients in terms of the Normalized
Mean Square Error (NMSE) of the reconstructed images. The reconstructed image
for each AC coefficient is formed by inverse transforming the DC cocflicient and the
corresponding AC coefficient. The coefficients can also be reordered according to
their entropy {46]. Another method, used in the JPEG-DCT algorithm, is the fixed
ordering of coefficients {44]. In this algorithm, coefficients are scanned in a zig-zag
order as shown in Fig. 3.3. Note that, as we traverse along the zig-zag scan, the
coefficient energy generally decreases monotonically. Other popular scan patterns are
the peano scan, peano-hilbert scan and similar space filling curves, etc [72]. These
fixed patterns do not work well with all types of images. They are good for a broad

range of images but may not be the best for any one type of image.

3.3.2 Bit Slicing

Tzou and Elnahas [46] describe a progressive image transmission scheme where all
the transform coefficients are scalar quantized in a number of stages by using a set
of incremental bit maps. Here, the total number of bits assigned to each coefficient
is equal to the number of bits per pixel (in spatial domain). An example of the
incremental bitmap is shown in Fig. 3.4, where the incremental bit rale per stage is 1
bit/coefficient. The sequence of bits allocated to each coefficient can be read from the
corresponding locations in the map. This scheme of bit slicing can be viewed as slicing
the full bit assignment map of the coefficients. The scheme has two disadvanlages:
there is no compression as each coefficient is eventually quantized at the same rate
as the original image and the total number of bits assigned to each coefficient is the

same, 1.e there is no optimal bit allocation strategy.
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3.3.3 S-Transform

The S-Transform is a hierarchical approach to represent images, and has been used
for progressive image transmission [51, 52]. An image to be transmitted is first de-
composed into spatially nonoverlapping blocks of 2 x 2 pixels. Hadamard transform
is then applied to these blocks. The DC coefficients are assembled to form an ap-
proximation of the original image at 1/2 the resolution. The process is repeated
until a single pixel remains, corresponding to the mean value of the image. At the
receiver , a set of successive approximations are reconstructed in the reverse process

of decomposition.

3.3.4 Multistage Vector Quantization

Multistage vector quantization is a technique in which the transform coefficients with
higher energy are allocated more bits compared to the coefficients with lower energy
(34]. In other words, it is an optimal bit allocation mechanism as the coefficients are
assigned bits in accordance with their variances. In this technique, the image first
undergoes a block orthogonal transform. An optimal bit allocation niap is found at
a fixed bit rate as outlined in [2). The optimal bit allocation map is then sliced into
a set of bit ellocation planes, {Br;, £k =10,1,.--,} by applying a set of thresholds,
{T}. Here By;; denotes the number of bits allocated to coefficient (%,7) at stage
k. We note here that By;; is not restricted to integer values. At each stage, all the
components with a non-zero number of bits allocated to the coefficient are combined
to form a vector and then quantized. In other words, the transform coefficients are
first vector quantized with the bit allocation plane By and the residual errors are
requantized with plane B; and so on. A seperate codebook is generated at each
stage using a generalized Llyod clustering algorithm. This technique achieves high

compression and is very efficient since it allows for fractional bit allocations.
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3.4 Summary

We have reviewed the progressive image transmission techniques, in both the spatial
and transform domains. Direct spatial techniques are simple but do not perform
well unless powerful techniques such as vector quantization are used. Pyramidal
approaches have a very comprehensive data representation structure and hence are
well suited for progressive image transmission. Consequently, powerful techniques for
PIT can be implemented using this approach.

Transform domain techniques offer high efficiency, since most of the energy in natural
images is concentrated in a few low order coeflicients. Some of the techniques for
PIT in transform domian include coefficient scanning, S-transform and bit slicing.
Pyramidal approaches can be combined with transform domain techniques to result

in high performance PIT schemes.
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Figure 3.3: The zig-zag scan path of coefficients used in JPEG-DCT
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Chapter 4

Evaluation environment for

Progresive Image Transmission

Scientific visualization is an emerging field with applicalions in the arcas of computer
graphics, image processing, computer networks, digital video, user interface cognitive
sciences, etc. It deals with representing data and information in such a way as to gain
understanding and insight into the experimental observations [55]. It is as important,
if not more so, to understand and present data in a user-Iriendly manner as it is to
conduct an experiment. Visualization is thus a valuable tool for scientific research
and investigation.

In this chapter, we present a software tool for progressive image transmission. This
tool built using the Khoros software environment, offers a sect of standard menus
from which the user can choose image types, distorlion crileria, coding schemes and
bit rates. This makes possible fast and convenient evaluation of progressive image
transmission (PIT) schemes.

In order to evaluate any image coding application, the evaluator has to be able to
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perform simultancous objective and subjective evaluations of the algorithms. The
process is normally cumbersome because of the lack of a single platform from which
the evaluation can be carried out. The researcher has to seperately evaluate the coding
schemes for each of the distortion criteria. This renders simultaneous comparison
extremely difficult. In this chapter, we present a software tool which offers a unifed
platform for evaluating image coding schemes with special emphasis on PIT. This tool
permils the researcher to choose image types, distortion criteria, coding schemes and
bit rates. Hence this tool makes possible fast and convenient evaluation of different
PIT schemes. It also illustrates the interaction between the image type, coding scheme
and bit rate requirement. This tool does not require apriori knowledge of any of the
algorithms and hence can also serve as a demonstration tool. In addition, the tool
also offers an open development environment to which new algorithms can be added
with ease. Under one platform, the tool permits simultaneous evaluation of two or
more PIT schemes using both objective and subjeclive quality measures. If is an
open architecture platform enabling addition of new modules with ease. Thus the
proposed tool offers a simple, convenient and flexible platform for evaluating PIT

schemes.

4,1 KHOROS Software environment

Khoros is a software development environment, developed at University of New Mex-
ico, which runs on UNIX workstations and X windows [53, 54]. It was built to pro-
vide an effective environment for research in image processing by supporting rapid
protolyping of applications. It provides a visual programming environment where ap-
plications can be connected as data flow graphs [54] and is hence a very intuitive user
interface. Fig. 4.1 shows an example of the Khoros workspace. Khoros environment

is also equipped with a library of signal and image processing routines which enable
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the user to perform a variety of image processing tasks. In addition, Khoros also
supports distributed processing for fast execution of compute intensive algorithms.
Most importantly, it permits quick development of new applications and provides a
generic structure upon which higher level applications can be built. We note that the
underlying principle of open architecture makes it suitable for different applications.
At present, Khoros is domain specific and is tuned to environmental monitoring and
medical applications. It does not have an image coding library. Khoros comes with
more than 250 standard image and signal processing routines and is available via
anonymous ftp from University of New Mexico.

