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- ABSTRACT

Progressive image transmission is receiving attention for application in interactive
image communication over low-bandwidth channels. In progressive image transmis-
sion, a Jow-resolution image is first transmitted with as few bits as possible. -Upon the
reviewer’s request, the image can progressively be improved with further transmission.

-y

TN
Eventually, an exact replica of the origina.l-u:%e should be reconstructed.

In this thesis, progressive image transmission'techniques are first reviewed, follow-

ing a summary of image coding. Four new progr&\qsive image transmission techniques
|

are then presented. In the first two techniques, th:e* residual errors due to the previous

. é;uantiza.tion are iteratively fedback and regyanfized either in the spatial domain or

in the transform domain. In the third technique, vector quantization is applied to -

the transform coefficients in a multi-layer fashion so that the total aumber of bits
allocated to each coefficient is proportional to the coefficient variance. In the fourth
technique, a difference quadtree with an error-recovery property is formed and vector

quantization is applied fo the difference quadtree on a level-by-level basis.
N

The simulatiog“\results are reported in terms of rate distortion curves and in
pictorial form. It is demonstrated that the first approximations provide the gross
structure of the image at a very low bit rate and that the successive approximations
converge rapidly to an excellent quality, both subjectively and objectively. The pro-
posed techniques are also compared with other image coding techniques, particularly,
single-stage vector quantization, transform coding and adaptive transform coding,

and are seen in many cases to outperform these techniques.
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1. INTRODUCTION

An Image refers to a two-dimensional light intensity function F (z,¥), where;:
and y denote spatial coordina.té and the value of F at any point (=, y) 1s proportional
to the bﬁg@or grey level) of the image at that point. The corresponding digital
image X (7,7) can be obtained by sampling the analog image F (z,g\;) in the spatial

coordinates and quantizing the brightness, that is,

-

X(5,7) = Flzo +ibz,50 +jAy), 47=0,1,.N

where F is the quantized value of F and Az and Ay are the sarnpﬁng intervals. A
digital image can be considered as a matrix whose row and column indices identify
a point in the image and the corresponding matrix element value identifies the grey
level at that point. The elements of such a digital array are referred to as image

element, picture element, or pizel.

The transmission of still images is an emerging field in image communication.

There are many important applications, such as, teleconferencing, teleconsultation,
’ -

still image broadcasting, remote plant surveillance, computer graphics communica-

tion, interactive visual search of large picture databases, etc.

With standard raster transmission techniques, a digital image is transmitted as a
sequence of rows, or Iiné, of the ihaée matrix, line by line from top to bottom. Hence,
to have any notion of what the final image will be like, the viewer has to wait for a
nearly complete transmission. Since the digital image data is often transmitted over
relatively slow channels, it can take a long time to send a full-resolution image. For
example, transmitting a image of size 256 by 256 with § bits/pixel over a 1200-baud
line would require about 7.28 minutes.

Progressive image transmission [1-24] can alleviate this problem by first trans-
mitting a low-resolution approximation image, instead of a full-resolution image, at a
very low bit rate. Upon the viewer’s request, the low-resolution image is then progres-
sively improved with further transmission. Eventually, an exact replica of the original

_1_\



image’is reproduced. . In other words, in progressive image transmission, successive
approximation images are refinements of the earlier images and converge to the final,

full resolution image.

In summary, progressive image transmission improves the viewer interaction with
an image database by progressively transmitting a séquenc;e of successive approxima-
tions with refined resolution. The primary advantage of progressive image transmis-

'_sion is that the gross structural information of the image@ppea.rs immed;ately at the
beginning of transmission. It is, thefefore, possible for the viewer to make a decision

hd .. ' . . .
whether further transmission is necessary, or not, in a shorter time, thus, reducing

the transmission time. :
' " f
The two basic requirements for progressive image transmission are, therefore, as

follows:

1) The image to be transmitted is first reorganized in a form which is

suited, for progressive transmission;
3

2) The first approximations, transmitted at a very low bit rate, provide the
gross structural information of the image so that the image can be recognized

in a shorter time.
In addition, two other requirements are desirable:

1). Lossless reproduction;

2j. A certain amount of compression.

In this thesis, four new progressive image transmission techniques are presented:
1) Residual Error Vector Quantization In The Spatial Domain (RVQ-SPA) [16,18,23];
2) Residual Error Quantization In The Transform Domain (RQ-TRA) [17,19,21}; 3)
Mult:'stcge Vector Quantization With Optimum Bit Allocation Planes (MVQ-OBA)
[24]; and 4) Vectorr Quantization ondmages in Quadtree Form (VQ-QT) [20,22]. All
feur techniques have a.multi-stage coding structure. At each stage, a coding process
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is involved, and a fraction of the image information is coded and transmitted to yield
progressive image transmission. Finally, an entropy coder is used to encode the final

. residual error image, thus ensuring the lossless repro&uction of the image.

In R\}Q-SPA, the residual errors due to quantization are iteratively fedback and
vector requantized in the spatial domain. An entropy coder is used to encode the final
error image. At each stage, a fraction of the image information is transmitted and
utilized in reconstructing successive approximations of the imagre—. Tterative coding
of the residual errors due to quantization makes it possible ib transmit the image
progressively. Compression is achieved by applying vector qua.ntiza.ti;:vn at each stage.
Lossless reproduétion is guaranteed by an entropy coder at the final stage. The simu-

Jation results demonstrate that the proposed scheme achieves, simultaneously, lossless,

progressive transmission of the irmage at an appreciable amount of data compression.

In RQ-TRA, the residual error quantization technique is applied to the transform
domain. Ap image to be transmitted first undergoes an orthogonal t orm and
the resulting coefficients are then quantized (scalar or vector) before t:en/smksion.
The residual error array due to quantization is iteratively fedback and requantized
(stalar RSQ or vector RVQ); the coded residual error information is progressively
transmitted and utilized in reconstructing the successive approximations. It is shown
that the average reconstruction error variance converges to zero, as the number of
iterative stages approaches infinity. In practice, lossless reproduction can be achieved
with a small number of iterations by using an entropy coder on the final residual error
image. It is shown experimentally that the total bit rate for lossless reproduction
’s less than the first order entropy of the original image; in_other _wordé, not only
is progressive transmission achieved, bu’ some compression as well. However, the
simulation results demonstrate that there is no improvement using RVQ-TRA over
RVQ-SPA. This is because the nenuniform distribution of the coefficient energies is

not exploited.



In MVQ-OBA, we introduce a multistage vector quantization technique a.ppiied
to the transform coefficients in such a way that the total number of bits allocated to
each coefficient is proportional to the coefficient variance. An optimum bit allocation
map is first found based on the variances of the transform coéfficients for a fixed
bit rate. The optimum .bit a.llb;;a.tion map is then sliced into a set of bit allocation
planes by applying a set of Mholds. With the set of bit allocation planes, the
transformed image is vector quantized on a stage-by-stage basis where, at each stage,
only the coefficients (or residual error coeﬂi'cients) assigned the non-zerginumbe.r of
bits are taken as the components of vectors and vector quantized. In othe; words, the
transform coefficients are first vector quantized with the first bit allocation plane; the
residual error coefficients are then requantized with the second bit allocation plane.
The same process is repeated until the la:&td bit allocation plane is used A sepa-
rate codebook is generated for each plane kl;;using the generalized Lloyd clustering
algorithm. The experiments demoPstra.te that MVQ-OBA results in similar error
variances in coefficient quantization at each stage. Since the technique operates in a
multi-stages manner, it in fact results in progressive image transmission. It is shown

experimentally that MVQ-OBA is outperforms RVQ-SPA.

In VQTQT, vector quantization is g&pﬁed to images represented by quadtree. A
mean c‘;‘t‘xadtree representation of an image is first buiilt. up by forming 2 sequence of
reduced-size images by averaging over blocks of 2 x 2 pixels. A difference quadtree is
then built up by taking the diﬂ'erencmbcfween successive levels in the mean quadtree.
Progressive transmission is achieved by ‘sén@gg all the nodes in the difference quadtree
starting from the top level and ending at the bottom lew_rel. The kth é.pproxi;na.tf&n
image can Be formed by a.ddixig the information of level k to the previously fépro—
duced (k —~ 1)th approximation. To gain efficiency, vector quantization is applied
to the difference quadtree of the image on a level-by-level basis. The errors due to
quantization at level k are fed forward and included in the next level, k + 1. It is
demonstrated that the original image can be Iosslasl; reconstructed. It should be
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emphasized that the error delivery procedure is the key for lossless reproduction of
-the original image, which makes it possible to reprocess, at lower levels, the informa-
tiop lost at higha levels. Finally, an entropy coder, such as Huffman coder, is used

size of 4 x 4), VQ-QT is seen to achieve the best performance at a lower bit rate (<
0.3 bits/pixel whereas MVQ-OBA is best for bit rates of around 0.3-06 bits/pixel.

The rest of t % thesis is organized as follows. Chapter 2 introduces the basic con-
cepts of cntropyhjrd_. rate distortion function, and reviews image coding techniques.
Since tranéform coding and vector quantization form the basis of the following chap-
ters, they are analyzed and described in some detail. Chapter 3 gives a review of
previous research contributions in progressive image transmission. Chapters 4,5, 6
and 7 present, respectively, the four new progressive image tra.nsmiss‘ion techniques.

Chapter § briefly summarizes the main results, lists the current research work, and

provides some suggestions for further investigation on progressive irnage transmission.



2. IMAGE CODING

In this chapter, t;he two basic concepts of information theory, Entropy and Rate
Distortion Function, are first presented. Distoriion measures used in image coding
are then discussed. This is followed by a short review of Lossless and Lossy coding
- techniques, including Huffman Coding, Run-length Coding, Predictive coding, Trans-
form Coding and Hybrid Transform/Predictive Coding. Finally, a review of Vector
Quantization as applied to image coding is given. -

2.1 ENTROPY AND RATE DISTORTION FUNCTION

Eantropy and the rate distortion functmn are the two basic concepts 1n source
coding. Information theory indicates [25-29] that if the source is stationary and
ergodlc, there exists a monotonically non-increasing rate distortion function which
provides a lower bound on the average bit rate for a given d.istort.ion and hence an
upper bound on the performance of practical source coders. The lower bound value for
a distortion equal to zero corresponds to a quactity referred to as the source entropy.
- The entropy is a useful measure for source coding because it gives the minimum
average bit rate for perfect reproduction, or lossless coding. The basic concepts of

entropy and rate distortion function are described in the following.

2.1.1 ENTROPY
Consider a digital image source X of size N x N, i.e.
X ={Xj;, 1,7 =0,1,..N —1}.

If each pixel is quantized to K grey levels, i.e. log, K bits/pixel, then, a total of KV *¥
possible image patterns can be generated by the image source. Let p(z) represent the

probability ¢f a specific image pattern,
z = {z;;, 1,7 =0,1,..N =1},

where z;; is the (¢, j)th element of z. The average information of the source is specified
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by its entropy defined as [43],

H(X)= bits/pizel. (2.1.1)

logop
N
N X g

It has been shown [47] that the source entropy H(X) is lower bounded by 0 and upper
bounded by log, K, that is,
0 < H(X) < log, K. (2.1.2)

The left-side equality hclds orly if all the probabilities, p(z), except one are zero, in .
which case the source is totally predictable. The right-side equality holds if, and .only
if, all the image patterns are equiprobable. The redundancy of the source has been

defined asthe difference between the quantity log, K and the source entropy {47,

redundancy = log, K — H(X). (2.1.3)

If the pixels of the image are statistically independent, then, the probability of a

specific image pattern z can be expressed as

N=1
= 1 pis(ip)- (2.1.4)

HJ=0
Here, p;; represents the probability that the (7,7)th element of the image source X,

" Xij, has a value equal to z;;. Substituting equation (‘2.-1.4) into (2.1.1), we get,

N x N 2.1 H pij(zij) logs H Pij(2ij)}

allz ¢ 1"0 5,7=0

N-1
—N — 1 H pij(zij) Y loga pij(zi)}
all = #j=0 §,7=0
N-1 N-1
'\/ Xl\’ Z Z H Pur,(-'fm 108*»?:;(-1':])
all z i 7=0x,0=0
N=1 N=-1

T % 2. 0 1 Pucleas)log pijlzij)

1,7=0 a]] ¢ s,v=0
N=-1

TNXN Z z pi;(2if)log, pij(z:5)- (2.

Wi=0all &,

H(Y

[ §™]
—
[1]
p—
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Furthermore, if the pixels of the image are identically and independently distributed
(i.1.d), that is,

Pij(Zi;) = Puo(Zuo)s for 25 = Zye, (2.1.6)
the entropy (2.1.5) can then be expressed as, \
. N-1 ;
H(X)==_ Pilog; Ps. o (2.17)
k=0 .

In this case, P; is simply the probability of occurrence of the kth grey level value.

In practice, the statistical information of the image, p(z), is, however, not easily
measured or modeled and therefore, the true entropy of image is, in general, very .
difficult to obtain. In image processing, the true entropy is often replaced by the first

order entropy, H!(X), which is measured on a pixel-by-pixel basis and defined as,

N-1

HY(X)==" Pilog, P;. (2.1.8)
k=0

From equation (2.1.7) and (2.1.8), it can be seen that only when the image source is
identically and independently distributed (1.i.d), does the first order entropy H'(X)
equal to the true entropy H(X).

2.1.2 RATE DISTORTION FUNCTION

Fig. 2.1.1 shows a general communication system. We let X and X refer, respec-
tively, to the coder input (the source output) and the decoder output. The average
information transmitted to the destination per pixel is given by the average mutual
information Iyxn(X,X) [29],

1

k(%) = o 3 sep/ale=—L s 219)

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

.,z .

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

> po(@)p(E/z) = Y plz,2) = p(3) (2.1.10)
all z all = '
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and therefore,

Insw = N ¥ 5™ pla, 2)log, PELE) r(z/z)

p(%)

‘ %
L

- - (=,x)
- NXN 2 p(I,.‘.Z:)lng p(z) (.1:) .

%

1 z
“Few L Aedion )

II

_N — > plz,z)log; p(z) + Ni ~ > p(z,2)log; plz/3)

=,z z,z

= H(X) - H(X/X). ‘ (2.1.11)

/ Here, ‘ .
~ HX/Z) =~ 3 ola8)log2p(z/2) (21.12)

*,z

is the entropy of the source X given the decoder output X. Since the Entropy is a
concept of uncertainty, equation (2.1.11) can be understood as follows: the mutual
information between X and X is equal to the uncertainty in the source X minus the
uncertainty in source X given the decoder output X. If the encoding is lossless, i.e.

Z = z, then the uncertainty in the source output X given the decoder output X is

zero. In other words, in the case z = z,

. 1, ifz= ,
p(z/z) = {0 ﬁz #z (2.1.13)
and therefore, the uncertainty in X given Xis given by,
. 1 . .
HX/X) = NN Z p(z,2)loga p(z/2) =0 (2.1.14)

z,z

Hence, the average mutual information is equal to
Inxy = H(X) - H(X/X) = H(X). (2.1.15)

This implies that lossless encoding requires at least a bit rate of H (X). On the other

hand, if the decoder output X contains no information about the source output X,
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that is,

plafs) = Bosd < HEEE) = o) (2.1.16)

the corresponding average mutual information is then equal to
. 1 T .
HX/X)= 57 2 P2)logp(z/2)

z,z

= O Pedlmae)

z,z

= H(X). (2.1.17)

This implies that no information is ti'ansmitted,

b vy = H(X) — H(X/X) = 0. (2.1.18)

L]

In the more general situation, since source encoding may introduce errors, the ure-
certainty H(X/X) is a positive quantity less than the source eatropy H(X). The
average mutual information is, therefore, lower bounded by 0 and upper bounded by

the source entropy, 1.e.

0 < Inxny £ H(X). (2.1.19)

If we pow let d(z, Z) represent 2 measure of the distortion, or the distance, between

z and z, the average distortion per pixel is, therefore,

1
NxN

N i & 2 4@ 2)p()p(E/z). (2.1.20)

T,k

The N x N —block rate distortion function Ry y (D) [29] is defined mathematically as

D= E[d(X,X)) =

the minimum average mutual information between X and X subject to the constraint

6’(' a ﬁxed avera.ge distortion D,
R D)= inf I X,X . 2.1.21
NxN( ) I 2/2) NxN( ) ( )

Note that since the source is given, the minimization can only be over the conditional
probability p(Z/z). The rate distortion function R(D) [29] is simply the limiting value

-10 -
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of the V x IV —block rate distortion function Ry« N(D) as the block size N x N — oo,

R(D) = .

In other words, the distortion D and the mutuat information Inxx (X, X) depend on

Lm  Ryun(D). (2.1.22)

-the type of source coding. However, there is a minimum Iy N(X,f( ) that is needed
so that the average distortion of the reconstruction at the destination does not exceed

the specified upper limit D. This minimum value of IN;(N(X, f(') is R(D).

A plot of a typical rate distortion function is shown in Fig. 2.1.2. It is seen to be
monotonically non-increasing, which is reasonable in that the higher information-rate
representations should lead to the smaller (strictly, non-increasing) average distortion.
It is also clea.r that the distortion at rate R = 0 should be finite if the input variance
is finite. For perfect reproduction (D = 0), the bit rate required is just equal to the

source entropy or average self-information,

R(0) = H(X) ) (2.1.23)

Y

2.2 DISTORTION MEASURE

A distortion measure for a coding system is an assignment of a cost d(z,z) for
reproducing an input,’z, by an output, 2. With such a distortion measure, the perfor-
mance of a coding system can be evaluated using the average distorticn E[d(X, X)],

Bld(X,X)]= > d(z,2)p(z,). (2.2.1)
a.Il::,i ‘

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

1) Computable, so that it can be efficiently evaluated in real time; .

2} Subjectively meaningful, so that it correlates well with human visual

¢

observations; N

3) Tractable, so that it is amenable to mathematical analysis.
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Perhaps, the most popular distortion measure used in image coding is the average
mean square error (MSE) [43], defined as,

N-1
MSE =

i = Xi5)"] o (222)

s,J—O

where .;f::-}md X;; are, respectively, the (3, 7)th element of the original image and the

coded image. Experimentally, the average mean square error is often estimated by, .

v..\2
MSE = N Jgo(x., Xi). . (223)

The mean square error is often normalized by the average energy of the original image

(NMSE),

N-1
NMSE = 2'-’;\? i = Xis)’ ) (2.2.4)
T '-7"'0

The major advantages of the normalized mean square error (NMSE) are its intuitive

appeal (large errors are given more importance than small errors), its ease of compu-
tation, and its mathematical tractability. A variant form, more easily calculable, is
the normalized absolute error between the ori;mal and coded images, defined as [43],

N-1
- X;
e = SI=0 J’X/ 4 l. (2.2.5)
.J-.—O | X‘J I

However, neither the mean square error nor the absolute error is found to cor-
relate very well with subjective ratings obtained by presenting the coded images to
the human observers. Two images having the same mean square error or absolute
error may give very different subjective evaluations. The significant features of hu-
man visual system with regard to (monochrome) image coding evaluations are its
logarithmic sensitivity to light intensity and its nopuniform response to spatial fre-
quencies [43]. There has been considerable eﬁ'ort to yield a distortion measure that
is better correlaved with subjective results. One approach is to preprocess both the

original and coded images prior to formation of the mean square error [43]. Examples

M-
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of preprocessing include point transformations, such as, logarithmic and power-iaw
transformations,’and spatial transformations, such as, Laplacian, gradient and con-
volution operations [43]. Another approach investigated [49,94] is to pass the error
image between the original a.;d coded images through an operat:_)r designed to model

the processing steps for the human visual system

[

Although these preprocess steps do seem to improve the correlation with subjec-
tive rating [43], there is, up to now, still no accepted stéda.rd. In this thesis, the
normalized mean square error (NMSE) between the original image X and the coded
image X , is adopted as the distortion measure because it is analytica.ll} Eracta.ble,
computable in ;eal time, and also subjectively relevant. It should be emphasized
that-even though the NMSE does not completely match with the subjective rating,
small and Jarge NMSE do correspond to good and bad subjective qualities, respec-
tively [43]. In evaluating the performance of a coding system, the (bit) rate distortion
(NMSE) curve [43] is used. To compare different coding schemes, the simulz-itiqns in

the following chapters are carried out on the same images.