The visual programming environment of Khoros, cantata, is a dataflow engine. It
represents the program as a dataflow graph and fires a routine as soon as all ils
inputs are ready. It exchanges information between modules via temporary files.
Since, reading to and writing from temporary files can be slow, cantala slows down
the execution of complex programs. Khoros also comes with a software development
environment (SDE) which permits fast development of new algorithms and toolboxes.
It has two automatic code generators which reduce the burden of designing a good

user interface.

4.2 Software Tool for Progressive Image Trans-

mission

We now present the software tool for PIT. This tool was buill using the Khoros
application software development environment. It offers a visual tool for evaluating

the varicus PIT schemes. An example workspace of the tool is shown in Fig. 4.2,
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4,2.1 Details of the Software

This tool offers three main menu selections. The first menu offers a choice of different
types of images which can be used as inputs for the image coding algorithms. This
menu is essential {or proper evaluation of the coding schemes since the performance of
the algorithms varies with images of different types. The second menu offers different
algorithms that can be used for coding the selected image. In the current version
of the tool, three high performance PIT schemes have been implemented; namely,
the JPEG-DCT algorithm, a vector quantization based algorithm and an algorithm
based on Gabor decomposition. We note that new algorithms can be added to this
menu with ease. The steps to be executed for the development and installation of new
algorithms are outlined in section 4.2.2. The third menu consists of various criteria
for evaluating the image quality. For example, the current implementation allows for
three objective and two subjeclive evaluation criteria. The three objective criteria

are as follows:

[Z¥, T (wis ~ v)?]
(=, oI (us)]

where u;; is the original image pixel and v;; is the reconstructed image pixel.

o Normalized mean square error(NMSE) =

(4.1)

o Peak Signal lo Noise Ratio(PSNR) = IOIOgIO(%) (4.2)
where ;
MSE = e i — Uiy .
S WN X gg(“ i = vyj) (4.3)
o Mazimum Absolute Error(MAE) = max(|lu;; — vy;|)Vi=1,---,Mandj=1,---,\N
(4.4)

The subjective evaluation criteria that the toolkit offers are:
o Image difference: It offers both the normalized difference image and the absolute

difference image. The normalized difference image is obtained by remapping the
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difference image pixel values on a normalized scale {rom 0 to 255.
e Image zooming: It offers simultaneous interactive zooming of multiple images. This
is very useful in observing distortions such as blocking introduced by the different

coding schemes.

4.2.2 Development of new algorithms using the tool

We now explain the process of developing and installing new algorithms in the tool
menus, In order to use the user-interface code generators that Khoros offers, a detailed
user interface specification (UIS) file has to be generated. This UIS file contains the
necessary information to generate the user interface widget. From the UIS file, the
code generators create the program shell. The functionality of the program is then
added to this shell. Once the new algorithm is tesied and ready, it can be installed

as outlined below:

o Choose one of the three menus where the algorithm fits best.

o Set the configuration file of that algorithm to point to the
correct directories (one of the already existing configuration
files may be used for guideline).

¢ Run the installation utility or copy the files manually.

o Add a widget specification for the program in the toolkit UIS.

o Write the manual files for future users.

4.3 Evaluation of PIT Schemes Using the Tool

We now show how the tool can be used for evaluating and demonstrating the various

PIT schemes.
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4.3.1 Evaluation of PIT Schemes

In order to evaluate any image coding scheme, the researcher has to choose images
of different types as input to the coding algorithm. This can be done by selecting
the proper menu item from the images menu. An icon {a glyph) corresponding to
the image appears in the workspace. This glyph is then connecied to the glyph of
the coding algorithm. The user then chooses one or more of the desired objective
and subjective quality measures. Hence, a block diagram representing the sequence
of actions to be executed is created step by step. Since this is a visual representation,
it is very intuitive and easy to implement. The visual representation of the block
diagram is as shown in Fig. 4.1. The user executes the signal flow graph by a simple
mouse click on the tool. The tool operates on the data flow concept and fires the
routines when possible, [t also gives visual feedback by highlighting the blocks that

are being currently executed.

4.3.2 Usage of the tool

The evaluations of the algorithms proposed in this thesis have been carried out using
this tool. In this section, we present an illustrative evaluation. The JPEG-DCT
baseline algorithm is powerful and performs well for a variety of image types. In
the JPEG-DCT algorithm, the input image is first transformed using DCT. The
transform coefficients are then quantized using a perceptually weighted quantization
matrix. This retains only the most important transform coefficients and the majority
of the coefficients tend Lo be zero. In order to achieve a good compression, a zig-zag
scanning of the quantized coefficients is employed followed by run-length and Huffman
encoding. In the JPEG-DCT algorithm, progressive transmission is achieved using
the coefficient scanning methodology. Simulations using the JPEG-DCT algorithm

were carried out on the Lenna image of size 512 x 512 pixels, quantized to 8 bits per
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pixel. The resulis are reported in Table 4.1 and the corresponding rate distortion
curve is plotted in Fig. 4.3. The original image, JPEG-DCT encceded image and
the respective zoomed images are shown in Fig. 4.4. The corresponding normalized
diffrerence image is shown in Fig. 4.5.

It can be seen from Fig. 4.5 that most of the edge information is not transmitted by
the JPEG-DCT algorithm. Since edge information correspond to high frequencies,
we conclude that the JPEG-DCT passes the low frequencies in the image and blocks
the high frequencies. Since most of the energy in natural images are in the lower
frequencies, high performance is achieved if low frequencies are transmitted with
higher fidelity. Perceptually, the human eye is more sensitive to low frequencies and
can tolerate coarse quantization in high frequencies. This fact is exploited in the
design of perceptually weighted quantization matrices in the JPEG-DCT algorithm.
The interactive zoom utility of the tool was utilized to zoom the eye region of the
Lenna image. In addition, the zoomed JPEG-DCT image shows blockiness. In JPEG-
DCT, the image is split into blocks and each block is encoded independent of the
others. Hence, JPEG-DCT exhibits blockiness which is clearly apparent at lower bit

rates.

4.4 Summary

In this chapter, we presented a software tool for progressive image transmission. This
tool provides a convenient platform for performing evaluations and developing new
algorithms for PIT schemes. We note that this ool presents a convenient visual
interface to the user and hence is very intuitive to use. This tool could also be used
as a demonstration tool for image coding schemes. llence, Lhis Lool is a convenient
means of performing evaluations of new algorithms.

An example evaluation of the JPEG-DCT was illustrated using this tool. Effects such
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as blockiness were observed using the zoom facility of the tool.

e UNIX is a trademark of AT&T Bell Labs
¢ Khoros is a trademark of the University of New Mexico

o X Window System is a trademark of MIT.