2.3 LOSSLESS CODING

~~~———-For most natural images, there is a strong dependence between neighbouring
pixels, implying that fhere is a statistical redundancy in the images. Lossless coding
removes, or at least yeduces, the statistical redundancy of the image in such a way
that redundancy reductivn-operation is a reversible process; 1.e. the original image
can be recovered exactly. Because of thﬁgropaw, thére has been a great interest in
lossless coding techniques. In this subsection, two lossless coding techniques, Huffman
Coding and Run-length Coding, are reviewed.

) £
2.3.1 HUFFMAN CODING

Shannon’s first theorem, or lossless coding theorem, tells us that the average bit

rate R for encoding 2 source can be made as small as, but no smaller than, the source
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. entro.py H [30,31]. Huffman [32] provided a practical procedure for impiementing the
Shannon coding theorem fo: encoding a statistically independent source, which results
in a minimum average bit rate. The Huffman coding procedure results in a variable
length code in which the number of bits for a source sample varies approximately
inversely with the corresponding source probability. This code has the property of
instantaneous decodability and makes use of the concept of a coding tree. If the

efficiency of the code is defined as [30,31],

ef ficiency = % x 100%, (2.3.1)

the Hufiman code reaches 100% efficiency when the source probabilitics are negative

powers of 2.

The procedure for construfting a2 Huffman code tree for a given source is illus-
trated in Fig. 2.3.1. First of all, the set of the source probabilities is arranged in
decreasing order (0.4, 0. 3 0.1, 0.1, 0.06, 0.04). The two smallest proba.b1ht1cs (0.06,
0.04) are then combmcd to yield a new single value, resultmg in a. reduced set of
probabilities.. The reduced set of probabilities is once again re-arranged in decreasing
order (0.4, 0.3, 0.1, 0.1, 0.1). This process is repeated until a set containing only
onc value {unity) is reached. Each node of the binary tree corresponds to the new
probability formed, a binary number "0’ is assigned to the upper member and '1° to
the lower, as shown in Fig. 2.3.1. The codeword for a source sample is the sequence

of 0’s and 1’s obtained by tracing the path from tl.le leaf of the tree to the root of the

tree,

The design of a Huffmar code tree for a given source depends upon the source
statistics. If source statistics change, then a new coding tree is required to ensure
the minimum bit rate. Jn adaptive Huffma.n coding {33-36], the Huffman tree used
to encode the current source sample is the Huffman tree calculated for the previous
source samples. In other words, the current source sample, s;, is coded by using a

Huffman coder which is based upon frcqt?‘cnc_v information derived ffom the most
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most recent previous samples, s;_1, 3;—3, .... The frequency information iz obtained by
- simply counting the previous occurrences of the sample values. I both the transmitter
and receiver start with the same initial Huffman tree and use the same algorithm to
modify the tree after each source sample is processed, no side information need be

transmitted to the recsiver.

2.3.2. RUN-LENGTH CODING

A second class of lossless coding widely used in image coding is run-length coding
[37-40]. A run is defined as a sequence of consecutive pixels of identical values along
a specified direction, for example, the horizohta.l scan line. If the runs are long,
significant reduction in the average bit rate may be achieved by simply transmitting
the start and the léngth of the run Run length coding can be very efficient for binary
images, consisting of graphics and text [42-47]. For detailed images, the runs tend to
be very short and the required bit rate can even increase. However, it can be used
to code the individual bit planes of an image. Fig. 2.3.2 shows decomposition of an
8-bit image into a set of bit planes where the ith significant bits are located in the ith
bit plane. Spencer and Huang [37] reported an average bit rate of 2 to 4 bits/pixels
for images of 256 x: 256 with 6 bits/pixel.

Run-length coding can also be extended to two dimension, i.e. area coding.
An area is defined as a connecfed, continuous group of pixels of identical value. To
transmit an image, only the values which specify the area, such as, the set of boundary
points and the intensity value of the area, are needed to be sent. In the gifnlﬂation
results reported in [38], the bit rate on 4-bit images is reduced to about 2.5 bits /pixel.

2.4 LOSSY CODING

. -
—_—

In lossy coding, the objective is to reduce the transmission bit rate subject to some
image quality constraint. Historically, lossy image coding techniques have generally

followed two paths: predictive coding and transform ccding. Both predictive and
N ‘
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transform coding possess relative advantages and Emitations [42-49]. From an imple-
mentation point of view, predictive coding systems have much lower complexity both
in terms of the memory requirements and the number of operations to be performed
compared to transform coding systems. However, transform coding achieves a rela-
tively higher image fidelity reconstruction at lower bit rates (less than 1 bits /pixel)
while predictive coding r&tgf_s_‘ip superior codiﬁg performance at higher bit rates
(around 2 bits/pixel) {43]. A second difference is that the errors due to quanatization
in transform codﬂi]g are distributed over the entire image (during inverse transforma-
tion) whereas the errors in predictive coding are locally concentrated. Furthermore,
predictive coding is more sensitive to changes in the statistics of the image than trans-
form coding. Hybrid transform/predictive coding provides an effective compromise
of the advantages and disadvantages of transform and predictive coding. Good re-
sults are reported at & moderate bit rate (around 1-2 bits/pixel) [43]. These coding
techniques are reviewed below, with special emphasis on transform coding.

I

. -

2.4.1 PREDICTIVE CODING

Predictive coding attempts to exploit the spatial redundancy in image. In pre-

dictive coding, the pixel value is predicted from the previous pixels. The predicted
 estimate 1s then subtracted from the actual pixel and the corresponding difference is
quantized, coded, and transmitted. At the receiving end, the quantized difference is
used to form a reconstruction of the image. [\n‘

# Y
4

!
/

ictive coding techniques, differential pulse-code modulation (DPCM)
[51] can b¢ considered as the basic system.” A block diagram of a digital DPCM
system is/shov'n in Fig. 2.4.1. In linear predictive coding, for example, the predictive

N
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d

value z; is calculated for each input pixel, za, by using the following equation (47],
Ba= ) GiTai, L (240)
"%

The difference, ey, between the true pixel value, z.,, and its predicted value, z,, is
"quantized, coded and transmitted. The predictor can be optiM in terms of the
minimum mean-square error. In other words, the coefficients a; can be chosen so that
the variance of the predictive error €n = Tn — %, is minimized. The optimal set of

»

coefficients can be obtained from the following equation,

> eiemR(G—i)=RE) (24.2)

where R(7) is the correlation ﬁinqtio/n-. As a special case, in Delta Modulation [50],
the difference between the pixel zn and its predicted value Z, is quantized into one of
two levels, as shown in Fig. 2.4.2. That is, if the difference is positive, +A is coded,
otherwise, —A; in other words, only two possible levels are allowed.

3

Adaptive Predictive Coding

Predictive coding is local in structure and, therefore, quite sensitive to changes
in the statistics of the data. When the input data is far from s{;tiona:ry, a fixed-
design predictive coder .will yield an inconsistent performance in terms of the rate
distortion function. Adaptive techniques have been used to advantage in these cases.
The approa.%h&s generally fall into one of two classes: an adaptive predictor with a
fixed quantizer, or an adaptive quantizer with a fixed predictor (52). In these adaptive
approaches, the parameters involved in designing the predictor and the quantizer are
required to keep up with the changing statistics of the ;nput data. For example,
~ in the caseof the linear predictor, the correlations and the corresponding weighting
coefficients are reéomputed periodically [52].

2.4.2 TRANSFORM CODING
-17 - '
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In transform coding [53-62], the input image X of N x N pixels first undergoes

an orthogonal transform A (A’ = A™1), as shown in Fig. 2.4.3,
. Q=AXA, | s (243)
and the resulting decorrelated coeficients Q;;, 4,7 =0,..., N —1 of the transformed
image are then gquantized with a variable number of bits, the numbezr being specified
by the bit allocation map. At theeggceiver, the inverse transform is performed to

recover the coded image X , that is,

X = AQA, (2.4.4)

where @ is the quantized transformed mage.

Transformation

An optimum orthogonal transform should completely decorrelate the transform
coefficients, Q;, 3,7 = 0,1,..N — 1, and therefore, minimize the geometric mean
of the variances of the transform coefficients [41,47). It is shown below that mini-
mizing the geometric mean of the variances of the transform coeffidents corresponds
to minimizing the reconstruction error variance in transform coding. The (discrete)
Karhunen-Loeve transform is a well-known optimum orthogonal transform. However,
due to the large amount of computation involved in impiementing the Karhunen-Loeve
transform, it is usually replaced by suboptimal transforms, such as, Fourier, sine, co-
sine, Hadamard, etc. Among these, the (discrete) cosine tra.nsform (DCT) has been
shown to come closest to the Karl;‘a.l.nen-Loeve transform in 1t3 energy compaction
properties [46]. In this thesis, the DCT is the transform of choice.

Two useful properties of orthogonal transforza coding are now highlighted [47):

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

energy of the input image that is,

e

N-1 N-1
N x N . - N X N L~ o2 =% (24:5)
$,5=0 £,3=0
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Here of; = E(Q%), ,j = 0,1,..N — 1 is the second moment of the (3, j)th
transform coefficient and o= E(X%), 4,7 = 0,1,..N — 1 is the second
moment of the (z, J)th input elément. '

2) The avefage reconstruction efror variance is equal to the average quan-

tization error variance in the transform domain, that is,

1 N-1 1 N-1
2 2 2 2
O",. = ar,l'j = = O'q"'j = O'q. (2-4.6)
N x N','J_=0 NxN i
Here 0'3',-1. = E((Xy - Xi;)?), 1,7 = 0,1,..N — 1, is the reconstruction

error variance of the (Z,7)th input elementand o"q"’,,-j = E((Qij - Q:i;)%),
4,7 =0,1,...N — 1, is the quantization error variance of the (7,7)th trans-
¢

form coefficient.

Equations (2.4.5) and (2.4.6) imply that the analysis in the spatial domain will be -

completely reflected in the transform domain in terms of the avefage value of the

“

second morment.

Quantization

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

to the input signal variance o2 as follows [47],

0% = ol = 272852 (24.7)

: ¢
Here eg = 22728 i th§ quantizer performance factor which dgpen}s on the proba-
bility density function (PDF) of the input signal and on the quantizer characteristic,

. . ) ‘v
especially as regards the number of quantization levels. The' guantity ¢? can be con-
sidered 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
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The bit allocation map indicates the number of bits to be assigned to each coef-
ficient in the transform domain. The advantage of using an optimal bit allocation in
the transform domain-is now evaluated. It is first shown that there is little benefit
obtained by transforming the input image without optimizing the bit allocation; in
other words, if equal bit allocation is used. We then calculate the gain that can be
achieved by using an optimal bit allocation subject to the minimizatiorg' of the average

rd

coefficient quantization error variance for a fixed bit rate.

For the sake of the analysis, it is assumed that ali elements in the spatial domain
and transform domain have probability distribution functions of the same type but
with different variances. An equal bit allocation scheme is assumed; that is, all tixe
elements Xj;, 1,7 =0,1,..N—=1in the spatial domain and Qy5, 7,7 =0,1,..N~1in
the tradsform domain are assigned the same nu.mber‘ofbit:s B (the a.vera.ge‘{bit rate).

From (2.4.7), the quantization error variance for the element X;; of the input image

X can be written as,

o g,sp,ij = 351),:'52_2303,;,' = 6.291)2"23 ol; (2.4.8)

83"

Here, ‘%‘D,ij = €%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,

;1
9950 = N XN .

13,5=0
;N
—2B 2
“NxN Zﬂ 50T " zij -
. 1= ( ~
_ ;=
~28 2
= &&p2 NxN 2 0z,ij
‘ ij=0
= &§p2 2007, ' : (24.9)

kS

In a similar fashion, the quantization error variance for the transform coefficient Q;;
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q,,TD ;= ET.D :_12 ~2Bg% = 52 2*23 2 (2.4.10)

~ can be written as,

Once more G%-D,,-J- = %‘D based on the same assumption as in the spatial case, and

the average quantization error variance in the transform domain is, therefore,
N-1

1
quD = N X N Z q'T-D iy
? :g—.O

© 1’\"><1\TZ‘%‘2—2B2

5,5=0

N=1
— 2 -2.5
- = e1p2 N Z o3

1,j=0 "‘7‘}
= em2‘°3 2, (2.4.11)

For both cases, the average quantization (reconstruction) error variances is propor-
tional to the average energy of the input image (or the arithmetic mean of the trans-
form coefficient variance). If logarithmic quantization is assurred in both the spatial
and the transform domains,

&p = &p- (2-4.12)
Note that logarithmic quantization is very insensitive to a mismatch relative to the
PDF of the input sources [47]. Therefore, it is clear from (2.4.9) and (2.4.11) that ,

U:'TD = Ug’sp. (2.4-13)
In other words, there is little benefit obtained by transforming the input image and
just using an equal bit allocation in transform domain (2.4.13).
=

We now calculate the gain that can be achieved by optimally distributing (al-
locating) the bits among the transform coefficients. Let Bi; be the number of bits
allocated to the (1,7)th transform coefficient, then, B, the average bit rate is given
by,

(2.4.14)

:g—O

-9] -
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The average coeflicient quantization error variance, o2, is

g

2 __ 2.0-25, )

e rw ey L e
iJj= .

where
ol =2 Bugl (2.4.16)

The optimality is with regard to the minimization of 0';." under the constraint of a
fixed average bit rate B. The calculation of the gain follows that given in reference
[47], where the e“-"- ,7 =0, 1:-:.-N — 1, are no longer constant assumed in [47]. In
fact, e t,7 = 0,1,..N — 1 depend upon both the number of bits assigned to and
the PDF of the cocfﬁczzr;s. Table 2.4.1 provides the numerical values of € for both
PDF-optimized uniform quantization and PDF-optimized nonuniform quantization
with four different in?uts PDF’s (U: Uniform, G: Gaussian, L: Laplacian and T :
Gamma), derived from Tables 4.1 and 4.4 in [47]. As seen in Table 2.4.1, €* varics

with the number of quantization levels and the input PDF.

Y

We calculate the gain using the Lagrange multiplier method,

aia,-,-[”?”’\ N ZBU]—O 65 =0,1,..N - L. (2.4.17)

1,7=0

An optimum bit allocation is then given(th;

D ’

1 &
Bij=B+~ logo eucr,J NN k% log, 64,07
2 0 =
4 _ 1 ;955 _— . <
> —B-{-Elogz T L ) ﬁ/z,] =0,1,..8 -1 (2.:!.1b)
M=o i) = : i

It should be observed that the number of quantizer levels 28+ is proportional to

both the coefficient variance, au, and the quantizer performance {actor, e . The

bit allocation formula (2.4.18) also implies identical error variances in the cocfﬁcxcnt

quantization:

3 B
2 _ 26-28,
T4 = €52 a'sJ

N\



Ne1 1/(NxN)

= 2725 H hioh)

k=0
=2 *8(I] o) : i,7=0,1,.N =1 (2.4.19)
k=0 .
where
: N1 U(NxN)
= (][ &» . (2.4.20)
k=0 :

Therefore, the average reconstruction error variance is

, N N-1 ~ V(H¥FxN)
min(arz') = mln(ag) NxN L quj = 602‘--8( H O-H) (2‘4'21)'
5,7=0 k=0

Note that the average reconstruction error variance is proportional to the geometric

mean of the coefficient variances.

The ratio of the distortion with the optimum Dit allocation (2.4.21) to that with
the equal bit allocation (2.4.11) in the transform domain 1s, therefore,

i) _ §° (L ?,”‘”"”)_ g @y’ ™"
o | G BylyTimd  Gp myride T 24P

If
£~ (2.4.23)

D

which is a reasonable approximation in the case of logarithmic quantization [47], then,
a<l (2.4.24)

with equality if, and only if, all the variances of the coefficients are equal.

Gain of Transform Coding

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 (2.4.5),

- 23) -
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2) The optimum bit allocation results in an average reconstruction error
variance proportional to the geometric mean (2.4.21), instead of the arith-

metic mean, of the transform coefficient variances. -gr-

The gain due to transform coding [47] is just the reciprocal of o, i.e. the ratio of the

arithmetic mean to the geometric mean of coefficient variances.

Adaptive Transform Coding

Performance of trmsfo@ coding may be improved substantially By adapting
it to changes in image statistics [52]. One effective approach is to adapt the bit
allocation map to changes in the statistics of the image. Adaption of this type has
been considered by Chen and Smith [62]. In their technique [62], each image block is
classified into one of several classes based upon its activity. A larger number of bits
13 then assigned to the blocks with higher activity and fewer bits to blocks with lower
activity. The Chen and Smith technique is important because it is often used as a

quasi-standard for comparing coding performances.

2.4.3 HYBRID TRANSFORM/PREDICTIVE CODING

Tae term of Hybrid refers to the combination of transform and predictive coding
techniques [63]. A block diagram of a hybrid coder is presented in Fig. 2.4.4. A one-
dimensional transform is first taken along rows of image and then, a one-dimensional
predictive coding technique is applied to the transform coefficients in a columnwise
fashion. In general, the performance characteristics of hybrid coditig lies between

“that of transform and predictive coding.

2.5 VECTOR QUANTIZATION

Rate distortion theory [25-29] indicates that better performance can be achieved
by coding vectors instead of scalars. However, this theory does not provide con-
structive design technique for vector coders. Vector quantization design techniques

- 24 —



\

and various vector quantization structures have only been developed in recent years
[64-90]. A tutorial paper by Gersho and Cuperman [71] presents a review of vector
quantization for speech coding. A broader and more comprehensive review of vector
qua.nEiza.tion is given in (72,75]. In this section, the basic concept of vector quantiza-
tion is first presented, including a discussisn on complexity znd bit rates. Methods
for reducing the complexity in vector qua.ntiza.t‘ion‘a.re then described and followed

by a review of vector quantization for image coding.

2.5.1 BASIC CONCEPT OF VECTOR QUANTIZATION

Vector quantization concerns the joint quantization of a block of input daten In
vector quantization [72], the input vector V = {V;} drawn from an M-dimensional
Euclidean space is mapped into a finite set (codebool-c) of reproduction vectors (code-
words) ¥V = Vi, i=1,2, «Nc} contained in the space . In other words, the input

vector V is represented by V, the vector quantized version of V. This can be written

as,

q)=V¥ (2.5.1)

where ¢(.) is the quantization operation.

In designing a codebook with N, levels, the M-dimensional Euclidean space of the
input vector V' is partitioned into N, cells {II;, i = 1,2,...N.}, where each cell Ii; is
associated with a representative - vector, or codeword, V;. The quantizer then assigns

l_the codeword V; if the input V is in cell II;,

-

V)=V fV el (2.5.2)

~—

This implies that the vector mapping is completely characterized by the partition
I ={Il;, i = 1,2,...N.} of the input space V, which assigns an input vector V € II;
to the representative vector V. An optimal quantizer should minimize the average

coding distortion over all the other quantizers with N, levels. If the distortion is
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defined as follows,

' N, .
D= E[d(V,V)] =Y P(V € IL)E[(V, Vi)V € IL}. (2.5.3)
=1 T

then the optimal quantizer must simultaneously satisfy two necessary conditions [67]:

1) The optimal quantizer must use a minimum-distortion or nearest neigh-

bor selection rule,
V) =1V, iff d(V,V;) <d(V,V;), forall j (2.5.4)

where g(.) is the quantization operator. In other words, the quantizer chooses
the code 15ector that results in the minimum distortion with respect to V. _
2) The codewords {V;} are chosen so as toninimize the average distortion

in each cell II;, A

-D; = E[d(V, V)]V € 1},

{H:}.

A procedure which has been applied successfully to codebook design is an iterative _
clustering algorithm, refegred to as the LBG algorithm (Linde, Buzo and Gray [GSD,
or the generalized Lloyd algorithm [102]. This algorithm produces a quantizer such
that the two necessary conditions for optimality are satisfied. The steps involved in

this algorithm are as follows,

0) Initialization: Given a distortion threshold ¢ > 0, axinitial codebook
Vo = {f/},g; t=1,2,..N.}, and a training sequence of input vectors, {V}. j =

1,2,..T}. Set m =0 and D_; = co.

_ 1) Partition: Each training vector is assigned to the nearest neighbor
output vector and a partition {Il; 7 =1,2,..N.} is obtained,

Y

Vi €Mim, i d(V;,Vim) d(V;, V1) forall L (2.

[ ]
ot
(o]
.
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2) Codebook Updating: The codewords of the (m + 1)st codebook are

formed,

-

1 C .
Vi m +1=5,—-V§ v, i=1,2 ..N.. (2.7.5)

Here, T} m is the number of vectors in Il;» and the new codewords are the

centroids of the corresponding partition.

4) Termination: (jompute the average distortion

D min d(V;,V 2.5.8

ZIVEV V) (25.3)

Ef (Dm—1 = D)/ Dy < ¢, stop and let Vi, be the final codebook. Otherwise,
set m =m + 1 and go to step 1.

One important feature of this algorithm is that the codebook can be designed without
requiring explicit knowledge of the source statistics. Furthermore, this algorithm has

been shown to converge to a local opti‘mum (63].
] o

In gereral, however, the solution is not unique [75], but depends upon the initial

codebook. There are two basic approaches to obtain the initial codebook [72):

1) The first approach is to start with a codebook of the required size. An
example is to take the first N¢ vectors in the training sequence as the initial
codewords [72]. A modification is to select suitably spaced vectors as the

initial codewords from the training vectors [72).

second approach is to start with a small codebook and recursively

construct a r one; an example is the binary splitting method [63]. In this

A
method, the starting point is one codeword, the mean vector of the training

vectors. The codeword is Split by a fixed perturbation vector to form two

-

codewords and thé LBG algorithm is applied to vield a codebook of two
- PR

levels. Each of the two codewords is then split and the LBG is again applied
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to produce a codebook with four levels. The procedure continues in this way.

until the required number of codewords are generated. o] e

2.5.2 COMPLEXITY AND BIT RATE CALCULATION 5 &

Once the codebook is generated, quantization is performed by computing the
~distortion between the inpﬁh&nﬁ each codeword in the codebook. The codeword
which minimizes the distortion is chosen as the quantized version of the input. This
type of quantization is known as a full search since each input vector is compared
with all the codewords in the codgbook. The computational cost for qua.ntizing—en\
. input vector using the full search is proportional to the dimensionality of the vectors,
D, and the number of codewords, N, [T5]}

C=k.xD,xN, (2.5.9)

b

where k¢ is a constant. The storage cost for the codebook is given by,
M=Fk;xD,x N, (2.5.10)

where b, is also 2 constant. If an equal length coder is used to encode the labels
corresponding to the selected codewords, the average number of bits per dimension

for the labels is given,

IOgo Nc
Ry=—=
! D,

bits/dimension. (2.5.11)
Substituting (2.5.11) in (2.5.9) and (2.5.10), the computational and storage costs can
be, respectively, rewritten as,

C = ke x Dy x 2DR] (2.5.9)

6

M = km x D, x 20<R, (2.5.10)"

Both the computational and storage costs are exponential in the dimensionality of

the vectors D, and the number of bits per dimension, R;. Therefore, both high-rate
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and large-dimensionality vector quantization can become impragctical should be

emphasized that the R; defined in equation (2.5.11) is in fact the upper bound for
_ encoding the labels. The use of a variable l'ength encoder for the labels, such as

Huffman coder, can result in certain reductions in the bit rate.

In image coding, the codebook can be adapted to each input image [36,38]. In
other words, for each image, 2 new codebook is generated and is transmitted to the

receiver. The corresponding bit rate for the codebook, or overhead, is given by,
_ DyxN.xB. D,x2PRyxp,

= = 'ts/pizel 2.5.12
R, N IV W 'bzt.s/pz.re ) (2.5.12)

where B, is the average number of bits per component of the codeword and N x N

is the size of the image. The overhead for transmitting the codebook ig, scen to
grow exponentially with the dimensionality of the vectors and the num%er of bits
per dimension. This implies that at I:igher bit rates, a larger dimensionality leads
to a considerable overhead for transmitting the codebook. Table 2.5.1 shows the
overheads {or transmitting the codebooks at different bit rates and vector dimensions.
For example, if D, = 4 x 4, N, = 256, B. = §, and N x N = 256 x 256, then,
R = hi.:x'iﬁ = 0.5 bits/pixel and R, = %‘-&%’;—3 = 0.5 bits/pixel. As scen, 50% of
!

the bits are required for coding the codebook.

2.5.3 METHODS FOR REDUCING COMPLEXITY

Although vector quantization can achieve significant performance advantage over
scalar quantization, the advantage is obtained at the expense of considerable com-
putational and storag&;&:ﬁosfs. For full search vector quantization, the computational
and storage costs are ex;?&rlentialtv proportional to the dimensionality of the vectors
and the number of bits per dimension (2.53.9-2.5.10). Several techniques have been
proposed to reduce the computational and the storage costs in a full search vector
quantization.

‘o |
Tree-structured Vector Quantization

B



Instead of using a full search, quantization can be operated on a binary tree
codebook [66]. In binary tree-structured vector quantization ‘(Fig. 2.5.1), the M-.
dimensional space is first divided into two regions, then ea.ch region is further divided
into two subregions, and so on, until the space is divided into N, regions, or cells. In
quactizing each input vector, a decxszon is made between one of the two subregions at
each layer of thebmary tree and the representatwe codeword is found at the last layer,
In other words, an input vector is quantized by traversing (searching) the tree a}cng a
path that gives the minimum distortion at each node in the path. The compu\.a..:onal
cost, [75] is proportional to 2 x Dy x logy N = 2 x Dy, x (D, x R;) and the total
storage cost is proportional to M =2 x D, x (N, — 2). Note that the computational
" igost s now proportional to the square of the dimensionality of the vectors and the

number of bits per dimension.

Va
i
)

e,
Multistage Vector Quantization

Multistage vector quantization was first proposed bl Juang [69]. Fig. 12.5.2 shows
a two-stage example of mlﬂtlstage vector quantization. The input X is first vector
quantized using a quantizer with N levels. The residual error, e, between the input
X and its vector quantized version X is then used as the input to a second stage
vector quantizer with Nz levels. The final quantized versioa pf the input X is simply
the sum of the outputs of two stages. The process can be repeated by feeding the
residual errors from the second stage into the third stage, and so on. In terms of
the average bit rate for the labels (2.5.11), n-stage vector quantization, where stage i
has N, codewords, is equivalent to a single stage vector quantization with [T, N,
codewords. However, the computational and storage costs for the n-stage ve;:ctor
quantization is proportional to Dy X 3 i) N instead of D, -x | Nei for a single

stage vector guantization.
Y

Product Vector Quantization



In product vector quantization [66,73,82], the Euclidean space of the input vector
is first decomposed intp two or more subsets, jointly represénting all the pointfs in the
space. If we let D,; and N be the dimensionality and codebook size of subsgt i, then
the dimensionality and codebook size of the product code are, respectively, given by,

Do=) D (2.5.18)

N = [ Na. (2.5.19)

I the subsets are separately vector quantized with their respective codebooks, the
corresponding computational a.nd\stora.ge costs are proportional to > Dui X Ny
The corresponding computational and storage costs for a single stage vector quanti-
zation. with vector dimension D, and codebook size N, is proportional to D, x N, =
(2 Doi)(I1; Nex)

- An example of a product vector quantization is the Gain/Shape vector quantiza-
tion [73]. In this technique, the input vector is first normalized, prior to encoding,
by the removal of the gain defined as the energy of the vector. The resultant nor-
malized in\put vector is referred to as the shape vector. The gain and shape are then
separately quantized; in pé.rticular, the gain is sca.la._r quantized and the shape vector
quantized. If coding is operated at a total bit rate of R = R, + R, where R, is the

“bit rate for scalar quantizing thé gain and H, is the bit rate for vector quantizing the
vhape, tle computa.tiona.l and storage fer vector quantization cost are proportional
to C = D, x 20-R._ Th:s is to be compared with D, x 27-%& for a single stage full
search vector quantization at a bit raﬁe of Bfi=R=R;+ R,.

Another example of product vector quantization is the Mean/Skape vector quan-
tization [32]. The mean of each vector is subtracted to yield a new shape vector with
zero mean. The shape vector is then vector quantized while the mean is separately
scalar quantized.

2.5.4 A REVIEW OF VECTOR QUANTIZATION FOR IMAGE CODING
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A block diagram of the various steps involved in implementing vector quantization
as applied to image coding is provided in Fig. 2.5.3. The first step is to decompose
the input image into a set of vectors. A subset of the vectors is then chosen as a
training sequence from which a codebook is generated, normally with tke use of the
generalized Lloyd clustering algorithm [65]. Finally, for each input vector, the closest
codeword is determined and the corresponding label of this codeword is transmitted.
Vector quantization for image coding is now reviewed from the following two aspects:

vector formation, and training sequence and codebook generation.

Vector Formation

Vector formation, or decomposition of image, is the first s‘ep in vector quan-
tization. Many different approaches to vector formation have been proposed. The
approaches can be classified into two categories: Direct and Indirect.

Direct Approach

In the direct approach, the vectors are formed using the original pixel values. For
example, in an early vector quantization scheme for multi-spectral Landsat image
coding [76], the vectors were formed for each pixel from four Landsat baads, thus,
exploiting the spectral correlation. Lowitz [77] proposed a vector quantization scheme
for a m‘onochrome images where the image is divided into rect;mg.ula.r blocks and the
pixels from a number of different blocks are combined into a vector. A more widely
used method to vector formation is t})_ckw:-w\ose the nput Jmage into spatially
contiguous, nonoverlapping blocks (vectors) of pixels [78-81] Recent experiments on
combirning both spectral and spatial information were described by Goldberg, Boucher
‘and Shlien {86).

~

Indirect Approach

A number of examples for the indirect approach are now described.
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1. Orthogonal Transform Coefficients

In orthogonal block transform coding, the transform results in transform
coefficients which are decorrelated and in general, concentrates the energy of
image in the lower coefficients. The resulting coefficients can be used as the
components of vectors in image coding. In [83,88], only the, coefficients with
the highest energies are combined into a vector. An alternative approach is
pr0poséd by Aizawa, etc. [87] where each transform block (8x§) is partitioned

into 14 vectors and each vector quantized separately.
2. LPC Parameter

Sun and Goldberg describe an adaptive linear predictive image coding
using vector quantization [S4]. In this scheme, the image is decomposed into
blocks. For each block, the LPC (lincar predietive coding) parameters (linear

predictor ¢ocflicients) are calculated and concatenated to form a vector.
3. Predicted Errors

Hang and Woods [85] present an image coding scheme which combines
the features of predictive coding and vector quantization. The basic idea of
this scheme is to first use a predictor to remove .the‘prcdictable redundancy
in the image and-thcn use a vector quantizer to further remove the residual

redundancy. In this scheme, the vectors afe formed from the predicted errors.
4. Mean/Residual Errors

In Mean/Shape vector quantization [§2], the mean of cach block is ex-
tracted and a difference signal is formed by subtracting the mean from the
image. The mean is encoded by a scalar quantizer and the difference signal

by vector quantization.

Training Sequence and Codebook Generation
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In vector quantization, an optimal codebook should cox;n%l(etely reflect the statis~"

tics of the input vectors. A codebook generated by the generalized Lloyd algorithm

is optimized for the particular training sequence, chosen as the representative of the

input image source. We now discuss two methods for training sequence and codebook

generation: universal and adaptive. \

In the universa_.l method of '[78,79j, the vectors for tra.tmn} sequence are drawn
from ma.ey different kinds of Ema.ges. The resultant universal codebook can then be
fixed at both the transmitter and the receiver and therefore, there is no ovérhead
required for transmitting the codebook. There are two problems with the universal
method. First of a]l,( images outside of the training sequence may not always be
represented well. Secondly, to ensure a goed fit for all the images, a oodgbook with
many codewords is needed, thus, increasing the b1t rate. One proposed modification
is Classified Vector Quantization (89], where the vectors in a training sequence are
divided into a finite set of classes (states) based upon some feature of the vectors, for
example, the edge content. For each class, a separate codebook is generated based
upon the vectors (the sub-‘training sequence) in the class. In quantization, the class
for each input vector is first determined and the input vector is then encoded with
only the codebook specifically designed for the class, thus, significantly reducing the
searching complexity. In a recent paper [90], Aravind and Gersho exploit the memory
of the input image to determine the state of the input vector. .In other werds, the
state of ea.ch input vector is predicted from the previous reproduction vectors. .As
there is no side information required for indicating the cHoice of codebook, the bit
rate can be reduced. |

In the adaptive method of [66,88], the training sequence and the codebook are
a,daf.)ted to each input image. For each input irnage, a subset of vectors formed from
the image is taken as the training sequence and a codebook is generated. One further

refinement is to }:;rea'.k up the input image into subimages, and design a local codebook



for each subimage [88]. The local codebooks better match the local statistics, thus,
. i
smaller codebook can be used. However, an overhead is required for transmitting the

codebook for each izput image.

Y

N 2.6 SUMMARY

-3
In this chapter, we have reviewed the following aspects related to image coding:
the basic concepts of entropy and rate distortion function, distortion measure, lossless

oodiﬁg, lossy coding and vector quantization.

Entropy and Rate Distortion Function: For a given image source X, the entropy
H(X) indicates the minimum bit rate for lossless reproduction and the rate distortion

function R(D) provides the lower bound of bit rate for a fixed distortion D.

Distortion Measure: The normalized mean square error (NMSE) is'} widely used
in evaluating the qua.hty of the coded image, but, it is not always correlated well
with subjective ra.tmg There has been iderable effort to improve the correlation
with subjective rating. So far, there is no accepted standard criterion. We adopt

| the NMSE as the distortion measure and use the (Pit) rate distortion (NMSE) curve
in evaluating the performance of a coding system. To compare the different codaﬁg

schemes, the simulations in the following chapters are carried out on the same images.
F

Lossless Coding: Huffman co&ing provides an optimal procedure for encoding a
statistically independent source. Run length coder is particularly useful for images
with long runs. We describe new lossless coding methods which imp;‘ove‘Huffma.n
coding.

Lossy Coding: Predictive, transform and hybrid cc;dipg are reviewed, with special
emphasis on transform coding as it forms the basis for the following chapters. Once
an orthogon:z.l transform has been chosen, optimizing a particular transform coding
scheme reduces to finding an optimal bit allocation such that the avuaée distortion is
minimized fér a fixed bit rate. The ‘gain using an optimal bit allocation over an equal
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bit allocation in transform domain is the ratio of arithmetic mean to the geometric

mean of the coefficient variamces.

Vector Quantization: Vector quantization is a relatively new coding technique
which achieves significant performance advantage over scalar quantization. The com-
plexity associated with vector quantization is shown to grow exponentially with thq:.
dimensionality of the vectors and the bit rate per dimension. Many methods for re-
ducing the complexity have been proposed, such as, tree-search vector q:}iantiza.tion,
multistage vector quantization, and product vector quantization. The techniques de-
scribed in chapters 4-7 pw new ways of using vector qua.qtization techniques for
image coding. g ' v

‘l
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Fig. 2.1.2. An exampile of the rate distortion function for a discrete-amplitude source.
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Fig. 2.4.3. Block diagram of transform coding. The input image X first undergoes an
orthogonal transform A (A’ = A™1). The resulting transformed image Q is then quan-
tized before transmission. At the receiving end, the inverse transform is performed
to recover the coded image X.



Table 2.4.12 Quantizer performance factor for PDF-optimized uniform quantizer

B Quaatizer Performance Factor ¢29—283 Variable Correction Factor =
(bits) U G * L r U G L r
1 0.250035 | 0.363078 | 0.500035 ] 0.656807 1.0001 1.4523 2.0001 2.6672
2 0.062517 | 0.118850 { 0.196336 | 0.319890 1.0003 1.9016 3.1414 C5.1182
3 0.015631 0.037411 0.07177% | 0.132434 1.0004 2.3943 4.5939 8.4758
4 0.003908 | 0.011535 | 0.025351 | 0.05011% 1.0006 2.9528 6.4899 12.8304
5 0.000577 ~ 0.003491 | 0.008710 0.01'1"-824 1.0007 3.5752 8.9187 18.2516
6 0.000244 | 0.001040 | 0.002911 0.006081 1.0008 4.2595 11.9223 24.9092
7 0.00006]{ 0.000307 | 0.000948 | 0.002000 1.0010 5.0283 T‘%‘53S9 32.7657
8 0.000051 | 0.000092 | 0.000306 | 0.000647 0.9988 6.0601 20,0669 42.4111
. ;
Table 2.4.1b Quantizer performance factor for PDF-optimized nonuniform qytizer
B Quantizer Performance Factor ¢29-20 Variable Correction Factor 2
(bits) u G L T U G L r
1 0.250035 | 0.363078 | 0.500035 | 0.666807 1.0001 1.4523 2.0001 2.6672
2 0.062517 | 0,117490 | 0.176198 | 0.231739 1.0003 1.8798 2.8192 3.7078
3 0.015631 0.034514 | 0.054450 | 0.07046%9 1.0004 2.2089 3.4848 4.5100
4 " 0.003908 0.0(}9506 0.015382 | 0.019634 1.0006 2.4335 3.9377 5.0262
5 0.000577 0.00%06 0.004102 | 0.005188 1.0007 2.5663 4.2005 5.3125
6 0.000244 0.00064 0.001082 | 0.00134 1.0008 2.6507 4.3387 5.4878
7 0.000061 0.000166 | 0.000270 { 0.000341 1.0010 2.7128 4.4200 5.5601

U: Uniform, G: Gaussian, L: Laplacian and I': Gamma
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Table 2.5.1 The bit rate distortion for the labels and the codebook
at the different vector dimensions
(N*N=256*256 and Bc=8 bits/pixel)

. Dv Ne (bnsf;lixcl) ' (biul}:ixcl) ‘
202 4 0.5000 0.0019
202 8 0.7500 10.0039
202 16 11,0000 0.0078
202 32 1.2500 0.0156
202 64 1.5000 0.0312 X
404 16 0.2500 0.0312
avd | 32 0.3125 0.0625
44 64 0.3750 0.125G
404 T2  0.4375 0.2500
404 256 0.5000 0.5000
44 512 0.5625 1.0000

Ve



Input Vector

Fig. 2.5.1. Uniform tree for a binary-search vector quantization. In quantizing each
input vector, a decision is made, between one of the two subregions at each level of
. the binary tree, the representative codeword is found at the last level.
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Fig.' 2.5.2. A 2-stage vector quantlzer The mput source is first vector quantized
with quantizer VQ;. The residual error between the original image and its vector
quantized version is then used as the input to a second stage vector quantizer V Q2.+ |
' 'The final quantized version of the i una.ge is the sum of the outputs of two stag&s
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Fig. 2.5.3. Block diagram of vector quantization applied to image coding. The
input image is first decomposed into a set of vectors. A subset of the vectors is then
chosen as a training sequence from which a codebook is generated, normally by using