52



Table 1

bpp | PSNR(dB)
0.09 19.7
0.25 20.75
0.51 21.85
0.73 23.14
0.92 24.00
1.21 26.17

Table 4.1: Simulations results for the Lenna image using JPEG-DCT algorithm
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Figure 4.1: An example of the Khoros workspace
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Figure 4.4: An example of the interactive zooming operation

56



Figure 4.5: Difference image of JPEG-DCT encoded Lenna at 0.28 bpp
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Chapter 5

Progressive Image Transmission

using Gabor Decomposition

In this chapter we present two algorithms for progressive image transmission using
Gabor decomposilion,

In the first algorithm, the image is transformed into the joint spatial-frequency domain
using Gabor decomposition. The coefficients are then reordered and transmitted using
an optlimal bit allocation startegy. Progressive image transmission is achieved by
selective transmission of coefficients. In the first approximation, only one coeflicient
is transmitted. Upon viewer demand, more coefficients are transmitted. A lossless
entropy coder is used to transmit the final residual error image to achieve lossless
progressive transmission. We note that the proposed algorithm performs better in
terms of subjective quality compared to the JPEG-DCT algorithm,

In the second algorithm, the image data is reorganized in the form of a pyramidal data
structure. Gabor decomposition is then used to code the top level of the pyramid.

The decomposed image is then quantized, arithmetic encoded and transmitted. In the
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subsequent passes of the algorithm, this process is reversed and a low resolution image
is computed. This image is then interpolated to give the reconstructed image at the
cul:rént level. The difference between the original image and the reconstructed image
at the current level is encoded using Gabor decomposition. and transmitted. Once
the lowest level of the pyramid is reached, the residual ervor image is transmitted

using a lossless entropy coding scheme. This algorithm performs better than the

JPEG-DCT algorithm in objective and subjective quality.
In the following section, image compression using Gabor decomposilion is presented
in brief. The two algorithms are then detailed followed by simulation results and

discussion.

5.1 Image compression using Gabor decomposi-

tion

We now present results of previously published research [61]. The compression sys-
tem used is as shown in Fig. 5.1. In this algorithm, the image is first decomposed
using a 4 level Gabor decomposition. That is, the image is splil into 13 subbands as
shown in Fig. 5.2. A quantizalion matrix is then used to quanlize the coefficients
of decomposition. This matrix is based upon the human visual system characteris-
tics (Fig. 5.2). After quantization, a space filling peano curve [72] is used to scan
the quantized coeflicients which are then arithmetic encoded. The results of these
simulations are reported using the rate distortion curves shown in Fig. 5.3 [61].

It can be seen from Fig. 5.3 that the Gabor algorithm outperforms the JPEG-DCT,
in terms of objective performance at lower bit rates. This is particularly significant,
for progressive image transmission applications, since it is desired that the image be

recognized at very low bit rates. We note that the subjective performance of the
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Gabor algorithm is better than the JPEG-DCT because Gabor functions model the

human visual system [61].

5.2 Algorithms for PIT using Gabor decomposi-

tion

We recall from section 5.1 that the Gabor algorithm performs better than the JPEG-
DCT algorithm, especially at lower bit rates. Since Gabor decomposition models the
human visual system, the subjective quality of the compressed image is expected to
be better than other PIT algorithms.

We now present the two algorithms for PIT. The first algorithm follows the coefficient
scanning methodology (CST) and the second algorithm uses a pyramidal representa-
tion (PGT) for PIT. Simulation results for both the algorithms will be presented in

section 5.3.

5.2.1 Coefficient scanning algorithm (CST)

The image compression scheme used follows that of Fig. 5.1. This algorithm achieves
progressive image transmission by transmitting a few lower order coefficients which
reconstruct a coarse image. Transmission of additional coefficients gradually improves
the reconstructed image quality until the desired fidelity is achieved.

The image is first transformed into the joint spatial-frequency domain using Gabor
decomposition. The coefficients of the decomposition are then re-ordered using a
peano curve [72]. An optimal bit allocation strategy as given in equation 2,38 is

used to allocate the number of bits per coefficient. For the sake of convenience, the
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equation is repeated below:

1 2 2 1 " 2 2
Bij=B+ 51052 €504 — Nx N & 51052 I
i,7=0,1,...N =1, (5.1)

where <% is the quantizer correction factor and ¢ is the coefficient variance. Once
the coefficients are re-ordered and quantized, they are then arithmetic encoded for
further reduction in the number of bits transmitted.

Prior to the transmission of the coefficients, the quantization information is sent. The
coefficients are then transmitted one at a time on demand. At the receiving end, the
inverse transform of these partially transmitted coefficients is computed. A first order
interpolation algorithm is then employed to reconstruct the image. Fig. 5.4 shows
the flowchart of the CST algorithm.

In pseudo code form the CST algorithm can be outlined as:

read original image;
transform into spetial-frequency domain using GD;
reorder coefficienls using peano scan;
perform optimum bit allocution;
for all coefficients {

transmit next coefficient;

wait for feedback;

if "transmit more coefficients”

loop;
elseif "quit”
ezit loop,

}

We note here that since the image has only real data and the decomposition kernel

is a complex matrix, the resulting coefficients have conjugate symmetry. Thus, only
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half the number of the coefficients have to be transmitted in order to fully reconstruct

the image.

5.2.2 Pyramidal Gabor algorithm (PGT)

A PIT scheme based on residual error feed forward method is now presented (PGT).
In this scheme, the image data is first reorganized into a pyramidal data structure.
This pyramid is a mean quadtree (refer section 3.2.1) representation (see Fig. 3.2).
The basic principle of this scheme is recursive application of Gabor decomposition to
the residual error images from previous iterations. A block diagram representation of
the algorithm is shown in Fig. 5.5. At each stage, a fraction of the image information
i8 transmitled and utilized in reconstructing successive approximations to the final
image. If Ly and I represent, respectively, the input and the output images of the

coder at iterative stage &, the sleps involved in each iteration are as follows:

The input image, B,k = 0,1,--- (original or residual error), is first
decomposed using Gabor decomposition. The image size varies from it-
eration Lo iteration as the algorithm traverses along the pyramid data
structure. That is, il the image size at iteration k is 2! x 2, then the
image size at ileration k + 1 is 2!+ x 241,

The Gabor coefficients at each stage are quantized using a visually
adaptive quantization matrix as ahown in Fig. 5.2. The quantized coeffi-
cients are then arithmetic encoded.