the generalized Lloyd clustering algorithm. In quantization, for each input vector,
the closest codeword is determined and the corresponding label of this codeword is

transmitted.
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3. A REVIEW OF PROGRESSIVE IMAGE TRANSMISSION

In progressive image transmission pgoposed [1-24], the image data is first reor-
ga.mzed and then transmitted progressively, where the reorganization is either in the
spatial domain or in transform domain. In the spatia'i domain, progressive image
transmission can take place either directly on the image pixels, such as in the bit
plane and subsa‘.mpling, or on the preprocessed data, such as in the pyramid tech-
nique [1-11}. The transform domain techniques can be classified into coefficient scan-
ning [12,13], bit slicing [14,15] and S-transfo [10‘0,101]. These progressive i:z;age

. . . ] .
transmission techniques are now reviewed below.

3.1 DIRECT SPATIAL DOMAIN TECHNIQUES

A digital image can be divided into a set of bit planes as shown in Fig. 2.3.2,
‘where the ith bit plane corresponds to the ith significant bits of the pixels in the orig-
inal image. Progressive fmage transmission can be achieved by successively sending
the bit planes starting with the most significant bit plane. The sets of possible recon-
struction levels for successive approximations a.ré, therefore, (0,i28), (0,64,128,192),
- (0,1,...255)'for an 8-bit image. This method is simple and needs no overhead, but,
its performance is very poor. For example, the first #pproxima.t.ion transmitted at a

average bit rate of 1_bits/pixel is only a binary image.

Another'sin}ple method is to successively subszz;.mplet the image pixels a.nd’ pro-
gressively transmit them. At the receiving’end, the mis%i?g pixels are defined by some
interpolation”scheme. The simplest approach is to repeat the received pixel values
(zero-order interpolation). However, this method does not yield good intermediate
approximations. More complex interpolation schemes have been proposed, including

bicubic splines, cubic convolution and bilinear interpolation [6].
3.2 PYRAMIDAL TECHNIQUES
Pyramid data structures are a class of hierarchical representations of imagés.
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This data structure kas found an important role in the fields of image processing,
computer graphics, geographic information systems, etc: Given an image X, of size

2% x 2", a pyramid can be defined as a sequence of matrices {Xz} such that Xp_,
p ]

" is a reduced-resolution version of Xg. In the Iimjt,‘Xo is a single pixel (Fig. 3.1.1).

For progressive image transmission, the pyramid levels {Xi} should correspond to
the approximations of the oﬁginal image. Progressive image transmission is achieved

by transmilting the pyramid starting from the top level. The top level can be used

‘as the initial approximation and refived progressively by adding the information in

the lower levels. Progressive i xma.ge transmission techniques based upon the pyra.m.td

data structure are now reviewed.

Quadtree

Given an image of size 2" x 2", a pyramid da.ta. structure ¢an be formed by

 successively operating over 2 x 2 neighbouring pixels [1 -3]. In other words, the value

of a node at level k is a function of the values of 2 x 2 neighbouring nodes in level
k + 1. The value can be any function of the nodes in 2 x 2 window, such as Min,
Max, Mean, Median, Mode, Sum, etc. [3]. As the nodes at each level k — 1 are only
assoclated with their four siblings at the lower level k, this pyramid data structure
is also referred to as quadtree. A typical example is the mean quadtree [1-3], formed
by (Fig. 3.1.2),

Xe:od Xo:o ) (TR (O
kit Ak j+1+ 41:,:-1-1,; + k,t+1,]+1, $7=0,1,.25 -1,

— | (3.1.1)

where [o] is the truncation of & - (.5. In this case, the top level of the quadtree is the

Ko iy agyy =

mean of the original image and the intermediate levels of the quadtree correspond
to the reduced-resolution approximations of the original image; for example, level
n—1 corresponds to an image with 1/2 the original resolution. However, there are
two problems with this data structure. First of all, averages may lead to coffiputa-
tional problems as more and more significant bits are needed to represent acactiy the
' - 51 -
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averages. Secondly, since the number of nodes at level k is

2‘ x 21’5 E E _ .
s =2 %% k=ma-1.0 (3.12)

the total number of nodes on the pyramid structure is equal to

1 — gn+l ¢ gn+l
1-2x2

-i2kx2b=

k=0
4 1
==(2"x2") - =
3( ) 3
1 :
P 5(2" x 27). (3.1.3)
This implies that the number of nodes is about 33.3% more than the number of pixels
mn the original image. Thus in its primitive form, progressive -image transmission
using a quadtree structure results in a data expansion. The reason for the extra
transmission time is that the information previously sent is not efficiently utilized: in
* reconstructing successive approximations. In other words, redundancy 6_r overhead is

introduced during progressive transmission.

A number of methods have been proposed tc; improve performance. One me;; od

is to specify each node by a quadruple, namely, node value, spatial coordinates, and

. level numbexj,,a.gdwonly tra.ns.mit the qua.druples of the nodes which differ from their
- predecessor [3]. In another method, only three of the sibling values are transmitted
«and thefvalue of the fourth sibling is deduced from the relation between the sibling and

parent nodes [3]. However, ‘here still remains some redundant information associated

with the transmitted nodes as there is a high degree of correlation between parent
and sibling nodes. 7

Knowlton’s Binary Tree

Knowlton [4] makes use of a binary tree version of a pyramid to progressively
transmit grey-scale images. In essence, an image is repeatedly split into two halves
alternating between the vertical and horizontal directions until the individual pixels
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are reached, as shown in Fig. 3.1.3. Each pair of resulting pixels is expressed by two
values using a look-up table (Fig. 3.1.4): the first is an approximate average of the
two pixel values called a composite value (VL) and the second is a differentiator (d)
that enables the computation of the corresponding pixel values. For example )'(.F ig.
3.1.4), a pair of pixel values, 3 and 4, is expressed by the compesite value V, = 3
and the dlﬁ'erentxator d = 7. These two-pixel groups are recursively aggrega.ted in
groups of two to form a binary tree, as shown in Fig. 3.1.5. To achieve progrmswe
transmission of the image, all that needs to be sent are the composite value of the
top level and the successive sets of differentiators. It should be rema.rked.that the
. coding is 2 1:1 mapping that reformats an image into a data stream with the same
number of bits. Increasing fractions of a complete transmission corresponds to a set
of successive approximations which are refined progressively. Receipt of the entire
bit stream permits an exact replication of the original image. Compression can be
achieved by using a Huffman code to encode the differentiator values. Knowlton
reported a 25% reduction in average bit rate for an 4-bit mmage. However, due to
the limijtation of the look-up t.a.ble;, the method is only suitable for low-resolution
images. In Krowlton’s example, each pixel was represented by four bits, hence the
table was only 16 By 16. An extenmsion of the Knowlton’s method is pr&sen};ed in
[5], which allows its application to iﬁag% with any number of bits/pixel. In this
method, the look-up table is replaced by a simple algorithm whose space complexity

is independent of the number of bits/pixel.

Nonuniform Quadtree

In general, the information contained in an image is not uniformly distributed
over the pixels; for example, there are regions which are uniform and other which
are textured. Therefore, it is reasonable to transmit nonuniformly the pyramid data
representing the image. In [7], .a. nonuniform decomposition technique is applied to
the image to yield a set of nonuniform pyramids in quadtree form. A set of thresholds,
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{Pi : P; > Piy1}, called transmission pass, is first given. The top left pixel of the
image is taken as the root of the qua:dtree. The’_(diﬁ'erence between the maximal and
minimal pixel values of the image is compared with the first transmission pass, P;.
If the difference is less than Pj, no decomposition is necessary. If the difference is
greater than Pj, the image is decomposed into four contiguoys, nonoverlapping square
subimages with equal size. The top left pixel values of the four subimages are taken as
the node values at the second level of the pyramid. For each subimage, the difference
between the maximal and minimal pixel values is once again cpinpa.red with the first
transmission pz;.ss, P;. If the difference is less than Pj, no further decomposition.
Otherwise, the subimage is further decomposed into four contiguous, nonovcrla.pping
square subimages with equal size 'fnd the top left pixel values of the éubimag&s are
taken as the node values at the third level of the quadtree. The process is repeated
until subimages vith 1 pixel is reached. The quadtree obtained is nonuniform and

corresponds to a.pproxinia.tion of the image.

The same procedure can now be repeated for the other values in the transmission
pass, P, Pj, , and a number of nonuniform quadtrees will be produced. Since the
transmission pass with lower index is greater than that with higher index, ie. P; >
Fiy1, the resolution of successive nonuniform quadtrees is improved. Furthermore,

all the lower-index quadtrees are included in higher-index quadtrees.

Fig. 3.1.6 shows an example of the nonuniform decomposition for an image c;f size

8 x 8 with 4 bits/pixel, where Fig. 3.1.6a is the image, Fig. 3.1.6b is the nonuniform
quadtree with a transmission pass of 8, and Fig. 3.1.6¢ is the nonuniform quadtree
with a transmission pass of 4. Note that the second quadtree (Fig. 3.1.6c) has a higher
jesolution and includes all the node values of the first quadtree (Fig. 3.1.6b). Progres-
f sive image transmission is built up by transmitting the first nonuntiform quadtree (to
ield the first approximation of the image with a relatively low resolution) and then

the nodes of the successive quadtrees which are different from the previous ones (to



improve the previous approximations }Qte that the number of nodes transmitted
is equal to the number of the plxe.ls To reduce the average bit rate, Huffman codmg
can be used to encode the node va.lues of the set of nonuniform quadtrees. Since for
each transmission pass, the approximation simply consists of the top left pixels of
spatially nonoverlapping blocks with variable size (nonuniform), the scheme is in fact

a Donuniform subsampling transmission technique.

The basic advantage of this method is that the detailed, or the higher information,
areas appear first. An average reduction of 26.16% in the bit rate is reported for a
sequence of test images of size 128 x 128 with 8 bits/pixel. However, the main problem
is the overhead required for sending the information with regard to node selection for
each quadtree, which is approximately 12% of the transmission bit rate. We note also

that optimal pass parameter selection is still an open problem.

Filtered Pyramids

A more general method to form a pyramid data structure is proposed by Burt
and Adelson [8]. In their method, the original image X = Gy is first convolved
with a2 Gaussian-like weighting function, producing a low-pass filtered image G;. The
low-pass filtered image G is then subtracted from the original image Gy, giving a
dlﬁ/ezen image Lg,

Lo = Go — G. (3.1.4)

Clearly, codin/g Ly and G; is equivalent to directly coding the image itself, Go. The
followin&tyo/ observations should be noted:

1) As the predictor error Ly is largely decorrelated, it may be represented
pixel by pixel with fewer bits than Gy [§].

2) As G is low-pass filtered, it is of a lower bandwidth than the original
image and so can be represented by fewer spatial samples. In Burt’s example,
the low-pass filtered image is subsampled by a factor of 2 in each direction.
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By repeating the process, two sequences of two-dimensional images Gy, Gi,... and
Lo, Ly, ... are produced, referred to as the Gaussian and Laplacian pyramids, géapec—
tively, where each image is smaller than its predecessor by a factor 2 in each direction.
The images of the Laplacian pyramid Ly, Li,... are then quantized an.d transmitted
in an inverse order of generation (.i.e. '"5:[‘1" Lq). At the recaiving end, each quantized
error image is enlarged and added to the previous approximation. The basic steps
involved in this scheme a}e summa.rize;d in Fig. 3.1.7. In the far left portion of the
figure, the bottom-up :;oﬁstmctién of the Gaussian pyramid images, Go, Gu,..., is
shown. The differences between successive Gaussian levels are taken as the Lapla-
clan pyramid images Lg, Ly, ..., which are then qua.ﬁtized to yield a seqﬁmoe of the
compressed images represented by the pyramid of €}, ! = 0,1, .... Finally, the ap-
proximations are reconstructed by following an enlarge-and-sum procedu;e using the
pyramid of Cj instead of L;, I = 0,1, .... Note that in Burt and Adelson’s method: all

the computation must be done before the first approximation is sent.

A variant of the Burt and Adelson’s method is proposed by W.D. Hofmann and
D.E. Troxel [10]. Fig. 3.1.8 illustrates the block diagram of their method. By com-
paring Fig. 3.1.8 with Fig. 3.1.7, it can be observed that the structure used in [8]
differs from the Burt and Adelson’s in the following way. The successive predictive
error 1mages are generated by subtracting the previous approximations from the orig-
inal image, instead of the next level of the pyramid (see Fig. 3.1.7). Thus, only the
approximation being generated and the original image are required to be retained
while ir Burt and Adelson’s, all the approximations and the original image have to

be stored at the transmitter.

.'Another extension of the Burt and Adelson’s method is to form a filtered pyramid
by using a two dimensional quadrature mirror filter (QMF) [11]. To construct the
2-D QMF, a 1-D QMF is applied in the vertical and horizontal direction, respectively.
The 1-D QMF applied to each line of the image saves the low-band outputs in the



lc::ft kalf of the line and the high-band outputs in the right half. Similarly, the 1-D
QMF on each column saves the low-band outputs in the upper half of the column and
the high-band outputs,in the lower half. Consequently, the image output of the 2-D
QMF is divided into four regions labeled LL, HL, LH, and HH, corresponding to low-
band and high-band signals in the vertical and the horizontal directions, respectively,
as shown in Fzg 3.1.9. The upper-left quadrant image (low-filtered) is referred to
as the Gaussian image and the remaining three quadrants as the Laplacian inages
{11]. If the 2-D QMF is recursively applied to the low-pass filtered quadrant images
(Gaussian), a filtered pyramid is obtained (Fig. 3.1.9). Each level consists of one
Gaussian (LL) and three Laplacian (LH, HL, HH) images. The set of the low filtered
quadrants forms the Gaussian pyramid and the sets of the other three quadrants form

three Laplacian Pyr3mids, respectively. At each level, the Gaussian and Laplacian
‘ quadrants can be combined to reconstruct the Gaussian quadrant at the next lower
level. Therefore, only the Gaussian image-at the top level and the Laplacian images

need be transmitted to reproduce the original image.

To encode the Laplacian images, run-length co‘ding and vector quantization are
used {11]. All the pixels of the Laplacian images are first compared with a given
threshold: if the pixel value is less than the threshold, its value is set to zero, otherwise,
there is no change. Each Laplacian image is then decomposed into a set of spatially
nonoverlapping blocks (vectors). If all the pixels in a block or a vector are ZEero,
~ the vector is called a zero-vector. The locations of the zero-vectors-are encoded by
using the run-length coding. The non-zero vectors are vector quantized by using the
genera.hzed Lloyd algorithm. Since the images at different levels have rather d).ﬁ'erent
characteristics, a separate codebook is dcmgned for cach level.

3.3 TRANSFORM DOMAIN TECHNIQ’(IES

In the transform coding mentioned in chapter 2.4, the image is transformed by an

orthogonal transform. The image transformation can be considered as a decomposi-
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tion 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) coefficiént represents the average bright-
ness of the transform block. The AC coefficients indicate the amount of detail in the
transform block. For most natural Images, the energy is concentrated in the lower
order. coefficients. Therefore, a reasonable approximation of the image can be recon-
structed by using only a few lower order coefficients and further refined b.y adding
the higher .order coefficients. This feature makes the orthogonal transform extremely
attractive for progressive image transmission. A few progressive image transmission
techniques have been proposed in the transform domain. They can be classified as,
coefficient scanning {12,13], bit slicing [i4,15] and S-transform [100,101].

\
Coefficient Scanning

In the coefficient scanning approach to progressive image transmission, the co-
eﬁdents are transmitted in some order [12,13], usually from lower to higher orcier,
because the lower order coefficients contain more amount of the image energy than
the higher order coefficients. Clearly, this approach makes it possible to reconstruct
rapidly a low-resolution approximation image by inverse transforming a few of the
low order coefficients only. This low-resolution approximation is then improved pro-
gressively as more, and more, coefficients are received and decoded. However, it hay
. to be decided in what order the transform coefficients are to be transmitted. One

method [12] is to re-order all the AC coefficients in terms of the normalized mean
square errors (NMSE) of their reconstructed images. The reconstructed image for
each AC coeffident is formed by inverse transforming oﬁly the DC and the corre-
sponding AC coefficient. Instead of using the NMSE of the ccefficients as a measure
_for re-ordering, the coefficients can also be re-ordered according to their entropies
[13]. Another method is to transmit the coefficients in a fixed order. A typical ex-
ample of such a fixed order is the zg-zag scan of the transform block [12,13], as
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shown in Fig. 3.2.1. Note that the energies of the coefficients along the zig-zag scan
are basically monotonically decreasing. Examples of possible strategies {12,13] are
shown in Fig. 3.2.2. Clearly, it is impossible for such fixed orders to achievé the op-
timal gradual improvements in the quality of progressively reconstructed images for
all types of images. To achieve compression, the coefficients can be quantized before

transmission.

Bit Slicing

Tzou and Flnahas [14] describe a progressive image transmission scheme where
all the transform coefficdents are scalar quantized in a number of stages by using
a set of incremental bit assignment maps. Here, the total number of bits assigned
to each coefficient is equal to the number of bits per pixel (in the spatial domain).
An example of incremental bit assignment maps designed for the transforma block
of 81z‘e 4 x 4 is shown in Fig. 3.2.3, where the incremental bit rate per stage is1
bit/coefficient. The sequence of bits allocated to each coefficient can be read from
the map at its corresponding location. For example, the-bit assignniént sequence
is "51110000" for DC term aad "31111100” for the AC term at (0,1). In fact, this
scheme can be viewed as slicing the full bit asszgnment map (8 bits/coefficient in
the Tzou and Elnahas’s example) into la.yers of incremental bit assxg;nment maps and
sendmg a slice of information bits at each stage. There are two problems with this
scheme. First of all, since the coefﬁcients are eventually quantized at the same bit rate
as the original image, no compression can be expected. Secondly, the total number
of bits assigned to each coefficient are the same, l.e. equal bit allocation, which is
not an optimé.l strategy in the transform domain. As demonstrated in chapter 2.4,
for an optimalbit allocation, the number of bits assigned to each coefficient shouid
be proportional to the coefficient variance.

3
&

S-Transform
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The S-transform i3 a hierarchical z'xppr‘oach to description of images, which has

. beex-l used for progressive image transmisston.[100,101]. An image to be transmitted
is first decomposed into spatially nono‘,rerla.;:upingr blocks of 2 x 2. Hadamard transform
is then applied to the blocks of 2 x 2. The DC coefficients {the mean for edch block)
are assembled to form an approximation of the original image at 1/2 the original
resolution. The same decomposition process is repeated on the lower resolution image
to yield another approximation at 1/4 t;h;a resolution. The process is repeated until
a single mean remnains, corresponding to the overall mean of the original image. At
the recc;,iving end, a set of successive approxifiations is reconstructed in the reverse

procedure of decomposition.

3.4 SUMMARY

. We have reviewed progressive image transmission techniques: direct spatial do-

main techniques, pyramidal techniques and -&ansform domain techniques.

The dircct spatial domain techniques (bit plane and subsampling) are simple and
nced no overhead. However, these techniques cannot provide good intermediate ap-

proximations. Furthermore, no compression can be obtained for lossless reproduction.

) In pyramidal techniques, the ifnagc is dccomposcd into a set of pyramid levels,
either in tree form or in filtered form. Progressive image transmission is achieved
by sending the set of levels starting frcgm-the top level. In general, the number
of nodes of the pyramids is greater thréh the number of pixels, implying the extra
transmission. The pyramid tree data st}ucturcs proposed by Knowlton 4] and Drizen
[7] are, however, 1:1 mappings that réformat the image into a bit stream with the
same number of bits. Moreover, DrizenS\nonuniform quadtree results in the more
detailed areas of the image appearing first. To reduce the transmission bit rate,
Huffman coding has been used to encode the nodes of the pyramid trees. In the case
of filtered pyramid, (scalar) quantization is usually applied to the pyramids.

A,—f'_

v

e
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'I&:a.nsﬁu-m doma.m techniques can be classified mto coefficient scanning, bit slic-
ing and S-transform. In coefficient scanning, the coefficients are transmitted in some

order. A low molutlon approximation is reconstructed by using only a few lower

: order coefficients and refined progresswely by mdudmg more and more higher order,

w@s‘ In the bit slicing technique, the full bit ass:gnment map in the transform
domain (the same as in the spa.tla.l’doma.m) is sliced into a set of bit layers and the
set of bit li.yers is progressively tra.nsmltted Since all the coefficients are eventually
qua.ntxzed at the same bit rate, this technique is not optimal in the t;:_a.nsform do-
main. In S-transform, a pyramid data structure is formed by successwely Hadamard

transforming the-means of the 2 x 2 neighbouring blocks.

In chapters 4-7, we present four new image coding techmques All the four tech-
niques can achieve lossless progresswe tra.nsrmssmn with compression. To progres-
.-swely transmit the image, the image is processed i nultistage fashion. To obtain
comp{mion, efficient coding t-‘.;;hnthi&s, Sheh as t:Z:rm coding and vector quan-

tization, are used at each stage. To achieve lossless reproduction of the image, the

residual errors introduced at each stage «ﬁa.re reprocessed at the nexg stage k41, and .

an entropy coder is used to encode the ﬁna.l €ITOT image.

ra
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Fig. 3.14. A looi;-up table for determining composite value (Ve) and differentiator
(d) from a pair of composite values at the lower level (Ref. 4).
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Fig. 3.1.6a. is the original image.

Fig. 3.1.6c. 13 the nonuniform quadtree with a t
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Fig. 3.1.6. An example of nonuniform decomposition of the image (Ref. 7).
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(Recoustructed image)

Fig. 3.1.7. A summary of the steps in Laplacian pyramid coding and decoding. A set
of Gaussian pyramid levels {G}} is first generated from the original image Go. A set of
Laplacian pyramid levels {L;} is then obtained by computing the differences between
successive Gaussian pyramid levels. The Laplacian pyramid is quantized to yield a
sequence of compressed images of {C;}. At the receiving end, the approximations are
reconstructed by operatirg an enlarge-and-sum procedure on the pyramid of {Ci}.
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Code/Decods 2 —é—’ Approx. 2
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Fig. 3.1.8. Progressive transmission/receive structure. -
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4. RESIDtJA.L ER‘ROR VECTOR QUANTIZATION IN SPATIAL DOMAIN

r Th:s chapter presents a progressive image transmission scheme called Residual
Error Vector Quantization (RVQ-SPA). In this scheme, the residual errors due to
(vector) quantization are iteratively fedba.ck and (vgctox:) requantized. Coding takes
place-in the spatial domain and at each iterative éta.ge, a fraction of the image in-

formation is transmitted and is utilized in reconstructing successive approximations

- to the original image. After a number of stages, ad, entropj' coder, designed on a

pixel-by-pixel basis, is used to losslessly encode the final residual-error image.
: . L

In the following section, the details of RVQ-SPA are presented. Coraputer sim-

ulation results are reported in secticn 4.2. Single-stage and multi‘stage coding are

o

compared in section 4.3. This is followed by the conclusions in section 4.4. 0

. 4.1 RESIDUAL ERROR VECTOR QUANTIZATION

A progressi\-ire image transmission scheme based upon residual error vector éuan-
tization (RVQ-SPA) is now presented. The scheme has an iterative structure with an
entropy coder being responsible for coding of the final residual error image, as shown
in Fig. 4.1. The basic idea of this scheme is to apply i‘teratively vector quantization to
the residual error images due to the previous quantization. At ea.ch stage, a fraction

of the image informatijon is transmitted and utilized in reconstructing successive ap-

proxlma.tlons to the final image. If E;; and £ represent, respectively, the input and _

output images of the coder at iterative stage k, the steps involved for each iterative

stage are as follows (Fig: 4.1):

&

Vector Formation : The input image, Ep, k = 0,1,... (original or

residual error), is first decomposed into a set of vectors corresponding to
spa.tiall}; contiguous, nonoverlapping, blocks of 4 x 4 pixels;

Training Sequence Selectiop”™: All the vectors in the set are used to
form the training sequence; ¢ -

s : -74- | -

~



*.

]
Codebook Generation : The codebook is generated by the general-
ized Lloyd clustering algorithm [65], where the normalized mean square error

(NMSE) is used as the distortion measurement;

Codebook Encoding: The codewords are scalar quantized and encoded

by a variable length coder based on the frequencies of occurrence of the values

in the codebook;

Vector Quantization : Vector qua.ntizatic;n involves finding the closest
codeword in the codebook for'each input vector; the corresponding label of

the closest codeword is transmitted; ’ e

Feedback: The difference between the input and output images, £yy; =
Ey —'Ek, 15 then found, fedback and taken as the input image to the next

stage;

Entropy Coding: A entropy coder, such as a2 Huffman coder [30-32],
operating on a pixel-by-pixel basis is used to losslessly encode the final residual
error image. The method of deciding when the system is to be switched to

the entropy coder will be discussed bcldjv-
T —

Decoding and Reconstruction: At the receiving end, the received la-

. bels are decoded by finding the corresponding codeword in the current code-
book and the approximation, X§, is then reconstructed by addiﬁg the decoded
information, E‘k, to the previous apprd:dma.tion, X k=1, L&

X F= X E—1 -+ Ek
= Xk—z + Ek-1 + B
E
=Y Enm, k=0,1,... (4.1.1)
m=0
which is the sum of the received information up to stage k.

We now analyze the performance of the system. From Fig. 4.1, the difference

between the original image and the kth approximation is equal to the residual error

-75 - a
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image after quantization-at stage & (the difference between the input and output
images at stage &), f.c.
k
X-Xi=X-3 En
=0
=Ey~LEy—Ey—..—-E}
=E —E ~ ..k
= Epoy = Epey — £y

. k=0,1,... (4.1.2)

whare the 0'th input, Ey, is the original image, X. Il a well-designed coder is assumed
for cach stage, the variance of the residual error image, Epyy = Ef — Ey (=X— j\'g),

should e less than that of the input to the coder, Ey; that is,
T ohay = (BBl Erey)
= te(E((Ex — E) (B — Ev)))
<o}
=tr(B(ELEY)).  k=0,1,.. . {1.1.3)

This implies that the cnergies of the residual error images keep decreasing with the

number of iterations,
CI=03>0> 05> ..> 0> ... (4.1.4)

B . - ~ . . . - . .
where 07 = o5 = tr(E(\'.X)) is the encrgy of the original image. Therefore, if the

+ - - A -
coding factor for cach iterative stage is defined as,

s

-

. Cp = ——— <<, m=0,1,.. (4.1.3)

T

then, the normalized mean square error (NMSE) of the approximation at stage & can

be vxprc::scd as follows,

k

NMSE(K) = =2 = [T ¢y k=0.1,.. - (4.1.6)
[

End &

[ed

- . o

Heo

m=
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It is clear that the NMSE as 2 function of the number of iterations is a decreasing

function, that is,

NMSE(k) < NMSE(k ~ 1) < .. <NMSE(0), . (419

k L=1
H ]:[ Cm <.ee < H Cm- . (l[\\‘)

Therefore, as the number of stages, k, approaches infinity, the NMSE converges to

Zero,

NMSE(c0) = lim [] cm

=0, (4.1.9)

A basic question is, when should the system be switched to the entropy coding?

In order to answer this question, we now define a lossless coding rate at stage &,
Ry (%), as follows,

Ry(k) = Rp(k) + H(k), (1.1.10)

where [,{k) is the total progressive bit ratc required for transmission up to stage

k. and Hc(k) is the entropy of the residual error image at stage k. In other words,

(k) s the total bit rate required for losslessly encoding the image using £ stages

of residual error vector quantization followed by an entropy coder. Theoreticalls,

the system could be switched to the entropy coder at any time if the lollowing two

.

conditions hold:

1) No coding redundancy is introduced at any stage, implying that the

bit rate required for transmission at stage m. AR, is exactly equal to the



I,:’

image information transmitted at stage m, A},

-

AR, = AL, m=0,1,.. (4.1.11)

2) The entropy c_ocf}c:in logslessly encode the residual errors (still corre-
lated), at stage k,7at a bit rate of H (k).

The reason for this is that the total bit rate for losslessly encoding the image should

it fact be a constant cqual to the entropy of image H,

Ri(ky = Ry(k) + H(k ZARm-i-H ZAH‘-%—H(A)_H‘()-%-H()
e = (4.1.12)

where J74(k) is the total progressive information transmitted.

Since an entropy coder operating on a pixel-by-pixel basis is proposed at the final

stage, equation (4.1.10) is modified as follows,
Ri(k) = Rp(k) + HX(%) (4.1.13)
where H,(k) is replaced by H1(k) - the first order entropy of the residual error image

at stage k. In the practical case, R(k) is no longer a constant equal to the entropy

of image because of the following two reasons:

1} Practical lossy coding systems (such as the vector quantization in Fig.
4.1} in gencral introduce some redundancy, and equation (1.1.11) has to be

corrected as follows,

ARm = AH', £ AR m=01... (4.1.14)
where AR, s coding redundancy introduced at stage m. Therefore, the total
progressive bit raﬁ' up ‘;o.stagc k, R,(k), will be larger than the total progres-
sive information transmitted up to stage &, I7(k), due to the accumulated

coding redundancy up to stage k, R'(k) e

Rp(k)= > ARw = Z AL (k Z ART, = H'W(k) + R7(K) > I (k).

ma=( m=0
(4.1.15)

)



2) Smce ‘S‘.'.;%xstxcal dependency might still exists in the remdua.l error
image, the first order entropy of the residual error image, H!(k), is larger

than, or equal to, the real entropy, H.(k), 7
HNK) = Ho(k) + HI() > H(k), - (4.1.16)
where H7(k) is due to any statistical dependency of the residual errors.

We note, since each stage partially removes the statistical dependency of the image,
the first order entropy of residual error image will tend to the real entropy, that is,

H;(k) will tend to zero as k approaches infinity.

With these comments in mind, the total bit rate for losslessly encoding the image

can be, therefore, re-expressed as followed,

- Ru(k) = Ry(k) + He (k) ,

H'(k) + R (k) + He(k) + H{ (k)

H(k) + He(k) + R (k) + HI(k)

.= H + (R"(k) + H{ (), (4.1.17)

where H is the entropy of image and the redundancy is due to non-ideal encoding and
the statistical dependency of the residual errors. It is clear that since # is a constant,
the curve of R,(k) is only controlled by the last two terms: A" (k) and H7(k). Note that
K7 (k) and H{(k) are, respectively, monotonic-increasing and monotonic-decreasing
" functions of the number of stages, and consequently also with regard to the total

progressive bit rate, R,(k).

The immediate question that arises is, does there exist a minimum value of R,(k)?
In the following, we dernonstrate that the curve of R.(k) with respect to the total
pfogressive bit rate, R,(k), is concave. To do this, we only need prove that the
deriva.tf: of Hy(k) with respect to R,(k) is 2 monotonic increasing curve crossing zero,

lLe. an increasing curve from negative to positive value. From equations (4.1.13) and

- 19-



(4.1.16), _
Ry(k) = By(k) + HM(R)
= Ry(k) + (HL(k) + HI(K))
= Ry(k) + (H — H'(k)) + H.(k) (4.1.18)

where H (k) = H — H*(k). Taking the derivative,
dRi(k) _ 1 dH' (k) dHI(k)

—1— . 4.1.19
aR(k) ~ T aRR) T dR(R) (4.1.19)
In dis}créte form, '
t  AHT_ .
AR:JTI — 1 _ AHM + £, m . (4.1‘20)
AR AR, . ARn.

where ARy, and AH] |, represent, respectively, the variations-of R¢(k) and HT (k) at
~ stage k = m. Since the first term in (4.1.20) is just a constant equal to 1, we need oﬁTy

analyze the last two terms. The following observations and assumptions are made:

AH!

(I) From equation (4.1.14), % = A—H.—;E-H—,.' Therefore, this term is

positive and less than 1.

(II) Since each stage partially removes the statistical dependency of the
_residual errors, HI(k) is a decreasing function of R,(k) and therefore %%}"2

is negative.

(III) Since the residual errors tend to become more decorrelated, it is
reasonable to assume that the same coding technique (vector quantization)
should code the residual errors less efficiently. This means that ART,(k)
increases and, therefore, %‘g—:“ = 'A‘E%E decreases; while at the same
: QH . '
time, [ 3| decreases.

(IV) As the number of stages, or the total progressive bit rate of Ry(k),

increases, the residual errors tend to be statistically independent. Therefore,

H7 (k) approaches zero and
AH

ARn 7
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.which implies that,

AR N
AR, T AELtomr > (+.1.21)

l.e. the derivative tion 4.1.20) is positive at some point.
‘ : \egha P P

(V) In addition, it is reasonable to assume that the coding system is very

efficient for the original (highly correlated) image such that,

- AR, Altg
ARy

that is, the derivative (equation 4.1.20) is initially less than zero.

<0, | . (4.1.22)

Based upon the above a.nalysis it can be concluded that

Mo | OB, MM, | AHG A
ARm ARm ARn ARm AR,

1s an increasing function of Rp(k) which goes from negative to positive value. Thus, we

have demonstrated that R(k) is a concave curve as a function of &, (k). Consequently,
the system should be switched to the entropy coder when the minimum value of R,(k)
is achieved.

4.2 SIMULATIONS

The following computer simulations are carried out on two test images of size
256 x 256 pixels with 8 bits/pixel. The first, shown in Fig. 4.2, is a face image
with rela.tiv;ly low overall détail, except in some areas, such as the eyes and the hair.
The second, shown in Fig. 4.3, is a boat image, characterized by fine detail, notably
many sha.rp edges. The first order entropies estimated from the histograms of the
grey levels Tor both i images are, respectively, 7.5178 bits/pixel for the face image and
7.5395 bits/pixel for the boat image.

~

The proposed progressive image transmission scheme (RVQ-SPA) is applied to
these two test images with the vector dimension = 4 x 4. At each stage, the number

of codewords ca.n be independently chosen. A larger number of codewords at one stage
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implies‘ that more bits are allocated to that stage. Two distributions for the number . :
of codewords per stage-are. tested, uniform {the same number at each stage) and
nonuniforrp (increasing number per stage), with the latter giving the better results.
The simulation results are shown in Tables 4:1"and 4.2, with,
~ N(k) - the number of codewords at stage k;
Nl(k) - the bit rate for transmitting the’la.beis at stage k;

R.(k) - the bit rate for transmitting the codebook (overhead) at stage k;

Ry(k) = ToF _(Ri(m) + Re(m)) - the total progressive bit rate up to
‘stage k;

H cl(k) ~ the first order entropy of the residual el:ror tmage at stage k;
Ry(k) ~ the total bit rate for losslessly coding at stage .

In evaluating the performance level of this scheme, the normalized mean square error

(NMSE) between the original image X and the kth approximation X} is used, defined

a-s, R N : e
~255 Sy a2
o X'.. —_ X i
NMSE(k) = z"’*°(2§5’ = ki) , EF=0,1,.. (4.2.1)
Z:.',':o 3]

where X;; and X} ;; represent the (¢, 7)th ;.Iemen_t_ of the original image and its kth

approximation, respectively. ¢

-
»

From Tables 4.1a, 4.1b, 4.2a and 4.2b, it is seen that as the number of iterative
Stages, k, increases, the total progressive bit rate, Rp(k), also inc:ea$es wherga.s the
entropy (first order) of the residual error image, H!(k), and the NMSE(k) decrease
(4.1.7). This behaviour is as expected, since at each stage a port%on of therimage .

w
—F

information is transmitted. In other words, the larger the number of iterative stages, A 5
the greater the total progressive bit rate and the information transmitted, which
implies less residual information and, therefore, less distortion between the original

and the approximation images. The relation between R,(k) and NMSE(k) is sl%wn
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in graphical form in Fig. 4.4 and 4.5 as rate distortion curves. Note the better
performance obtained when a non-uniform distribution of the codewords per stage is

used (Tables 4.12 and 4.2a). For example, at stage 5, there is, respectively, a 10.48%

(%’g%‘]—?‘ﬁg x 100%) improvement for the fage image and 11.10% (9-'-3—5%_53'5—(7);31-7-‘3 x

-

100%) for the boat image.

The successive approximations to the original images corresponding to the results
in Tables 4.1a and 4.2a are shown in Fig. 4.6 and 4.7: the zeroth, first, second,
third and fourth approximations followed by the original images. Note that although
the_ first two ap:groxima.tions are very rough, they have indeed provided the main
structural inform..a.tion of the original images at a very low bit rate of about 0.064
bits/pixel and 0.190 bits/ pixel, respectively. The following successive approximations
rapidly converge to subjectively good quality. For example, for the face image, the
details around the eyes and the hair are significantly improved from the second to

third approximation and there is no apparent perceptible impairment by the fourth

approximation.

The total bit rate R:(k) versus the total progressive bit rate R,(k) from Tables
4.1 and 4.2 is graphically shown in Fig. 4.8 and 4.9. We find, as demonstrated above,
that R:(k) is a concave function of R,(k). The curve of Ry(k) approaches rapidly
(within 5 stages) a minimum value and then’very sléwly increases. An intuitive
explanation for this behaviour from equation (4.1.17) is that the residual errors are
gradually decorrelated within 5 stages such that HT (k) is reduced to a relative small
value, while the coding redundancy, R™(k), progressively accumulated becomes large.
The slow increase of R.(k) after stage 5 is thus mainly due to the accumulated coding
redundancy. Note that the rmmmun:l. value of the ;‘.ota.l bit rate, Ri(k), reached by
the proposed scheme is, respectively, 4.9721 bits/pixel for the face image and 5.7316
bits/pixel for the boat image, much lower than the corresponding first order entropies
of the images (7.5178 bits/pixel for the face image and 7.5395 bits/pixel for the boat).
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In terms of lossless coding, the.minimum value of the total bit rate corresponds to the
lowest bit rate for lossless reproduction of the image. Therefore, the system should

be switched to the entropy coder at the minimum point of the total bit rate, R¢(k).

—

4.3 DISCUSSIONS ON SINGLE-STAGE AND MULTI-STAGE CODING

An interesting question to be asked is, how does multi-stage coding compare with
single-stage coding. The comparisons are made in terms of coding efficiency and the

computational cost.

Information and Bit Rate:
As menta'one'd above, an ideal coding system transmits only the net image infor-
mation and introduces no redundancy, i.e. at each stage;
AR, = AHY, m=0,1,.. (4.1711)
Therefore, the total progressive image information transmitted up to stage k, H*(k),
should be equal to the total progressive bit rate up to stage k, R,(k),

k k
S AHL =) AR, (4.3.1)
m=0 m=0
H(K) = Ry(k). (4.3.2)

From equation (4.1.11), it is also evident that single-stage coding at a bit rate of

R, = Rp(k) can only transmit the same amount of the image information,