The difference image Fy, which is the difference between the image
at the lower level of the mean quad tree and the interpolated version of £y
is found. This image is taken as the input to the next stage of iteration.
When the lowest level of the pyramid is reached, a decision has to be made

as to whether the residual image is to be entropy coded or passed through

62



one more iteration of Gabor decomposition.

The decision is made as {ollows: we define a lossless coding rate at stage k , Ri(k),
Ry(k) = Rp(k) + H.(k), (5.2)

where R,(k) is the total progressive bit rate required for transmission up to stage
k, and H,(k) is the entropy of the residual error image at stage k. In other words,
R.(k) is the total bit rate required for losslessly encoding the image using k stages of
Gabor decomposition followed by an entropy coder. Theoretically the system must

be switched to the entropy coder at any time the following iwo conditions hold:

o There is no coding redundancy at any stage, implying that the bit
rate required for transmission at stage m, AR,,, is exaclly equal Lo the

image information transmitied at stage m, AH},,
AR, = AH.,m=0,1, - (5.3)

¢ The entropy coder can losslessly encode the residual error (still cor-

related), at stage k, at a bit rate H.(k).

These conditions are a direct consequence of the requirement that the total bit rate
for lossless encoding of an image be equal to the image entropy, H,
k
Ri(k) = Rp(k) + He(k) = > ARm + He(k) = H' (k) + H.(k), 0.4)
m=0
where H'(k) is the total progressive information transmitted.
Since an entropy coder operaling on a pixel-by-pixel basis is employed in the final

stage, equation (5.2) is modified as {ollows,
Ry(k) = Ry(k) + H}(k) (5.5)

where H1(k) is the first order entropy of the residual error image at, stage k. In the

practical case, R,(k) is not a constant equal to the enlropy of the image, /, since:
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1) Practical lossy coding systems (such as vector quantization, Gabor
decomposition) introduce some redundancy, and hence equation (5.3) has

o be modified as follows,
AR, = AHL + AR, ,m=0,1,-- (5.6)

where AR' is the coding redundancy introduced at stage m. Therefore,
the total progressive bit rate upto stage k, R,(k), will be larger than the
total progressive information transmitted upto stage k, H*(k), due to the
accumulated coding redundancy up to stage k, R’ (k).

2) Since the statistical dependency might still exist in the residual
error image, the first order entropy of the residual image, H;(k), is larger

than, or equal to, the real entropy, H.(k).
H) (k) = Ho(k) + HI(k) > H.(k) (5.7)

Since each slage partially removes the statistical dependency of the image, the first
order entropy of the residual image will tend to the real entropy.
The total bit rate for losslessly encoding the image can, therefore, be expressed as

{ollows,

R(K) = Ry(k) + H1(k)

= H'(k) + R (k) + Ho(k) + H (k)

= H'(k) + Ho(k) + R (k) + HI(k)
= H + (R (k) + HI(k)), (5.8)

where H is the entropy of the image and the redundancy is due to non-ideal encoding
and the statistical dependency of the residual errors. It is clear that since H is a

constant, the curve of R;(k) is controlled only by the last two terms: R7(k) and H] (k).
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Note that R"(k) and H(k) are, respectively, monotonic-increasing and monotonic-
decreasing functions of the number of stages, and consequently a function of the total
progressive bit rate, Ry(k).

We now demonstrate that the curve of R,(k) with respect to the total progressive
bit rate, R,(k), is concave. To do this, we need to prove that the derivative of R,(k)
with respect to R,(k) is a monotonic increasing curve crossing zero, i.c. an increasing

curve from negative to positive values. From equations ( 5.5) and ( 5.7),

Ri(k) = Rp(k) + H, (k)

= Ry(k) + (He(k) + H(K))
= R,(k) + (H — H'(k)) + HI(k) (5.9)
where H (k) = H — H'(k). Taking derivatives,
dR(k) _dH' (k) | dli(k) _
B(k) = T (R T aR(R) (5:10)
In discrete form,
ARy . AHY  AIL,
AR, ~'” AR, T AR (5.11)

where AR, ., and AH[  represent, respectively, the variations of R,(k) and H](k} at
stage & = m. Since the first term in equation (5.11) is a constant equal to 1, we need

to analyze only the last two terms. The following assumptions and observations are

in order:;

. AHE AHY L] IR . : '
(1) From equation ( 5.6), 3= = st +an- L herefore, this term is

positive and less than 1,

(IT) Since each stage partially removes the statistical dependency of
the residual errors, (k) is a decreasing function of f,(k) and therefore
AHI . - :
vyl negative,

(II1) Since the residual errors tend to become more decorrelated, it is
reasonable Lo assume that the same coding technique (Cabor decompo-

sition) should code the residual errors less efficiently. This means that
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. _aHL __ Alf e Wb
AR (k) increases and, therefore, Tp2 = Fyr A decreases; while at

the same time, l%%' decrecases.
(1V) As the number of stages, or the total progressive bit rate of Rp(k),
increases, the residual errors tend to be statistically independent. There-

fore, (k) approaches zero and
AHL .

m — 0, (5.12)
which implies that,
ARy AH!
: _——Tm 5 5.
Ak T AErar D (5.13)

i.e the derivative (equation 5.11) is positive at some point.
(V) In addition, it is reasonable to assume that the coding system is
very eflicient for the original (highly correlated) image such that,

ARy g
ARy

that is, the derivative (equation 5.11) is initially less than zero.

<0 (5.14)

Bascd upon the above analysis, it can be concluded that

Aum _ | AHY  AHL, | AL |AH,
AR, ~

“im t AR, " GR. | BRL )

is an increasing funiction of R,(k) which goes from negative Lo positive value. Thus, we
have demonstrated that R,(k) is a concave curve as a {unction of R,(k). Consequently,

the system should be switched to entropy coding when the minimum value of R:(%)

is acheived.

5.3 Simulation results and discussions

Computer simulations for CST, PGT and JPEG-DCT were carried out using the two
standard CCITT test images: Lenna and Mandril. The images are of size 512 x 512
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pixels quantized to 8 bits/pixel. The first order entropies for the Lenna and the
Mandril image are: 7.2770 and 7.2520 bits/pixel, respectively. The original images
are shown in Figs. 5.8 and 5.9.

The scaling parameters D and  of the Gabor kernel were chosen as 16 and =/8,
respectively. We recall from section 2.4.1 that for image compression applications
Q = 22 (which is the critical sampling case) is used. The parameter 1) specifies the
width of the Gabor window and a value of D = 16 implies that majority of the Gabor
window lies within 16 image pixels. In comparison to the JPEG-DCT algorithm,
where a rectangular window of 8 pixels is used, this choice implies an overlap of 4
pixels on each side of the chosen block. The independent JPEG group’s shareware
released in January 1992 is used in this set of experiments.

Simulation results for the Lenna image are tabulated in tables 5.1 - 5.3. The rale
distortion curves for the Lenna image ae shown in Fig. 5.6. Simulation results for the
Mandril image rae tabulated in tables 5.4 - 5.6 and the corresponding rate distortion

curves ae shown in Iig. 5.7.

5.3.1 Comparisons with JPEG-DCT

The reconstructed Lenna images at 0.08 and 0.32 bits/pixel for the JPEG-DCT algo-
rithm are shown in Figs. 5.10 and 5.11, respectively. ‘T'he reconstructed images for the
CST algorithm al corresponding bit rates are shown in Figs. 5.12 and 5.13. Similarly,
the reconstructed Lenna images for the PCGT algorithim are shown in Figs. 5.14 and
5.15. In addition, the reconstructed Lenna image al 0.022 bits/pixel using the PGT
algorithm is shown in Fig. 5.16. Results for the Mandril test image are reported in
Figs. 5.17 - 5.22,

It can be seen that the PGT algorithm performs better than the JPEG-DCT al-

gorithm in terms of PSNR at all bit rates. However, the CST algorithm performs
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better than the JPEG-DCT at low bit rates. At medium bit rates, the CST algo-
rithm has a performance comparable to that of the JPEG-DCT algorithm. From the
reconstructed images, we see Lhal there is a significant improvement in performance
of both the CST and the PGT algorithms at lower bit rates. This is particularly
important in progressive image transmission applicalions where faster image iden-
tification is required. In terms of subjective performance, we note that both the
CST and the PGT algorithms perform better than the JPEG-DCT algorithm. We
note that at a very low bit rate of 0.022 bits/pixel, the PGT algorithm can provide
a recognisable image (refer Fig. 5.16). This superior subjective performance of the
Gabor decomposition based algorithms is a direct consequence of the human visual
system model upon which the Gabor functions are based. Hence, we can conclude
that Gabor decomposition is a promising approach for progressive image transmission

applications.

5.4 Summary

In this chapter, two schemes for progressive image transmmission have been presented.
In the first algorithm (CST), the coefficient scanning methodology is employed to
acheive progressive image transmission. The second algorithm (PGT) represents the
image in a pyramidal data structure and encodes diflerent levels of the pyramid in a
recursive manner lo achieve progressive transmission.

Simulation results indicate that CST performs better than the JPEG-DCT algorithm
for lower bit rates. In addition, the subjective quality of the reconstructed images are
higher, The PGT algorithm has a superior performance compared to the JPEG-DCT
algorithm at all bit rates. The superior subjective performance of the proposed algo-
rithms (CST and PGT) is a direct consequence of the close correspondence between

the Gabor functions and the human visual system.
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We recall that the computational complexity of Gabor decompasition requires special
purpose architectures to implement the proposed algorithms in real-time. In chapter

6, an architecture for implementing the CST and PGT algorithius in real-time is

designed.
bpp | PSNR(dB)
0.08 23.63
0.15 25.91
0.19 27.24
0.23 27.47
0.25 28.32
0.27 20.62
0.30 29.98
0.32 30.63
0.33 31.18
0.35 31.33

Table 5.1: Simulation results for Lenna image using JPEG-DCT algorithm
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bpp | PSNR(dB)

0.054 | 22.95

0.078 | 23.28
0.1 23.51
0.2 25.94
0.3 28.21
0.4 30.1

Table 5.2: Simulation results for Lenna image using the CST algorithm

bpp | PSNR(dB)
0.022 20.95
0.055 24.07
0.082 26.13
0.14 28.51
0.231 29.67
0.269 31.60
0.32 31.78

Table 5.3: Simulation results for Lenna image using the PGT algorithm
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bpp | PSNR(dB)
0.08 19.1
0.15 20.15
0.21 20.73
0.27 21.12
0.31 21.45
0.36 21.69
0.41 21.80
0.44 ©  22.01
0.48 22.30

Table 5.4: Simulation results for Mandril image using the JPEG-DCT algorithm

bpp | PSNR{dB)
0.046 | 18.8
0.082 | 19.3
0.12 19.6
0.21 20.6
0.3 | 2045
0.4 20.80

Table 5.5: Simulation results for Mandril image using the CST algorithm
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bpp | PSNR(dB)
0.02 | 12.38
0.085 | 19.28
0.16 | 21.55
0.22 | 2217
0.28 22.6
0.313 | 22.96
0.37 | 2311
041 | 23.18
045 | 23.23
0.50 | 23.36

Table 5.6: Simulation resulls for Mandril image using the PGT algorithm
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Figure 5.1: Image compression system for Gabor decomposition
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Figure 5.2: Splitting of the image into 13 bands and subsequent quantization tuned
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Figure 5.9: The original Mandril image
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Figure 5.10: JPEG-DCT encoded Lenna image reconstructed at 0.08 bits per pixel
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Figure 5.11: JPEG-DCT encoded Lenna image reconstructed at 0.32 bits per pixel
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Figure 5.12: CST encoded Lenna iniage reconstructed at 0.078 bits per pixel
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Figure 5.13: CST encoded Lenna image reconstructed at 0.3 hits per pixel
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Figure 5.14: PGT encoded Lenna image reconstructed at 0.06 bits per pixel
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Figure 5.15: PGT encoded Lenna image reconstructed al 0.31 bits per pixel
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Figure 5.16: PGT encoded Lenna image reconstructed at 0.022 bits per pixel
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Figure 5.17: JPEG-DCT encoded Mandril image reconstructed at. a bit rate of 0.08
bits per pixel
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Figure 5.18: JPEG-DCT encoded Mandril image reconstructed at 0.31 bits per pixel
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Figure 5.19: CST encoded Mandri! image reconstructed al 0.08 bits per pixel
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Figure 5.20: CST encoded Mandril image reconstrucied at 0.3 bits per pixel
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Figure 5.21: PGT encoded Mandril image reconstructed at 0.07 bits per pixel
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Figure 5.22: PGT encoded Mandril image reconstructed at 0.3 bits per pixel
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Chapter 6

Codec for PIT using Gabor

decomposition

In chapter 5, we presenied two algorithms for PIT using Gabor decomposition. These
algorithms perform better compared to the JPEG-DCT in terins of objective and
subjective quality. However, Gabor decomposition requires special purpose hardware
for real-time implementation.