- H! = R, = R,(k) = H'(k). (4.3.3)
This implies that the performances for multx-stage'a@tage codmg are equiv-
alent under the assumption of an ideal coding system. -

However, a practical coding system always introduces a certain amount of redun-
dancy. For the multi-stage case, the appropria.te equation is equation (4.1.13),
¥
Ry(k) = H'(K) + Re(k Z AH; + E AR, (£.1.15)

m=0

\
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* where the second term is due'to tl\s\redunda.ncy introduced by non-ideal coding. For
' ' S

the single-stage case, the appropriate equation is

DY A '
}) : - R, = Hj + R; ' ) (4.3.4)

¢

where the second term is the redundancy introduced. Thus, it ca.r; be concludcd that,
for a fixed bxt rate, the performances of single-stage and multi-stage coding depend
upon the redundanmes R7 and R7(k). For comparative purposes, the simulation
results using single-stage vector quantization are reported in Tables 4.1¢ and 4.2c.
The corresponding ‘ra.t’e distortion and total bit rate curves are also illustrated in Fig.
4.4, 4.5, 4.8 and 4.9. As we can see, multi-stage coding consistently outperforrr‘m
single-stage codmg For example, at a bit rate of about 0.94 bits/pixel, there is

an improvement over single-stage coding, respectively, of 28% (255310 x 100%)

(——-—_0-5332-35 x 100%) for the boat image. The superior

for theface 1ma,ge(and 30%
performance of multi-stage coding can be prob:;bly traced to the lower overhead

required to trapsmit the codebooks (Rc(k)): 8% for the multi-stage case and 50% for

the single-stage case.

Computational Cost:

" The computational cost can be defined as follows (2.5.9),
- C =k R Ny x Dy x N, (4.3.5)

where N is the number of input vectors, D, -is the vector dimension, N, is the
™ .

number of‘codewords in codebook and k. is a constant of pr-oportiona.ljty. For multi-
/ -

stage coding, the cost is equal to the sum of the computational costs at different
! [

stages, i.e.

Con = ke X > _(Nom X Dom X Nem), (4.3.6)

where m is the index of the stage. We now illustrate the difference in computational

cost between single-stage and multi-stage coding with the following example. Let the
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image of NV x N = 256 x 256 be vector coded (D, = 4 X 4) at a bit rate of about
1.0 bits/pixel, implying that N, = 3N — 256x356 _ 4396, From Tables 4.1c and

4.2¢c, 256 codewords (N, = 256) are required in codebook at a bit rate of about 0.94

bits [/pixel. The computational cost is prbportioﬁal to

v N x Dy'x N = 4096 x 16 x 256 = 1.6777 x 107

-

For the multi-stage c;ase, there are 6 stages (Tables 4.1a, 4.1b,>£ and 4.2b). The
corresponding total computational costs for uniform and non-uniform distributions
of the number of codewords per stage are, respectively, proportional to,
S 5
D (N X Deyn X Newn) = Ny x Dy xS Nom

m=0 m=0

= 4096 x 16 x (6 x 8)
= 3.1457 x 108

and / ’

S ‘ 5
Z(Nu,m X -Dv,m x Nc,m) = Ne X Du X Z fvc'm

m=0 m=0

= 4096 x 16 x (2+4+8+3 x 16)

. ‘j

= 4.0632 x 10° \;-«__

. " .
As seen, there is 2 saving in computa.tio;a.kc_/ost of 75 —81% over single-stage at a bit

rate of about 1.0 bits/pixel. .

In summary, multi-stage vector quantization can achieve a performance level no

worse than single-stage vector quantization under the #ssumption of an ideal coding

system while the computational cost of multi-stage is much less than that of siggle-

stage. It should be emphasized\that single-stage vector quantization assigns a larger-

amount of the bit rate to transmit the codebook as overhead, compared to the multi-

stage case.

4.4 CONCLUSIONS ,
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In this chapter, a progressive ima.geta.nsmission scheme (RVQ -SPA) has been
presented. The computer szmulatlon results demonstrate that the pl;oposed scherhe
achieves lossless progressive 1rnage tra.nsmlssxon with compression. Here, the concept_ )
of iteratively coding the residual error - images makes it possible to tra.nsrmt the i image
progresswely Compress:on is a.chxeved by applying :vector quantlzatmn to ea.ch stage.
The essential features of the images are- captured at bi ra.tes as-low,as 0. 064 0.190 °
bits/pixel and excellent reproduction is achieved between 0.58-0.31 bits/pixel. Loss-
less coding is guara.nteed by an entropy coder at ‘the final stage. As a lossless coder,

this scheme.is superior to an.entropy coder opera.tmg on the histogram of grey values

. of the image, by“about 2.5457 (7.5178-4. 9721) bits/pixel for the face nmagc and 1.8079

7.5395-5.7316) bits/ pxxe\foz the boat image.

- '.
. : A - AN
! "

4
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Fig. 4.1. Residual error vector quantization in the spatial domain. The image first
undergoes a vector quantization. The residual errors due to quantization is iteratively "
fedback and requantized. At each iterative stage, a fraction of the image information

is transmitted and utilized in reconstructing successive approximations of the image.

Finally, an entropy coder is used to losslessly encode the final residual error image.
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Fig. 4.2. The original face image of 236 x 256 pixels with § bits/pixel. The first en-
tropy of the face image estimated from the histogram of grey levels is 7.5178 bits/pixel,

L
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Fig. 4.3. The original boat image of 256 x 256 pixels with § bits/pixel. The first
entropy of the boat image estimated from the histogram of grey levels is 7.5395
lyits/pi.\'cl.'_
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-l O RVQ-SPA (4*4) (TABLE 4.1a)
' ® RVQ-SPA (4*4) (TABLE 4.1%)
® $S-VQ(4*4) (TABLE 4.1¢)

(%)

DISTORTION NMSE
5
i

0.00 0-32 0-64 0.96 1.28 1.60
TOTAL PROGRESSIVE BIT RATE (BITS/PIXEL)

Fig. 4.1, The rate distortion curves obtained by using RVQ-SPA witli a block size
of -t x4 on the face image {rom Table 4.1). It is clear that RVQ-SPA outperforms a
single-stage vector quantization.
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el @ RVQ-SPA (4*4) (TABLE 4.22)
® RVQ-SPA (4*4) (TABLE 4.2b)
€ SS-VQ (4*4) (TABLE 4.2¢

(%)

DISTORTION NMSE
5
1

- v v

0.00 0.32 0.64 0.96 1.28 1.60
TOTAL PROGRESSIVE BIT RATE (BITS/PIXEL)

a

Fig. 1.5. The rate distortion curves obtained by using RVQ-SPA with a block size of
1 x 1 on the boat image (from Table 4.2). Tt is clear that RVQ-SPA outperforms a

single-stage vector quantization.



Fig. 4.6. Pictorial results for the face image (from Table 4.1a): the zeroth, first,
second, third, and fourth followed by the original face image.
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Fig. 4.7. Pictorial results for the boat image (from Table 4.2a): the zeroth, first,
second, third, and fourth followed by the original boat image.
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8.00

Ry 0O RVQ-SPA (4*4) (TABLE 4.1a)
> © RVQ-SPA (4*4) (TABLE 4.1b)
a & SS-VQ(4%) (TABLE 4.1¢)
N ) /

RATE
5.50

TOTAL BIT
4.80

4.00

0.00  0.32  o.64 0.396 1228 1.60
TOTAL PROGRESSIVE BIT RATE (BITS/PIXEL)

Fig. 1.8. Graph of the total bit rate R,(k) versus the total progressive Lit rate (k)
for the face image (from Table 1.1).
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[1 RVQ-SPA (4*4) (TABLE 4.2a)
® RVQ-SPA (4*4) (TABLE 4.2b)
& SS-VQ(E*4)(TABLE4.2 c)

E
?l

6.40

(BITS/PIX

sl. 60

TOTAL BIT RATE
41‘ 80

1

o
o
1..

.00 0.32 0.64 0-96  1.28
TOTAL PROGRESSIVE BIT RATE (BITS/PIXEL)

Fig. 1.9 Graph of the total bit rate Ry(k) versus the total progressive bit rate Rp{k)
fur the boat image (from Table 1.2).
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Table 4.1a Computer simulation results for th

e face image

by using RVQ-SPA with a block size of 4*4
Stage k Ne() (bigjgicl) (bigfgicl) (biﬁf&icl) (bit}s!fg:cl) (bif:fgﬁcn NMSE(%)
o 2 - 0.0620 0.0011 0.0631 6.8575 6.9206 5.8241
vl 4 0.1232 0.0034 0.1899 5.5888 5.7787 0.8807
2 8 0.1521 0.0105 0.3526 4.8850 5.2376 0.3545
3 16 0.2132 0.0200 0.5859 4.4182 5.0042 0.1860
4 16 0.2106 0.0180 0.8146 4.1575 4.9721 0.1240
s 16 0.2213 0.0150 1.0518 3.9343 4.9861 0.0888
6 16 0.2250 0.0145 1.2914 3.7362 5.0276 0.0661
7 <r16 0.2294 0.0125 1.5334 3.5578 5.0912 0.0512
Table 4.4b Computer simulation results for the face image
by using RVQ-SPA with a block size of 4*4
Stage k Ne(k) (bn}::s:icl) (billzfp?i::)tc[) (biﬁf}gﬂcl) (bit}s!fpf?icl) (bil}::g?lc[) NMM
0 8 0.1833 0.0089 0.1922 5.4717 5.6639 0.7772
1 g 0.155% 0.0104 0.3586 4.8420 5.2007 0.3349
2 8 0.1567 0.0096 0.5244 4.5141 5.0385 0.2168
3 8 0.1498 0.0085 0.6827 4.2989 4.9817 0.1572
4 8 . 0.1718 0.0075 0.8621 4.1190 4.9811 0.1216
5 8 0.1730 0.0065 1.0416 3.9714 5.0131 0.0992
6 8 0.1588 0.0070 1.2076 3.8308 5.0384 0.0803
7 B 0.170% 0.0060° 1.3838 3.6979 5.0817 0.0670
Table 4.1c Computer simulation results for the face image
. by using a single-stage vector quantization with a block size of 4*4
Ne(k) (bilsi)lixcl) (bilsiz;ixcl) (bilsl}pﬁxcl) (bi:s{::ixcl) (bilsi‘;xcl) NMSE%)
64 0.3470 0.1167 0.4637 4.6914 5.1552 0.2674
128 0.4025 0.2383 0.6409 4.4983 5.1392 0.1973
256 0.4608 0.4820 0.9429 4.2891 5.2320 0.1200
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Table 4.22 Computer simulation results for the boat image
by using RVQ-SPA with a block size of 4*4

Stage k Ne(k) (bif:;;i::):cl) '(bitlzlcga)tcl) (bii?g:):cl) (bi:/c;?icicn (bi::/lgicn NMSE(%)
0 2 0.0624 0.00¢5 0.0640 6.9967 7.0607 7.3013
1 4 0.1206 0.0038 0.1886 | 6.1958 6.3844 2.6615
2 8 0.1633 0.0105 L 0.3624 5.6143 5.9768 1.2540
3 16 0.1983 0.0219 0.5826 5.1976 5.7802 0.6870
4 16 0.2131 0.0195 0.8153 | _4.9162 5.7316 0.4505
5 16 0.2118 0.0181 1.0453 4.6871 T| 5.7324 0.3178
6 16 0.2165 | 0.0166 1.28¢ | <4.4781 5.7566 0.2322
7 16 0.2211 0.0155 1.5152 4.2900 5.8052 0.1760

]
. .
Table 4.2b Computer simulation results for the boat image
by using RVQ-SPA with a block size of 4*4

Stage k Nek) (hiirlgicn (bilrif;}ic:)tci) (bifﬁgﬁcn (bi;{fgzcn (bifls:;];icl) NMSE(%)
0 8 0.1782 0.0110 0.1893 6.1463 6.3357 2.4380
1 8 0.1610 0.0106 _ | 0.3610 5.6214 5.9825 1.2433
2 8 0.1591 0.0097 0.5300 5.3285 5.8586 0.8353
3 8 0.1519 0.0090 | 0.6910 5.1219 5.8129 0.6012
4 8 0.1562 0.0089 0.8561 4.9338 5.7900 0.4587
5 8 0.1603 | 0.0083 - | 1.0248 4.7681 5.792% 0.3575
6 8 0.1582 0.0079 1.1909 4.6204 5.8114 0.2865
7 8 0.1678 0.0075 1.3663 4.4704 5.8367 0.2320

Tuble 4.2¢ Computer simufation results for the boat image ]
by using a single-stage vector quantization with a block size of 4*4
Net) (bilsi\[ixc[) (bils?pcixcl) {bilsf'{pF;xcn -(bilsf":ixcl) (bitszlixcl) N'\?SE{%)
64 0.343 0.1170 0.4617 5.3916 5.8533 0.9569
128 0.4019 0.2384 0.6304 5.1970 5.8375 0.7196
256 0.4587 0.4812 0.9400 $.9813 5.9214 0.5273
\ -938 -
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- 5. RESIDUAL ERROR QUANTIZATION IN TRANSFORM DOMAIN

I this chapter, we extend the residual error quantization technique presented in |
chapter 4 to the transform domain. An image to be transmitted first undergoes a

general orthogonal transform and the resulting coefficients are then quantized before

. transmission. The residual errer array dye to quantization is iteratively fedback and

requantized. Results using both scalar (RSQ-TRA)/and vector quantization (RVQ-
TRA) are presented, with superior performance achieved by vector quantization,
where the vectors are formed from the block cosine transform coefficients. It is shown
that the average reconstruction error variance converges to zero, as the number of
iterative stages approaches infinity, i.e. the proposed scheme is theoretically lossless.
In practice, lossless reproduction can be achieved with a small number of iterations by
using an entropy coder on the final residual error image. It is shown experimentally
that the total bit rate for lossless reproduction rapidly approaé.h.es a lower value than
the first order entropy of the original image.

In section 5.1, residual e-rror scalar quantization with optimum bit allocation is
presented. Section 5.2 shows that better system performance levels can be achieved
by iteratively applying vector quantization, instead of the optimum scalar sua.nti-.
zation, to the transform coefficients. It is shown that, for both cases, the average
reconstruction error variance converges to zero, as the umber of iterative stages ap-
proaches infinity. The use of an entropy coder to encode the residual error image is

described in section 5.3. Finally, computer simulation results are reported in section

-
5.4.

5.1 RESIDUAL ERROR SCALAR QUANTIZATION

Recall that the steps involved in transform coding (section 2.4.2) are orthogonal

transformation, quantization, and transmission. It is clear that if the channel is
. /

noise-free, only the quantizer can introduce errors (quantization error), leading to

information loss. Based on the idea of recoding the residual errors due to quantization,
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a progressive image transmission scheme shown in Fig. 5.1 is proposed. In this
scheme, an image to be transmitted first undcrg;)es a gencral orthogonal transform
and the transform®coefficients are then quantized before transmission. The residual
error array duc to quantization is iteratively fedback, requantized and transmitted.
At the receiving end, an approximation of the original image is reconstructed by
progressively forming Zﬁw:O Qun, which sums all the received information up to stage

: ¢
k and then performing the inverse transform.

If an optimum bit allocation (equation) is assumcd‘})x cach stage, it can be shown
that the average reconstruction error variance converges to zero, as the number of

stages approaches infinity. In the proof, the followihig notation is adopted,

X, Qo — the original and transformed images;
X — the kth approximation; -

Qr, @r — the residual error array at stage & in the transform domain
and its quantized version;

By = yiv Z:\J;lg By ij — the a'vcrage‘bit rate for stage k;

ol =g, = E(Q};) = E(Q} ;) — the variance of the (i, j)th transform
coeflicient; .

a . -, a . . . N
Trksri; = E((Xij — Xgij)) — the reconstruction error variance of the

(i, 7)th-clement of the image up to stage k;

UE.L-H.:')‘ = E{(Qri; = Qriy)°) — the quantization error variance of the

(¢, 7)th cocflicient of the transformed image at stage &;

> 2 N=-1 »n _,/1" N=1 i )
Or = g0 = FxT 1iy=0Ty = Tr¥ im0 ¢5,; — the average image

cnergy’

aikH = tr{ E((.\'—.i'k)'(.\'—.’-\'L.)))/(.\' x V) —the avc.r:-tgc reconstruction

CIror variance up to stage &

t The subsenpts {r], {¢}, {&} and {i, 1} reprenent revonsiruction, quantization, stage k and element (1)), respectively
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: 0'3.1,“ = tr(E((Qkak)'(Qk—Qk)))/(;\" X N} — the average quantization
error variance at stage k;
" 2 o (VX N)
G = (Hij €%, ij)

(2.4.20) for stage k. ’

~— the correction factor defined in equation

.~ .

h

Using 2he above notation and cquation (2.4.21), the average quantization error vari-
ance at stage k = 0 can be expressed as follows,
1/(NxN)

3 -‘ —-BD -
mln( 4,1) j\f X.{\f Z Ta1ij = <o 2 (H ‘70 ;J {5.1.1)

IJ_' iJ‘—O -

-

or, alternatively as,

TN=1 o (J/(NxXN) N=1 o (1/(VxN)
2y _ 228, Uli=0%0.i)) 2 _ 2-25, ULij=0 %6.ij) 2
- —_— hasr - - - N -
mm(aqll) €2 = o; = ¢ 1 o o3
z : IR Ei.j:o T0,ij
(5.1.2)

In a similar manner, the average quantization error variance at subsequent stage
k=1,2,..., can be expressed as follows,

N=1
.1
min(og yp1) = Nx N Z Tqk1,if

I!—

c§,k+1,,‘j

N-1
—_ -0
- CL“ “ H Jq.i.p

s 1,.7=0

No1 o (V)
25=210, (Hi.j=0 O'r;.k.-‘j) ., n
€ 5 min(o; ;)
min(o; ;) '

1/(NxN) .

N =1 )
- (H 00> ) .
: G228 20120 Te by min(aik)

1 N=1
-~ . NxN Z'J =0 %¢ k.i;
k N=1
H (HIJ—U aq,m 1'])
€n

N=1 'l
m=0 S .Y Z: J=0 q ot

k
min( ). )
H i (0 met) ——emrlg? : (53.1.3]
T min( o5 m)

End B

1/(NxN)

IJ
hoto

yer

7
~ 101 -
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A coding factor ¢ for the mth stage is defined as the ratio of the average energy of

the {m + 1)st error array to that of mth error array, that is,

. N=l = 1/{NxXN}
min(e PP S ‘ 3
cm = ___(__f:_f_n__tl_)_ = ';’ng—‘zﬂm (H:: 0 qm:J , m=0,1,..k, (0_1_4)
mm(a,:;,,l) '"'_NEU =09 qm:J
where

1/(4V><.‘V)

N-— -
-2 =L )
(-'.‘ =20m — ( H Cg;,:’j) 2 NxN Eu-o
1,7=1

1/(1\")(.\’)
2 9=2Dmu)]

T

=

Note that

Il the quantizers at stage m =0,1,...k a:..rc. well d{l_;signcd such that (Table 2.4.1),
| i 270 <<l . 4,7=0,1,..N -1, (5.1.6)
clearly, the coding factor from (5.1.4)

em < <1, _ m=0,l,...k.-‘ (3.1.7)

Using equations (5.1.3) to (3.1.7), it is now shown that the average reconstruction

error variance converges to zcro, as the number of stages, k; approaches infinity,

€ lfolomm( rL+1) = hm mm(aq k1)

k .
. I-n'ln'('gg.m+]) o
= fim ([] =402
v — 00



In other words, lossless transmission can be achieved.

Theoretically, for each stage except the Oth, the procedure of optimizing the bit
allocation is not meaningful since the variances of the coefficients in the error array
should be the same (2.4.19). However, practical quantizers for coefficient qua.ntizaiion
are constrained to using nonnegative integers for the number of bits, B, obtained
in the bit allocation procedure (2.4.18). Particularly significant is the possibility of
negative By, ;; values for coefficients whose variances are sufficiently smaller than the
geometric mean, as given by (2.4.18). In this case, we set Bni; = 0, implying no
transmission of the corresponding coefficient, and a corrcspo:t'zding quantization error
variance, aim 14 = cr;m',-j. Equation (2.4.19) will not exactly be satisfied, .namcly,
the distribution of the element variances in error array i1s nonuniform. Therefore, it
1s still necessary for practical system to optimize the bit allocation at each stage in
order to code the error data more efficiently. The convergence in (5.1.8) can be alsou
demonstrated for the practica‘.l case as follows. The quantizer performance factor for

the (2, 7)th coefficient of the error array at stage m can be written as (2.4.7),

‘
D
-

o . €, 42728 if Bmyj > 0;
Cg,m,:'j = - Q.:!;n-i'l-’.? =<0, if By i; =0 and agm,ij =0; (5.1.9)
Uq’mfij 1, if Bm,ij =0 and o2, ;. #0.

The quantization error variance for coefficient (7,7) at stage k can now be written in

%he form

k

2 2 2 2 2

Oq k41,5 = €q.kii% ki = (L] €qmiij)oi; - (5.1.10)
m=0
where . .
k k E k
2 _2Bm.l :

I émis= 11 2 - IT 1= IT o (5.1.11)

m=0 m=0 m=0 m=0

Bm,i;>0 Bm,i;=0 Bom.y=0

7'2-.,.',9&0 "3-,.‘,=0
It is clear that if the variance of coefficient (i,7) of the error array at any stage m,
a‘fn"-j, is equal to zero, then the corresponding coefficient variance at stagé k>m

must also be equal to zero; that is,
Ug,ij =0, fork>m if U?n,fj = 0, (51_12)
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Hence, for this case, as k — oo, we can conclude that,
1 e k
k]i-%( C:,m,fj) =0. (51.13)
m=0 -

If this situation does not arise within a finite nr'mber of stages for the (i, )th coeffi-

cient, equation (5.1.11) can be rewritten as follows,

~.k k k k
] I 2 | I 2 £2Bm.. i I _ | | 2 ~28m,;
cq,m,ij = Cm,l'j2 . 1= cm,,-j2 - 1. (5.114)
m=0 m={ m=0 m=0 .
Bm.u;>0 ‘ Bn,i;=0 Bm,i;)o

For the case where B i; > 0, that is, the number of bits assigned to coefficient (7, 7)
at stage m is a nonnegative integer, a well-designed quantizer can a.lways make the

quantizer performance factor (Table 2.4.1)

2

€278 < e <, m=0,1,..k (5.1.15)
Hence, as k£ — oo, the product of the quantization performance factors approaches
zero:

kli_n; H Gmyij) = Jim ( H 22 By < Jim H =0. (5.1.16).

m=0 =0
B... .,>0 Bm .,>0

Based on the above analysis, the average reconstruction error variance converges to

zero, as the number of iterative stages, k, approaches infinity,

. 2 T 2
05 Tkt = U, S

- -leIEoNxNZ Tk
1Ix=0

-1 &
= hm ¢ a"'"-
1 e 2L i}

13=0m
N-1 k
N x N . Z k—co 1_‘[ fq,m,ij) i
IJ— m=0
N
l,J:O
=0. (5.1.17)



5.2 RESIDUAL ERROR VECTOR- QUANTIZATION

-

Rate distortion theory [é?-3l]‘ifﬂdicatcs that better performance can be always
achieved by coding vectors instead of iscalafs, even in the case of a memoryless sources.
Furthermore, a well-defined source can be compressed arbitrarily close to the rate
distortion function as the coding block size apf)roachcs miinity. This tmplies that the
ratio of the distortio‘n obtained by using vector quantization with sufficiently large
- block size to that by using scalar quantization witﬁ optimum bit allocation (2..1.19)

is less than 1, t.e. §
n
Tu
f=—1— q,., < 1. (5.2.1)
min(oy)
The gain due to using vector quantization instead of optimum scalar quantization is

Just the reciprocal of 5.

Taking a Gaussian source X of size N x N as dn example and the mean square
error (MS3LE) as the distortion measure, after an optimum orthogonal transform, the
transform coefficientd Qij, 1,7 = 0,1,..N =1 are still Gaussian and statistically
independent with variances cr;':,- = E(Q;—'j), 5,7 =0,1,..N=1. In fact, a,:; is the (4, 7)th
cigenvalue of the Gaussian source of N x N. For such a statistically independent
Gaussian source X of size N x &, it can be shown [25,47) that the N x A block

distortion rate function is

V=1
. 1 1 M . 2 =S B
De(6) = ey E Omm(o, o) (5.2.2)
if=
V=1 2
1 1 a;
) = —— ax(0, < log, — 023
Rolo) = 5 '_J_Zzonmw. 7 log: =) (3.2.3)

where fig can be interpreted as the average rate. For the case of small distortion, i.e

-

6 < min(afj), where the minimum is over all 7,7 = 0.1,...8¥ = 1, the N x N Dloek