In this chapter, we present a combined systolic array - conlent addressable memory
architecture for Gabor decomposition (SCAM). Based on this SCAM architecture,
codecs for execuling the proposed algorithms are then designed. We recall from
section 2.4 that Gabor decomposition can be compuled as a multiplication between
a transform matrix and a vector of image data. Syslolic arrays arc attractive for
matrix multiplication problems [66, 68] and content addressable memories (CAM)
offer fast means of data access [67). Hence, a combined systolic array - content
addressable memory design offers a powerful architecture which is well suited for the

computationally intensive Gabor decomposition.
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For an n X n image, the proposed architecture consists of a linear systolic array of
n processing elements each with a local CAM of size 2p where p is the bandwidth
of the Gabor kernel (refer section 2.4.3). Simulations and computational complex-
ity calculations show that this architecture can achieve real-time performance with
current VLSI technology. In addition, this architecture is modular and regular and
hence can be implemented in VLSI as a codec.

We recall from section 2.5.2 that the architectures presented in the literature for
Gabor decomposition are expensive to implement. The neural network architecture
is complex and requires 3n? elements for an n x n image. Moreover, it is iterative
and may not always converge in real-time. In addition, the implementation of neural
network architectures on silicon is an open-ended question. The ASP based imple-
mentation requires n? processing clements for an n x n image. In addition, the ASP
~ design is complex in terms of inter-APE communications, control flow, etc. Hence, it

is difficult to implement these architectures in VLSI as a codec.

6.1 Systolic arrays and content-addressable mem-

ories

In this section we present a briel review of systolic arrays and content addressable

memories.

6.1.1 Systolic arrays

Systolic array is a general methodology for mapping high-level computations onto
hardware structures [66). Information in a systolic system flows between processing

elements in a pipelined fashion, and communication with the external devices occurs
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only at the boundary cells.

The basic principle of a systolic array is illustrated in Fig. 6.1 {66]. By replacing a
single processing element (PE) with an array of PEs, a higher computation through-
put can be achieved without increasing the memory bandwidth. This is because each
unit of input that is retrieved from the memory is operated upon by different PEs in
turn before returning the data to memory. Also, all the PEs work simultaneously on
different data and hence high efficieny can be achieved.

Systolic arrays are particularly suitable for compute bound problems such as pattern
matching, matrix multiplication, motion compensation, etc [68, 69). In addition, vther
advantages of systolic arrays are modular expansibility, regular data and control flows
and simple & uniform cells or PEs, etc. These advantages of a systolic array together
with the modelling of Gabor decomposition as a matrix multiplication operation form

the basis for the architecture proposed in this chapter.

6.1.2 Content-addressable memory

Content-addressable memories (CAM) are collectious of elements having data stor-
age capabilities, and can be accessed simultaneously and in parallel on the basis of
their data content rather than by the specific address or location [67]. The access
mechanism is based on an external search argument, which is compared with the data
stored in all the cells. Traditionally, CAMs have been employed in the design of high
speed pattern recognition machines. A set of templates T is stored as words in the
CAM array and the input pattern C is used as the search argument. The search
argument is then compared in parallel with all the words and, if an exact malch is
obtained with a particular word, the corresponding output is activated and the result
is recorded in a register. Hence CAMs are attractive for pattern matching, fast data

retrieval, etc.
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Systolic arrays are powerful for compute bound problems such as Gabor decomposi-
tion. CAMs complement the systolic array by providing fast and efficient data access.
The high computational performance of a systolic array combined with fast data ac-
cessability of the CAM provides a compact architecture which is capable of executing

Gabor decomposition in real-time.

6.2 Systolic array architecture for real-time Ga-

bor decomposition

We recall from section 2.4.3 that the Gabor kernel is a banded matrix. That is, the

kernel can be expressed as:

ay ag 0 0

G, = | o 9 o 0 (6.1)
0 azx aim aun

0 0 Q4 Q44

This matrix has a bandwidth p = 3 where the bandwidth is defined as the maximum

number of non-zero elements in any row / column of the matrix.

6.2.1 Systolic array for banded matrix multiplication

For a banded matrix as given in equation 6.1, we present a a systolic array to imple-
ment the multiplication.

A= G1 * X (6.2)
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The design is illustrated in Fig. 6.2, where,

bu bz bz b |

bay b baz bo
x = | 70 O Do O (6.3)
by bsz b bag

| bar bz b b |
is the image data matrix and G is as given in equation 6.1.

In Fig. 6.2, there is one PE for each element in the banded matrix. This contrasts with
the ASP implementation where one PE is required for each pixel of the image. Note
that this is made possible by the banded Gabor kernel which is predominantly filled
with zeros. For an n x n image, the proposed architecture requires only n x p—~2
PEs (p < n), where p is the bandwidth of the Gabor kernel. Whereas, the ASP
implementation uses n X n PEs. For example, with n = 512 and p = 128, 65534
PEs are required in the systolic array design as compared Lo 262144 PEs in the ASP
implementation. In addition, the proposed systolic array has simpler data and control
flows and hence is easier to implement.

In spite of the substantial reductions in the number of PEs required for execuling
Gabor decomposition, the design still uses a large number of PEs and is hence difficult
to implement in VLSI as a codec. This points to the need for further reductions in
the number of PEs to make VLSI implementation possible. The fast data retrieval
mechanism of the CAM permits further reductions in the required number of PEs by

combining the functions of several PEs into one PE.

6.2.2 CAM based Systolic array for Gabor decomposition

(SCAM)

We now present a CAM based systolic array for Gabor decomposition. This design

employs a linear systolic array in contrast Lo the 2 dimensional array design presented
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in section 6.2.1. The SCAM architecture requires 2n PEs for an n x n image. Hence,
this results in an O(N) reduction in the number of processors required as compared
to the ASP based implementation.

Fig. 6.3 shows the overview of the proposed SCAM architecture which comprises of
3 basic modules. The frame buffer module is used for storing the image data before
executing the algorithm. Each systolic array module is capable of executing 1-D
Gabor decomposition and hence two such modules are required to execute the 2-D
seperable Gabor decomposition (refer section 2.4.3). For proper data input to the
second systolic array module, a iranspose operation is required in between the two
1-D decomposition operations. The transpose buffer module is a parallel transposer
[70] capable of executing the transpose operation in one clock cycle and hence does
not, affect the total time required for computing the Gabor decomposition.

The systolic array module consists of a linear array of n processing elements (PE)
for a transform matrix of size n x n. Each PE is a simple inner product processor
and has a local CAM of size 2p. The inner product operation executed by the PE is
illustrated in Fig. 6.4. Each PE takes in the partial sum ¢y from the previous PE
and adds to it the product of image data b;; with the corresponding Gabor kernel
element, A;;. This result is then passed to the next PE in line. Hence, the final result
is as follows,

j=mip

Cik = Z Ak (6.4)
j=m
The CAM cell organization is shown in Fig. 6.5. and comprises of the following five

data fields:
i) value of the coefficient (V)
ii) row number (i) of the coefficient (R)
iii} column number (j) of the coefficient (C)
iv) ready to output tag (RT)
v) end of computation tag (ET)
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The row and the column number fields are used as search keys to retrieve the co-
efficient value in a computation. The RT tag indicates that the partial results are
available to be sent to the next PE in line. Therefore the output of any PE to the
next stage is the partial result value, the row number, the column number and the
RT tag. The ET tag indicates that the result of the current computation is the final
output at the end of one computation cycle.