4

distortion rate function for a gi\'cn rate RG is
Aol /(M=)

{ The subseript {vg) repreaenta vector quantization
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From equations (2.4.19) and (5.2.4), the difference between the distortion by using

scalar quantization with optimum bit allocation and the N x N block distortion rate .

. functiorffor a given bit rate B in the transform domain is,
Nop  MNxN)

§=(f - 1)278([] o) : (5.2.5)
. 1yl

~

f

As c?j >1, 4,7=0,1,..N — 1 for a Gaussian source (Table 2.4.1).

Nop  U(NxN)
E=(]] & > 1. (5.2.6)
i,5=0

We conclude that the difference & is always greater than 0,

§>0. (5.2.7)

This implies that it is impossible to reach the distortion rate function by the optimum
scalar quantization. The ratio of the distortion obtained by using vector quantization
with sufficiently large block size to that obtained by using scalar quantization with
an optimum bit allocation (2.4.19) is, therefore,

Nel o 1/(NxN)

aﬁq o D¢(B) _ 2-2B(H;.j=o 0'?,') _ 1 = fe (5.2.8)
min{s?) ~ min(c?) €22-28( f\,;_-lo ;;J_)II(NXJV) €2 | -
Since
E€>1, (5.2.9)
the ratio,
Be < 1. {5.2.10)

The gain due to using vector qua.n'tization instead of the optimum scalar quantization
in the transform domain is approximately equal to the reciprocal of Sg. For non-
Gaussian image sources, there are no explicit distortion rate functions but upper

bounds are available, for a fixed rate R, in the form,

*  D(R) < Dg(R), (5.2:11)
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implying that the Gaussian image source is the most difficult to reproduce for a fixed
second moment- under the MSE criterion. This might lead to the intuitive conclusion
that, for a rather broad class of distributions, more benefit can be expected using

vector quantization as opposed to'scalar quantization with optimum bit allocation in

the transform domain.

. - - . - . - . -
Based on the above analysis, if the scalar quantization with optimum bit allocation
1

in Fig. 5.1 is replaced by the vector quantization, further improvement in coding
S

performance can be expected. It is now demonstrated that, as in scalar quantization

case; the average reconstruction error varia.nce-‘convcrgés to zero, as the number of

iterative stages approaches inﬁn‘ity. Let the average error variance at stage & using

vector quantizatioa in the transform domain be as follows,

Togkst = tH(E((Qe — Qu)'(Qi — Qu)))/ (N x N), k=0,1,..  (5.2.12)
and
oo = T N Z 03 = (5.2.13)
s3=0

The coding factor at the mth stage is then,

o2 2 o2
vq m+1 Tyq,m+1 min(e gy, m+1) mm(aq mtl) : - o

Cm = 5 = — 3 5 = ﬁm 3 ) (0_1’1)
Tigm min{c?;, 1) ) Oiim Oiem

where 5, is the ratio of the distortion obtained by applying vector quantization to
that obtained by applying scalar quantization with optimum bit allocation at stage
m. In a similar fashion as in scalar quantization case, the average reconstruction error

~ variance using vector quantization can be expressed as follows,

ko2
2 _ _ (TT vemsl, 2
Trik+1 = Tug k1= (H 2 )%
m=0 vg,m
H -
k

mm(cr,.r mal) ” o
H —— ). (5.2.15)

vq,m
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As, from equation (5.2.1),

ﬂm < 1! m= 0: 1: ---k'; (5.2.16)

-

and from equation (5.1.7), the ratio of the average distortion arising from scalar
quantization (with ‘optimum bit allocation) on the mth error array to the average
variance of the mth error array,

min(a'g.m_!_l)

2
Toqm

<e<l, m=0,1,..k : (5.2.17)

it can now be shown that the average reconstruction error variance (5.2.15) converges

to zero, as k — o0,

=0. (5.2.18)

It should be observed from (5.1.8) and (5.2.18) that the convergent speed using vector
quantization is faster than that using scalar quaﬁtization because the gain 8y, is less
than 1. Note that, for both vector quantization and optimum scalar quantization, the
distribution of the energies of the elements over the error array tends to become more
uniform and the corresponding average energy decreases with increasing number of

stages.

5.3 LOSSLESS PROGRESSIVE TRANSMISSION
WITH FINITE ITERATIVE STAGES

It has been shown that the reconstruction error variance converges to zero, as the
number of iterative stages approaches infinity. However, in practice, it is desired that

the original image (digital) be reproduced with perfect fidelity with a finite aumber
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of stages. The tech;lique presented in the previous section is modified, as shown
in Fig. 5.2; the coded information Q;B k = 0,1,... are summed and stored at the
tra.nsmitter.'f Upon the user’s request, an approximation Xi can be reconstructed
by inverse transforming the summed quantity Efn:ﬂ Qr at both the transmitting
and receiving ends, and rounded off to the same resolution as in the original image.
The residual error image can now be losslessly coded by an entropy coder and the
original image can be reproduced by adding the losslessly coded error image Ex4 to
thela.pproxirnation X ¢ at the receiver. Note that since each iterative sta.ge' partially
removes the statistical redundancy of the original image, the elements of the residual
error image tend to become decorrelated and tb@.‘ first order entropy of the residual
error image tends to the entropy of the corresponding error image. Therefore, a
Huffman coder operating on a pixel-by-pixel basis can be used to efficiently and

losslessly encode the final error image.

5.4 SIMULATIONS

Computer simulations are carried out with the proposed progressive image trans-
mussion scheme on the face image shown in Fig. 5.3; the image is of size 256 x '2’53“\
pixels and quantized to 256 levels. The first order entropy estimated from the his- -
togram of grey levels of the original face image is 7.5178 bits/pixel.

The original image first undergoes a two-dimensional discrete block cosine trans-
form and then the transformed image is iteratively quantized, scalar or vector, respec-
tively. Two block sizes are used, 4 x 4 and 8 x 8. In scalarquantization (RSQ-TRA),
the bit allocation map is obtained from equation (2.4.18) and is transmitted as over-
head at each stage. In vector quantization {(RVQ-TRA), one vector is derived from .-
each tra.nsﬁ.)rm block, 4 x 4 or 8 x 8, respectively. At each stage, a codebook is gen- .
erated from all possible input vectors using the generated Lloyd #lgorithm [65] and

is transmitted as overhead. -

The results of the computer simulations are listed in Table 5.1, where<the com-
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ponents shown are defined as follows, ~

=4

RSQ-TRA:
fieo(k) - the bit rate for coding the coeflicients at stage &;

(k) - the bit rate for transmitting t}'le bit allocation map at stage k,
since the matrices are quite sparse, just the positions retained need to be
indicated;

Rp(k) = Z;=0(Rca(m) + Ro(m)) — the total progressive bit rate.up to
stage k;

I} (k) - the first order entropy of the residual error image at stage &;

Re(k) = Rp(k)+ I} (k) - the total bit rate required for lossless reproduc-
tion at stage k¥ (4.1.13). . |

RVQ-TRA:

(k) - the bit rate for cdding tﬁ’g labels at stage k, where a variable

“length coder is used, dependent upon the frequency of occurrence of labels;

- —_— .
Ite(k) - the bit rate for transmitting the codebook at stage &, where a
oy

variable length coder is also used;

R(k) = Zi:O(R;(m) + R(m)) - the total progressive bit rate up to
stage &; ~

P

171 (k) - the first order entropy of the residual error image at‘stagc k(3.2);
Ry(k) = Ry(k) + H(k) - the total bit rate required for lossles€teproduc-

tion at stage & (4.1.13). //

In the evaluation of system performance, the normalized mean square error (NMSE)

is used, defined as follows,

NMSE = A E=0,1,.. (5:4,1)
_ Zi,j=0 \‘J



wherey X;; and X ;; represent the (i, 5)th element of the original image and the kth

approximation, respectively.

Fig. 5.4 shows the rate distortion curves for both optimum scalar quantization
and vector quantization (Table 5.1), where the*ix}crea.sing bit rates correspond to
iterative/progressive quantization. It is clear that the best performance is achieved
by using vector quantization on 8 x § pixel blocks. 1.0 bits/pixel, there is an
improvement of 22.7% (213000873  100%) over optimum scalar quaatization on
8x8 pixel blocks and 19.3% wg—?ﬁgb]ﬁ X 100.%) on 4 x 4 pixel blocks, respectively.

At 0.5 bits/pixel, the corresponding percentages are, respectively, 15.1.6% and 36.%.

Fig. 5.5 presents the zeroth, ﬁrst';l_second, fourth, fifth and ninth approximation
images by using vector quantization on 8 x 8 pixel block in the progressive sequence.
Note that the first approximations in the sequence have already provided the main
structural information of the original image at a very low bit rate and that by the
fourth iteration, there has already been a dramatic improvement at a total progressive

bit rate of 0.4954 bits/pixel.

Fig. 5.6 and Table 5.1 show that, with increasing number of iterations, the
total bit rate curves, R;(k), required for lossless reproduction first approach a lower
value than the first order entropy of the original image. For example, the minimum
A:(k) reached at k = 7 is only 4.9685 bits/pixel. Note that, at bit rates between
0.4-1.0 bits/pixel, the total bit rate for optimum scalar quantization (8 x 8) and
vector quantization (8 x 8) are almost\identical., implying that either one can be used.

However, at a higher bit rate (> 1.0 bits/pixel), the total bit rate for optimum scalar
| quantization is 5% higher than for vector quantization. The vector quantization is
more efficient in removing the redundancy of the residual error images than optimum

scalar quantization.

The simulation results using a single-stage transform coding are shown in Table
5.2. RQ\-TRA 13 seen in many cases to outperform a single-stage transform coding.

S
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Note the large bit rate required.for transmitting the codebook for the (8 x 8) case.
As mentioned in chapter 4, if multi-stage coding could be optimized at each stage
(that is, only the et information of the image is transmitted at each, stage), then the
performance by iteratively encoding the transformed image should be no worse than

that by single-stage transform coding.  _.

We now turn to compare RVQ-TRA with RVQ-SPA (chapter 4). Fig. 5.7 shows
the rate distortion curves drawn from Tables 4.1b and 5.1b for a block size = 4 x 4.
It gan be no;ted that no advantage is obtained by using RVQ-TRA over RVQ-SPA. A
possible explanation is that the vectors are simply formed from the block transform
coefficients without regards to nonuniform energy distribution. In other words, the

same number of bits are effectively allocated to each coefficient. -

N 5.5 CONCLUSIONS

In this chapter, the residual error quantization technique is extended to the trans-
form domain. ' The residudl errors after transform coefficient coding are iteratively
fedback and requantized (scalar RSQ or vector RVQ). Both the theoretical analysis
and experimental results obtained demonstrate that lossless progressive tra.nsmis)sion
with a degree of compression is‘achieved. The reconstructed approximations are seen
to rapidly converge to a good quality, both, subjectively and objectively. However,

~in comparing the performance of RVQ-TRA with RVQ-SPA’s at a block size = 4x 4,
we found that there is no improvement, as shown in Fig. 5.7. The reason could be
that the energy compaction property in the transform doma./ig\if not exploitef_. In
the following chapter, we will discuss how to optima&g\a.ppl_yquttor qua.ntiza.tioq: to

the transform coefficients.
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Fig. 5.1. Residual error quantization in the transform domain. ’i‘he image to be trans-
mitted first undergoes a general orthogonal transform and the transform coeficients
are then quantized before transmission. The residual error array due to quantization
is iteratively fedback, requantized and transmitted. At the receiving end, an approx-
imation of the original image is.reconstructed by progressively forming Ef“o Cm,
which sums all the received information up to stage k and then performing the inverse
transform.
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Fig. 5.2. Lossless progressive transmission with finite iterative stages. The coded
information Q;, k = 0,1, ... are summed and stored at the transmitter. Upon user re-
quest, an approximation X} can be reconstructed by inverse transforming the summed
quantity Q4 at both the transmitting and receiving ends, and rounded off to
the same resolution as in the original image. The residual error image Epyy = X — X}
can now be losslessly coded by entropy coding and the original image can be repro-
duced by ‘adding the losslessly coded error image Ej,, to the approximation Xj at

the receiver.
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Fig. 5.3. The face image of 256 x 256 pixels with § bits/pixel.

)
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RSQ-TRA (4°4) (TABLE 5.1a)

RVQ-TRA (4*4) (TABLE 5.1b)
RSQ-TRA (8*8) (TABLE 5.1¢)
RYQ-TRA (8*8) (TABLE 5.19)

P00

DISTORTION NMSE (%)

-1
I'

4

0-00 0.32 0.64  0.96 1.28 1.60
TOTAL PROGRESSIVE BIT RATE (BITS/PIXEL)

Fig. 5.4. The rate distortion curves for opiimum scalar quantization and vector quan-
tization on the block Cosine transformed images. The increasing bit rates corres?ond
to iterative/progressive quantization. It is clear that the best performance is achieved

by using vector quantization on 8 x 8 pixel blocks, - T
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Fig. 5.5. Pictorial results. The zeroth, first, second, fourth, fifth and ninth approx-
imation images using vector quantization on § x § pixel blocks are presented in the
progressive sequence. Note that the first approximations in the sequence have already
provide the main structural information of the original image at a very low bit rate
and that, by the fourth iteration, there has already been a dramatic improvement at
a total progressive bit rate of 0.1954 bits/pixel.
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@ RSQ-TRA (4°4) (TABLE 5.1a)

-~ ® RVQ-TRA (4°4) (TABLE 5.1%)
S'L 4 RSQ-TRA (8*8) (TABLE 5.1c)
_>5‘° © RVQ-TRA (8*8) (TABLE 5.1d)
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o

Fig. 5.6. Total bit rate curves. With increasing number of iterations, the total bit
rate curves R;(k) required for lossless reproduction approach a lower value than the
first order entropy of the original image. The minimum Re(k) reached at k = 7 is only
4.9685 bits/pixel, implying that, as a\lossless coder, the proposed scheme is superior
to Huffman coder operating on a.pixel-by-pixel basis, by about 2.5493 (7.5178-4.9685)
bits/pixel. ,
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. 0 RVQ-SPA (4*4) (TABLE 4.1b)
K- ® RVQ-TRA (4*4) (TABLE 5.1b)
P
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Fig. 5.7. The rate distortion curves for RVQ-TRA and RVQ-SPA wi!.,.b/él. block si-ze
of 4 x 4 (from Tables 5.1b and 4.1b). o
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Table §.12

ter simulation results for the face i

- by using TRA with a block size of 4*4
x Reoly | Rom | Rp() | H® | R® | o
(bita/pixel) | (bits/pixel) | (bits/pizel) | (bitw/pixel) | (bitaspixel)
0 0.437500 | 0.000122 { 0.4376 49238 5.3614 0.5387
1 0.125000 | 0.000122 | -0.5627 4.7410 53037 0.3352
2 0.125000 | 0.000122 0.6373 4.5744 5.2622 0.2429
3 0.125000 | 0.000122 | 0.3129 43738 5.1367 0.1840
4 0.125000 | 0.000122 | 0.9381 4.2597 5.1978 0.1502
5 0.125000 | 0.000122 | 1.0632 4.1512 5.2144 0.1290
6 0.125000 | 0.000122 { 1.1883 4.0499 5.2382 0.1090
7 0.125000 | 0.000122 | 1.3134 5.9646 5.2780 0.0975
8 0.125000 | 0.000122 | 1.4386 3.8759 53145 0.0870
9 0.125000 | 0.000122 | 1.5637 3.8032 5.3669 0.0790
Table 5.1b Computer simulation results for the face imag
by using RVQ-TRA with a block size of 4*4
(the number of codewords per stage = 4)
s
K| Giewpinen | i | titaien | citopeen | cinmen | HSE®
0 0.121190 | 0.001536¢ | 0.1227 6.0897 6.2124 1.5706
1 0.119984 | 0.001358 | 0.2440 5.2356 5.4796 0.6402
2 0.083548 | 0.002233 | 0.3298 4.9498 5.2796 0.3997
3 0.083001 | 0.002089 | 0.4199 4.7249 5.1443 0.2822
4 0.123560 | 0.001787 | 0.5452 4.5247 5.0699 | . 0.2258
L1 0.079470 | 0.002383 | 0.6271 4.4107 5.0378 0.1844
6 0.1078%6 | 0.001843 | 0.7368 4.2850 5.0218 0.1553
7 0.090915 | 0.002190 | 0.8300 4.1866 5.0166 0.1334
8 0.123974 | 0.001971 | 0.9559 4.0811 5.0370 0.1172
9 0.122675 | 0.001962 | 1.0805 3.9857 5.0662 0.1041
. 5 ™~
I
-120- ~~




Table 5.1c simulation results for the face image
by using TRA with a block size of 8*8
k Reo@ | Ro®) | Rp®) | B | R | e
(bits/pixel) | (ditarpixel) | (bitaspixel) | (bitwpixel) (bitwpizel)

0 0.093750 | 0.000183 0.0939 5.5947 5.6336 1.2529

1 0.062500 | 0.000274 0.1567 5.2132 5.3699 0.6359

2 0.093750 | 0.000366 0.2508 49163 5.1676 0.4176

3 0.093750 | 0.000366 0.3449 4.7057 5.0506 | 03349

4 0.125000 | 0.000457 0.4704 4.5276 4.9980 0.2346

5 0.137500 | 0.000640 | 0.6585 43122 4.9707 0.1781

6 0.187500 | 0.000640 | 0.8466 4.1279 4.5745 0.1348

? 0.156250 { 0.000549 1.0034 3.9941 4.9975 0.1130

8 0.187500 | 0.000640 1.1916 3.8618 5.0534 0.0957

9 0.218750 | 0.000732 | 1.4111 3.7026 5.1137 0.0804

Table 5.1d Computer simulation results for the face i
by using RVQ-TRA with a block size of 8*8
(the number of codewords per stage = 16)
x R R® | Rk | HHO | R® | guqg
(bits/pixel) | (bits/pixel) | (bits/pixel) | (bitw/pixel) {bits/pixel)

0 0.054359 | 0.046468 0.1008 5.6346 5.7854 1.0728

1 0.052783 | 0.046736 | 0.2003 5.1504 5.3507 0.5239

2 0.053006 | 0.043770 | 0.2971 4.3437 5.1408 0.3336

3 0.053839 | 0.044804 | 0.3957 | 4.6534 5.0491 0.2487

4 0.050659 | 0.048990 | 0.4954 4.5167 5.0121 0.1965

5 0.052925 | 0.044111 | 06.5924 4.3904 4.9822 0.1604

6 0.056635 | 0.042422 0.6915 42775 4.5690 0.1341

7 0.05788% | 0.042031 | 0.7914 41771 4.9635 0.1146

8 0.056650 | 0.042198 | 0.8902 40794 4.9696 0.0986

9 0.058294 | 0.040150 | 0.9887 3.9993 4.9820 0.0873
10 0.058592 | 0.039652 | 1.0869 3.9131 5.0000 0.0767
11 0.059258 | 0.0373825 1.1840 3.8344 5.0184 0.0633
12 0.060317 | 0.035568 1.279% 3.7523 5.0322 0.0607
13 0.059358 | 0.037650 1.3769 3.6766 5.0535 0.0544
14 0.059599 | 0.034227 1.4707 3.6049 5.0756 0.0490
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TablcS.ZaCompuﬁsinmlaﬁonmultsforthcfwcimagc_

by using a single-stage transform coding with scalar quantization
Block Size |\ oieety | oiwipize | oismpieen cbiw!fixen (risspien | TMSEC)
44 1.000000 | 0.000335 1.000335 4.3700 5.3703 0.1755
4°4 1.5060000 | 0.000549 1.500549 4.0915 5.5920 0.1113
g§*3 1.031250 | 0.001541 1.032791 4.2009 5.2337 0.1495
g+ 1.421875 0.001846 1.423721 4.1641 5.5878 0.13%90

Table 5.2b Computer simulation results for the face image

by using a single-stage transform coding with vector quantization

: '

Block Size Re (biw;;lixcl) (bin:ixcl) (‘bi!sJRppich) (biw}:inr) cbiwl;tinl)' NMSEL%)
44 128 0.397508 | 0.136403 | 0.533912 45008 .| 5.0347 0.1940

. 44 256 0.454878 | 0.301130 | 0.756058 4.2391 5.0451 0.1374
g+ 32 0.071024 | 0.103060 | 0.174085 5.3880 3.5621 0.7204
g3 64 0.084240 | 0.240028 | 0.324268 5.1299 5.4542 0.4999
3+3 128 0.097987 | 0.528528 | 0.626515 4.83905 5.5170 0.3497
33 256 0.111631 | 1.071370 | 1.183002 4.5445 5.7275 0.2165

where Nc is the sumber of codewoards. ‘




6. MULTISTAGE VECTOR QUANTIZATION
WITH OPTIMUM BIT ALLOCATION PLANES

In this chapter, we present a multistage vector quantization scheme (MVQ-OBA)
in which the transform coefficients with higher energies are allocated more bits than
the coefficients with lower energies, in other words, the number of bits assigned to
each coefficient is proportional to the coefficient variance. An image to be coded
first undergoes a block orthogonal transform. An optimal bit allocation map {Bi;}
is then found for a fixed bit rate (2.4.18), where the number of bits assigned to each
coefficient is proportional to the coefficient variance. The optimal bit allocation map
is then sliced into a set of "bit allocation planes”, {By;j, £=0,1,...,} by applying
2 set of the thresholds, {Ti}. Here, By ,; indicates the number of bits assigned to
‘coeficient (7,5) at stage k. We note that By ;; is not restricted to being an integer
value. At each stage, all the components with a non-zero number of bits are combined
into a vector and vector quantized. The residual error vectors are then calculated and
fed to the next st:.ge of the coder. In other words, the transform coefficients are first
vector quantized with the first bit allocation plane, By; the residual error coefficients
are then requantized with the second bit allocation plane, By; and the same process is
repeated until the last bit allocation plane is used. A separate codebook is generated
at each stage by using the generalized Lloyd clustering algorithm with the number of
codewords equal to o2, Bris] (where [a] means the truncation of a + 0.5).

It is shown below that the effective number of bits allocated to each coefficient
is proportional to the coefficient variance. Furthermore, as a variable number of
coefficients are used in forming the vectors at each stage, the coefficients are effectively
assigned a fractional number of bits if needed. An important property is that at -