Each PE has 2p basic CAM cells where p is the bandwidth of the transform matrix:
p cells each are used for storing the transform matrix and intermediate values, re-
spectively. The SCAM architecture to decompose an image of size 4 x 4 is shown in
Fig. 6.6. The product of two matrices is computed as follows: If ¢ = A x b where
A, b and ¢ are matrices of size n X n, ¢;;, the element in maltrix ¢ at location ¢,j is
the inner product of row # of matrix A with column j of matrix 6. We note that if
one of the matrix is a banded matrix, then the number of mulliplication and summa-
tion operations required to compute the inner product is reduced considerably. The
banded transform matrix is stored in the CAM cells present in each PE, as shown in
Fig. 6.6. Only the nonzero elements of the transform matrix are stored in the CAM
cells of each PE. Since not all coefficients are required in the computation of every
inner product, several computations can be executed in parallel. Hence the overall
decomposition can be executed in real-time. The timing analysis is detailed in section

6.3.

The sequence of steps executed by each PE; for i = 1,---,n in pseudocode form is

given below:

begin
fori=1,.-«\n
If date from PE;_,
Receive partial product from PE;_ (cit);
Check row no. “t” of the received data (i.e check R field);
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Retrieve coefficient Ay from CAM and perform the inner product operation
(match R values in CAM);
IfET =1
oulput resull to transpose/output buffer;
else
oulpul result lo Py,
endif
else
Check RT lag;
If there is coefficient Aj;
multiply image datae with coefficient A;;;
oulpul result to Pl
endif
endif
endfor

end

Since each of the PE in the SCAM module is a simple inner product processor and
the SCAM has a regular and modular nature, it is easy to implement this design as
a codec in VLSL In addition, as compared to the ASP implementation, this design
requires O(N) fewer processors. Hence it is a very efficient design in terms of chip

real-estate.
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6.3 Performance analysis of the proposed systolic

array

Two different snapshots of the execution process at time cycles ! and 2 are shown in
Fig. 6.7. The Gabor kernel is as given in equation 6.1.

Fig. 6.8 shows the cell occupancy diagram for the systolic array for a general Gabor
kernel of size n x n with a bandwidth of p. The assuinption made in the occupancy
diagram is that n < 2p. This assumption does not affect the timing analysis as the
time taken to compute each term of a 1-D decomposition is p cycles, where one inner
product is computed in each cycle.

The time taken to execute the Gabor decomposition for an image of size n X n is
computed as follows. If the bandwidth of the Gabor kernel is p, cach term of the
decomposition requires p inner product operations. Assuming one inner product
operation can be executed in one cycle, this takes p cycles. During these p cycles,
the remaining p — 1 computations can be fed into the pipeline. Hence, the systolic
array takes 2p + 1 cycles to compute the 1-D decomposition. Since each of the two
decompositions can be executed in parallel, the architecture can eflectively execute the
2-D Gabor decomposition in 2p+ | cycles with a latency of 4p+2 = 2 x (2p+1) cycles
(the time between the inpul image is fed into the array and the availability of the
corresponding output). If the decomposition has to be executed by a single instruction
single data (SISD) machine, it takes 2pn — n — 2 cycles which is the total number of
inner product operations required to compute the 2-1D Gabor decompaosition.

The speedup obtained using this array can be calculated as follows:

The speedup, S, of a parallel machine is defined as:

the time taken by a SISD machine to ezecute ¢ lask
the time takenby the parallel machine lo cxecute Lhe same lask
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Hence the speedup, S, is given by,

. _2pm—n-—2
Sp = 2T 1 (6.5)
_(2p+1)n=2n-2
B 2+ 1
_a_UAn=2?)
2p+1

We note that the speedup, S, is always less than n, the total number of
processing elements in the array. The efficiency of parallelism is defined
as:

, (6.6)

3 |9

which is

the achieved speedup

the number of processors in parallel’

The speedup, S,, increases as p increases with respect to n. This anal-
ysis follows the intuitive reasoning (refer Fig. 6.8) from the occupancy
diagram. We note that p PEs (out of a total n PEs) commence com-
putation simultaneously at cycle number 1. If p is higher, then the cell
occupancy ratio is higher i.e. more number of PEs are occupied from the
onset of computation and the array reaches peak performance (all n PEs
in operation) in fewer cycles. This results in a higher speedup. Fig. 6.9
shows the plot of S, versus p for 512 PEs. From Fig. 6.9 it can be seen
that the architecture achieves high speedup ratios for a wide range of p
values. Hence, this architecture performs well for a wide range of Gabor

kernel matrices.

For example, with n = 512 and p = 128 (512 PEs) the SCAM has a speedup, S, = 508
compared to the SISD machine. This represents an efficiency of parallelism of 99%. If

the duration of each clock cycle is assumed to be 100ns [71], for p = 128, the SCAM
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architecture executes the Gabor decomposition in 13ns which satislies the real-time

requirement (< 33 ms).

6.4 Codec for progressive image transmission us-

ing Gabor decomposition

In the previous two sections, we designed a systolic array - content addressable mem-
ory architecture for Gabor decomposition. We note that this architecture can perform
2-D seperable Gabor decomposition in real-time. We now present codec designs for

executing the CST and PGT algorithms presented in chapter 5.

6.4.1 Codec for PIT using the CST algorithm

We now present a codec design based on the SCAM architecture presented in section
6.2.2. We recall the block diagram of the CST algorithm from Fig. 5.4. The codec
design for executing this algorithm is shown in Fig. 6.10,

The transmitter (T%;) end of the codec has three modules, namely:

e Image database module: This contains the image information to be
progressively transmitted.

¢ Gabor decomposition module: This is the SCAM architecture mod-
ule (Fig. 6.3) for executing Gabor decomposition.

¢ Peano scan and arithmetic encoder module: This module performs

the coefficient quantization, scanning and arithimetic encoding operations.

Similarly, the receiver (R;) end of the codec also has three modules:
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e Arithmetic decoder and reorder module: This performs the arith-
metic decoding and reordering of the Gabor cocfficients.

e Inverse Gabor decomposition module: This is functionally the same
as the Gabor decomposition module except that the kernel memory (CAM)
of the SCAM stores the inverse matrix.

e Reconstructed image module: This stores/buffers the reconstructed

image.

In addition to these, there is a control link (via the communication channel) between
the user interface of the receiver with the image database of the transmitter which is
required for selecting different images based on the user's request. Note that there
is a direct link between the image database and the entropy encoder block in the
transmitter end of the codec. This is for the final iteration stage where lossless
transmission of the residual image is desired. Correspondingly, there is a direct link
between the entropy decoder and the image reconstruction block in the receiver end of
the codec. We note that the Gabor decomposition block in the transmitter executes
the decomposition only once per image but the corresponding receiver block has to
perform the inverse operation for each iteration stage. This necessiates the use of a

powerful hardware for this algorithm.

6.4.2 Codec for PIT using the PGT algorithm

We recall from section 5.2.2 and Fig. 5.5 that the pyramidal Gabor technique for
progressive image transmission is a recursive approach. Fig. 6.11 is a block diagram
representation of the codec for executing this algorithm.

Since this is a recursive technique where the encoder and decoder work in synchronism,

the transmitter end of the codec also comprises of the decoder module as folllows:

e Image database module: This block stores the images to be trans-
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mitted to the receiver.

o Pyramid structure module: This computes and stores the mean
quadtree pyramid of the input image.

e Gabor decomposition module: This is the SCAM architecture mod-
ule which executes Gabor decomposition of the input image.

o Quantization and arithmetic encoder module: This gencrates the
compressed bit stream after quantization and arithmetic encoding of the
Gabor coeflicients.

¢ Arithmetic decoder module: This is the inverse of the arithmetic
encoder module. It decodes the compressed bit stream to give the Gabor
coefficients.

o Inverse Gabor decomposition medule: This is [unctionally same as
the SCAM module except that it stores the inverse Gabor malrix.

In addition, the codec has a kernel memory block where the Gabor
kernels for different image sizes are stored. We note that if the SCAM
module is designed to support the final image size, the same module can

be used for real-time decomposition of smaller image sizcs.

The receiver {R;) end of the codec correspondingly comprises of the lollowing mod-

ules.

¢ Aritemetic decoder module: This decodes the compressed bit stream
and reorders Lthe coefficients.

¢ Inverse Gabor decomposition module: This is the SCAM module
with the inverse Gabor matrix.

® Reconstructed image module: This buflers the current reconstructed
image.

¢ Image memory module: This buflers the reconstructed image from

the previous iteration.
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We note here that the transmittier end of the codec executes both the forward and the
inverse decomposition for each iteration. The receiver end of the codec executes only
the inverse decomposition for cach iteration. This justifies the use of the powerful

SCAM architecture for this algorithm.

6.5 Summary

We have presentied a combined systolic array - content addressable memory archi-
tecture for real-time Gabor decomposition. The proposed architecture is capable of
executing Gabor decomposition in real-time. It achieves a very high efficiency of
parallelism (99 %) and thus offers a cost effective solution. This architecture can be
implemented in VLSI as a codec because of its simple and modular construction. Two
codecs, based on the SCAM architecture were detailed. These codecs implement the

CST and the PGT algorithms for PIT, respectively.
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Figure 6.11: Codec for PIT by the PGT algorithm using SCAM architecture for
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Chapter 7

Conclusions and Future work

7.1 Conclusions

In this thesis, a software tool for progressive image transmission has been presented.
This tool is a user-friendly, unified platform for performing evaluations of multiple
progressive image transmission schemes in terms of both objective and subjective
criteria. The too! permits addition of new algorithms to the standard menus with
ease. This tool can also be used to demonstrate progressive image transmission ap-
plications. The relationship between image types, bit rates and types of algorithms
can be demonstrated using this tool. The software development environment used to
build this tool permits rapid development of new algorithms. Example usages of this
tool have been demonstrated in this thesis.

Two algorithms {or progressive image transmission using Gabor decomposition have
been presented. The first algorithm (CST) follows the coeflicient scanning method-
ology. After transforming the input image into the joint spatial-frequency domain,

the CST algorithm uses a peano scan combined with arithmetic encoding for efficient
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transmission of the coefficients. It has a better subjective performance compared to
the JPEG-DCT algorithm. The second algorithm (PGT) represents the image in a
pyramid data structure and encodes different levels of the pyramid progressively us-
ing Gabor decomposition. Since the algorithm has an error feed forward mechanism,
it is a very robust algorithm. This algorithm has a betier objective and subjective
performance compared to the JPEG-DCT algorithm.

Gabor decomposition is very expensive computationally. Hence, in order to imple-
ment the proposed algorithms in real-time, special architectures are required. In
this thesis, a systolic array - content addressable memory (SCAM) architecture has
been presented which is capable of executing Gabor decomposition in real-time. The
SCAM architecture requires an O(N) fewer processing elemenis to implement the
Gabor decomposition compared to the ASP architecture. The high computational
performance of the systolic arrays combined with the last data retricval of the CAM
hardware is responsible for the efficient performance of this SCAM architecture, This
architecture is easy to build as a codec in VLSI because of its simple and modular
design. Performance analysis shows that this architeclure achieves an efficiency of

parallelism of 99 %.

7.2 Future work

The software tool is not designed to handle color image compression. Also, a database
of recently coded images using various techniques will be useful in applications such
as teaching. A higher level visual representation of the program will be of definite
advantage and make the user interface very simple.

Gabor decomposition is promising as a technique for image compression. The pro-
posed algorithms are based on seperable Gabor decomnposition, Higher performance

algorithms may be designed by using nonseperable Gabor decomposition. Moreover,
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the proposed algorithms are f{or still image compression. Recently, digital video is
gaining importance. Extensions of these algorithms for progressive video transmis-
sion applications is an area of considerable interest. Scalable video transmmission, i.e.
simultaneous transmission of high definition and NTSC video information is a new
area of interest. The PGT algorithm is particularly suited for such applications since,
it has the structure to represent a higher and lower resolution version of the same
signal. With the introduction of ATM, packet video is gaining popularity. Suitability
of these algorithms for packetizalion is a possible reaserch direction.

Further reductions in the number of PEs in the proposed SCAM architecture may be
possible by exploiting the properties of matrix multiplication. That is, combinations
of the two 1-dimensional decomposition operations as one offers the possiblity of
reduction in chip real-estate by half. Moreover, the CAM is a complex hardware.
Subslitution of the CAM hardware by other storage mechanisms such as a stack may
provide a low cost VLSI implementation of the proposed design.

VLSI implementation of the proposed codecs is an important problem. The transfer
of technology from concept to implementation opens up a new area of future research.

Other issues include scalability of the proposed architecture for HDTV images.
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