each stage, the coefficient error variances due to quantization are similar. Since the
coefficients are coded on a stage-by-stage basis, the information coded up to a certain

stage in fact corresponds to an approximation of the image. This means that the
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proposed technique results in progressive image transmission. To achieve lossless
transmission, an entropy coder can be used to encode the final residual error image.
The simulation results demonstrate that the proposed vector quantization scheme
using the optimal bit allocation planes in the transform domain is superior to both
scalar coefficient quantization [43,62] and direct vector quantization on the coeﬁ':icients%
[83,88]. The superiority can be traced to coding vectors instead of scalars and using

an optimal bit: distribution strategy in vector quantization.
N

In the follov,siﬂg/section,'the? ljonale for vector quantization in the transform
domain are givem. Section 6.2 describes the algorithm for slicing an optimal bit
allocation map into a set of opt@ it allocation planes. In section§6.3,}mul‘tistage
vector quantization technique with optimal bit allocation plaﬁes is presented. In
section 6.4, a few -properties of the optimal bit allocation planes are listed. The /
simulgtion results using the proposed technique are reported in section 6.5. Finally,
the proposed transform vector quantization is compared with various other transform

domain coding techniques in section 6.6.

6.1 RATIONALE

-

Transform coding with optimal bit allocation [43-49] is know to be very effec-
- tive for image data compression. An image to be coded first undergoes an orthogonal
transform, and the resulting coefficients are then scalar quantized with an optimal bit
allocation map where the numb/ér//;‘.' bits a.lloca.ted 1s proportional to the coefficient
variance. By using an optimal (th a.lloca.tzon scheme, identical (coefficient quantiza-t,
tion) error variances result [47]. Such transform coding, however, is only suboptimal,
as quantization is performed in a scalar manner. Information theory ’tells us that
improved performance can be achieved if vector, as opposed to scalar, quantization
is applied to the transform coefficients. However, in applying vector quantization in
the transform domain, two issues must be addressed: how to form the vectors from

the coefficients and how to optimally allocate the available bits.
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A direct approach to vector formation is simply to use all the coefficients as the
components of the vectors. In this case, the available bits are allocated relatively
uﬁiformly over the coefficients or components Qf\_t_l}?__ ,i‘é‘ctors. Such an appmch is
inefficient because the image information ‘s nonunifomﬂ;'\distributed over the coef-
ficients. As we derno;xstrate experimentally below, direct vector qua:i\tiz/;.tion in the -
transform domain does not result in identical error }a.;ria.ncm of the coefficient if the
generalized Lloyd clustering algorithm is used in codebook ‘generation. This means
that the distribution of the coded bits is not proportional to the coefficient variances.
A proper coding procedure should nonuniformly distribute the c'ading bits over the

coefficients according to the coefficient variances.

Two more practical difficulties with direct vector quantization in the transform
domain are a large overhead for transmitting the codebook and a large computational
cost. For example, for a block size of 8 x & from equation (2.5.12), direct vector
quantization of an image of size 256 X 256 at a bit rate of 0.5 bits/pixel (for the labels)
would require an overhead for the codebook, R, = §x8x28%8X0.5 g/ (256x256) = 2%°
bits/pixel (assuming that the average number of bits per codeword component =8
bits/pixel), which is clearly impossible. The associated computational cost (equation
(2.5.9)) is prm&féi to 8 x 8 x 28%8%05 — 9 7487 x 10%1; which is not practical. To
overcome these prqblems, a few alternative approaches to vector formation have been
proposed [83,88,21,87]. In [83,88], the dimensionality of the vectors is reduced by using
only the coefficients with the highest variances as the vector components. However,

a basic problem is the optimal choice of the coefficients and the number of co}i words /
in the codebook. Instea.d of being quantized in one stage, the coefficients a.re%w———:—'\\/
quantized on a stage-by-stage basis [21]. At each stage, a smaller codebook size can
be used, thus reducing both overhead and computational cost. In [88], the transform
block of size 8 x 8 is partitioned into 14 different low dimensional vectors which are
separately (vector) quantized. Note that since vectors with small dimensionality are

used, both the overhead for transmitting the codebooks and the computational cost
i
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are reduced.

. 6.2 OPTIMAL BIT ALLOCATION PLANES

We now present a multistage vector quantization technique (MVQ-OBA) operat-

—

‘ing on the tra.nsfo;m&oefﬁdents where the effective number of bits assigned to the

individual coefficient is proportional to the coefficient variance. The block diagram
of the proposed technique is shown in Fig. 6.1. An image to be coded first undergges
an orthogonal transform. An optimal bit allocation map, {B;;}, is then found based
upon the variances of the coefficients for a fixed bit rate from equation (2.4.18). Fig.
6.2 shows an example of a typical optimal bit allocation map. The numbers of bits
assigned to the coefficients are seen to vary significantly from 5 to 0.375. In order to
optimally distribute the bits over the coefficients when using vector quantization, a
set of bit a.lloca-\fion planes, {Bg',‘j}., is used instead of the optimal bit allocation map,
{Bi;}. The set of bit allocation planes, {Bg;;, ¥ =0,1,...} is obtained by slicing the
optimal bit allocation map, {B;;}, with a set of the thresholds {T}}, (see Fig. 6.3),

that is,

4

Boyj = { B;; - To, if B;; > To

0, if B;; < T

ooy - T, U®B;>Te (6.2.1)
Bri; = Bij —Ti, f Ty > Bi; >T; E=1,2,..M

0, i Tx 2 Bij

where

To>D>...>Tiy>T>...>Tu=0

In other words, By ;; indicates the number of bits assigned to coefficient (7, ;) at stage
k.

We can guarantee that the coefficients selected at each stage have the same num-
ber of bits assigned by the bit allocation plane, by appropriately choosing the thresh-
olds as follows:
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1) Re-order the values on the optimal bit allocation map, {Bi;}, from
bigh to low, as {B;} where By > Bj,). Repeated values are removed.

2) Choose the corresponding set of thresholds {T}} such that Ty = Biy.

'

This assures that the.case of Tp_y > Bi; > T} in equation (6.2.1.) never happens
and, Q\iere.fore, guarantees that all the values on each bit allocation plane are the
same. It should be emphasized that the same number of bits on each bit allocation
plane implies that the corresponding chosen coefficients (or residual error coefficients)
have the same variances at each stage. It is shown experimentally below that vector
quantization on the coefficients with the simild® variances results in approximately
the same error variances in coefficient quantization. If there are no repeated values,
i‘.hen the number of bit allocation planes must be equal to the transform block size.
Thus, in practice, the sét of thresholds, {T}}, should be chosen so that the numbers
of bits on each bit plane are only almost the .same rather than being exactly equal. A
second constraint is that the sum of the bits on each bit plane &, Z.‘,,‘ By i5, should

be reasonably small, otherwise the codebook size becomes too large.

Fig. 6.2 shows an ideal example of optimal bit allocation map where the va_h‘zcs
of {B;} along the lines of equal sum of indices (i + ) are the same. The following
thresholds for the optimal bit allocation map in Fig. 6.2 are used [(Rig. 6.3)

-

2.500, 1.250, 0.750, 0.375, 0.000.

The corresponding bit" planes are shown in Fig. 6.4. The number of coefficients
assigned 2 non-zero number of bits at each stage is, respectively, 1, 3, 6, 10. Note that
the coefficients assigned a non-zero number of bits at lower planes are still assigned
a non-zero number of bits at higher planes; imply?ng that vector dimension increases
progressively. For each it plane, the numbers of bits are the sa.mg; that is, 2.5 at
level 0, 1.25 at level 1, 0.75 at levél 2 and 0.375 at level 3. The corresponding sums
of bits on bit a.llocé.tion planes are, respectively, 2.5 for level 0 and 3.75 for level 1

to 3 which trapslates into the following number of codewords, 8 at level 0 and 16 at
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levels from 1 to 3.

g s,

6.3 VECTOR QUANTIZATION

With the set of bjt allocation planes, the transform coefficients are vector quan-
tized on a stage-by-stage basis. In other words, the transform coefficients {Qoi;} =
{Qi;} are first vector quantized with the first bit allocation plane, Bo, the residual
error coefficients {Q1,;} are then fedback and vector quantized with the second bit

allocation plane, B;. The same process is repeated unti] the final bit allocation plane

13 used. The steps involved in coding the coefficients (or residual error coefficients) -

at stage k, {Qk,;}, are now detailed (see also Fig. 6.1)

the bit allocation plane, B ;.

2). Training Sequence Selection: Al_!,,th/e vectors formed above are

chosen as part of the training sequence.

3). Codebook Generation: The codebook is generated by applying the
generalized Lloyd clustering algorithm [65] on the training sequence selected
in step 2, where the normalized mean square error (NMSE) is used as the
criterion for distortion. The num.ber of codewords is equal to 2[2‘4 B"], where
[a] ﬁms the truncation of ¢ + 0.5, which implies that\.t?he average bit rate
for coding a vector at stage k is bounded by .

N1 N—
max R‘,(k) = ]ogz 2[2--:-0 Busl = [Z Bk,l'j] (bz'ts/vector)

3J=0
if an equal length coder is used for the labels.

4). Codebook Encoding: The resulting codebook obtained Is scalar
quantized and encoded by a vamidatTe length coder exploiting the nonuniform

distribution of the component values of the codewords; .
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5). Vector Quantization: For each vector, the closest codeword in the
codebook is determined and the corresponding label of this codeword is then

transmitted using a variable length coder.

6). Feedback: The k + 1th residual coefficients, {Qx41,;}, are formed
by taking the difference between the input and output, @ i; — Qg.;,- and fed

to the next stage.

7). Entropy Coding: Finally, an entropy coder, such as Huffman coder,

can be used to losslessly encode the final residual error image.

At the receiving end, the labels are decoded with the received codebooks and the

compressed image is reconstructed by performing the inverse transform.

6.4 REMARKS

As mentioned above, the set of optimal bit allocation planes (6.2.1) is the key
for the entire procedure. The following remarks with regard to the set of optimal bit

allocation planes can be made:

1). For a fixed bit rdte, there exists a set of optimal bit allocation planes
(6.2.1) corresponding to an optimal bit allocation map where the nu;r:xber
of bits assigned to each coefficient is proportional to the coefficient varidnce
(2.4.18). The coefficients are qua.ntize‘d on a stage-by-stage basis by using the
set of optimal bit allocation planes.

TN

~~  2). The bit allocation pIa:nes, {Bk,i;}, determine the number of bits as-

signed to the corresponding coefficients;

3). The thresholds, {T;}, can be chosen so that the number of bits as-
signed at each stage are equal. This means that the coefficients (or residual
error coefficients) chosen at each stage have similar variances. The simula-

tion results shown below .demonstrate that vector quantization of coefficients
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(or residual error coefficients) with similar variances results in similar error

variances in coefficient (or residual error coefficient) quantization.
o

4). The numbers of bits assigned to the coefficients on the bit allocation
planes, Tyy — Ti (if By > Tiy) or By — Tk (i Tees > By 2 T), can be
any positive real values while in the case of scalar quantization, only positive .
integer figures are valid because of the constraint of practical quantizers for

coeflicient quantization.

5). The sum of the bit allocation plares is exactly equal to the optimal

bit allocation map,
Bij = ZBk,ij zsj =0,1,..N -1 = (631)
E .

which can be shown as follows. For B;; > T, from equation (6.2.1),
Byi; = Bij — To,

Bri; =Teey — T k=1,2,.M
Therefore,

M .
z Biij = Bij = To + To—,..Tk—1 — T+, ... + Tag = Bi;.
k=0

For Tx_y > By; > Tk, from equation (6.2.1),

( Bri; =0, k=0,1,..K -1

Byi; = Bi; — Tk,

Bk,s'jok-—l —T;. k=K<+1,K+2 .M
-
Therefore,
M
Z Bri;=0+0,..+ Bi; — Ty + Tk - Txs1+,--+ Ty = B;j.
k=0
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For B;; = 0: since, from equation (6.2.1),

Bk,ij =0, k= 0,1,.M

v
z B =0.

. k=0
This implies that the coefficients are, in fa.ct; assigned the same number of

bits as in the optimal bit allocation map (2.4.18). In other words, the set
of optimal bit allocation planes (6.2.1) and the optimal bit allocation map

(2.4.18) are equivalent in terms of bit distribution over the coefficients.

6). As the stage number increases, more and more of the higher order
coefficients with lower variances are included as components of the vectors.
This implies that the dimensionality of the vectors increases with the stage

number, because all the previous coefficients are still included as components.

7). We note that the proposed technique is performed on the coefficients
In 2 multi-stage manner. At each stage, the coefficients (or residual error coef-
ficients), {Q;}, are quantized using a bitla.lloca.tion plane and the quantized
coefficients (or residual error coefficients), {Qk',-j}, is thex.z transmitted. The
information transmitted up to a certain stage k, Yok Qk',‘j = Q,-_,-, in fact cor-
responds to an approximation of ’the original image. Therefore, the proposed
technique results in progressive transmission of the image.

o r

6.5 SIMULATIONS °

Computer simulations were carried out by- ﬁsing the multistage vector quantiza-

tion with optimal bit allocation planes (MVQ-OBA) on the face image, shown in Fig.

6.5, of size 256 x 256 pixels with 8 bits/pixel.

The test face image is decomposed into a set of sub-blocks of sizes N x N. (Two

values of N are used: 4 and 8.) The discrete cosine transform is used as the orthogonal

transform (Fig. 6.1) because it comes closest to the Karhunen-Loeve transform in

&>
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terms of energy compaction [46]. The variances of the coefficients are gtima.ted by,

‘ 256/N -~
U r ot = XN (QFF —my;)?
- V256 x 256 4=tV Y
4 . (6.5.2)
o Nxn RR
N™ = 555 256 i
\ U=

where N is the transform block size and u,v and ‘i, J are, respectively, the indices
of the blocks and the pixels within the block. The estimated variances for the two
block sizes are shown in Fig. 6.6 and 6.7, respectively. Thééormponding optimal
bit allocation maps {B;;} are obtained from equation (2.4.]:8) and are shown in Fig.
" 6.8 and Fig. 6.9. Note that all the negative values on the optimal bit allocation map

(2.4.18) are set to 0, implying no transmission of the corresponding coefficients.

The thresholds {7} are chosen such that the sum of the bits, for each bit al-
location plane, is between 2 to 7 which results in a reasonable codebook size for.
each st.ifge, i.e. the number of mde)vgrds ranges from 4 to 12§‘ The set of thresh-
old values, {T:}, is {3.32, 1.99, 1.20, 0.39, 0.00} for the 4 x 4 block case and
{4.13, 2.50, 1.93, 1.47, 097, 0.69, 0.42, 0.23, 0.00} for the 8 x 8 block case.
" The corresponding set of optimal bit allocation pl.anes is then obtained by slicing the
optimal bit allocation maps shown in Fig. 6.8.and Fig. 6.9 with the sets of thresh-
o‘}ds:,.'{{Tk}, as illustrated in Fig. 6.10 and 6.11. As we can see, if the bit allocation
planes (Fig. 6.10 or 6.11) are summed, coefficient by coefficient, then, the optimal bit
aliotation map (Fig. 6.8 or 6.9) results. We also note that the number of bits allo
cated to each coefficient at each plane is approximately equal and is always a positive
real value. At each stage k, the coefﬁcients-(or residual error coefficients) assigned
non-zero values are taken as the components of the vector and (vector) quantized. A
separate codebook is generated by'the generalized Lloyd clustering algorithm with the
number of bits equal to the sum of the bits on the corresponding bit allocation plane.
The quantization error variances of the coefficients (or residual error coefficients) at

each stage, are, respectively, illustrated in Fig. 6.12 and 6.13 for the two block sizes.
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From Fig. 6.10-6.13, it is scen that the coefficients (or residual error cocflicients) cho-
sen as the components of the vectors at cach stage have similar variances, and vector

quantization of these cocflicients results in similar quantization error variances.

The simulation results are reported in Tables 6.1-and 6.2, where the components

shown are as follows:

D, (k) - the vector dimension at stage k;
Ne(k) = the number of codewords-at stage k:

fti(k) - the bit rate for coding the labels at stage k, where a variable

length coder is used, which depends upon the frequency of occurtyugce of the

labels;

Re(k) - the bit rate for coding the codebook at stage &, where a variable

length coder is also used;

R (k) - the bit rate required for indicating the positions of the coefTicients

added at stage k;

Rp(k) = Zizo(}?g(m,) + Re(m) + R,u(m)) - the total progressive bit rate
up to stage k; H}(k) - the first order entropy of the residual error image at

stage k.

Ry(k) = R,(K) + H}{K) -the total bit rate for losslessly coding at stage
k (4.¥13). ‘

In evaluating the performance of the proposed scheme, the normalized mean s(uare
crror (NMSE) between the original image X and the kth approximation X, is em-

ployed,

- 25 (N = X)? - g
NMSE(k) = Z"J‘“’(zs; _,,L"') x 100, (6.5.1)
: szo .\"J‘ :

where .Xj; and Xy ;; represent. respectively, the (i, j)th element of the original mage

and its kth approximation. Note that, for a bluck of size = S x 8, as the progressive bit
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rate increases, the overhead required for transmitting the codebooks goes up rapidly.

For example, the overhead accounts for only 16% of bit rate at eaclier stages (< 3)
while it take up more than 57% of the bit rate at latter stages (> 8). An explanation
for this behaviour is that at latter stages, the vector dimensions is much higher-
which leads to the larger number of bits required for transmitting the codebooks (see
equation (2.5.12)). This implies that at higher stages, the bits are less efficiently used

to transmit the image information.

The values of the progressive bit rate, Ry(k), and the distortion, NMSE(k), shown
in Tables 6.1 and 6.2, are plotted in Fig. 6.14. Note that the larger transform block
size (8 x 8) achieves better performance than the smaller block size (4 x 4). However,
at higher bit rate (> b.S bits/pixel), the two rate distortion curves begin to converge,
this can probably be traced to the larger overhead required for codebook coding for
the 8 x 8 block size. .

The images reconstructed after the zeroth, first, tl}ird, fifth, seventh and eighth
stages by using MVQ-OBA with a block size of (8§ x 8) are shown in Fig. 6.15. The
images are approximations, improving progressively with increasing stage number.
Note that although the first two approximations are very rough, they have im.ieed
provided the gross information of image at a very low bit rate of 0.0305 bits /pixel
and 0.1115 bits/pixel, respectively. The successive approximations rapidly reach sub-
jectively good qua.Iit-y. For example, the detail around the eyes and lip are significantly
improved from the 3rd to 5th approximation and there is no apparent perceptible im-

pairment by the Tth approximation at a bit rate of 0.7431 bits/pixel (see Fig. 6.15).

" 6.6 COMPARATIVE PERFORMANCES

%
Single Stage Coding

For comparative purpose, the following transform coding techniques with a block

of size 8 x 8 have also been applied i:o the face image.
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1) Non-adaptive cosine transform coding (TC) [42-49]: The coeffi-
cients are simply scalar quantized with the optimal bit allocation map from
equation (2.4.18);

2) Adaptive cosine transform coding (ATC) [62): The transform
blocks are first partitioned into four classes according to their activity in-
dices. For each class, an optimal bit allocation map is then found based upon

the variances of the coefficients within the class. A larger number of bits is

allocated to the blocks with the higher activity indices. The coefficients are

" then scalar quantized. <

3) Simple vector quantization (SVQ): The transform blocks are sim-
ply taken as the vectors and vector quantized with the number of codewords

ranging from 32 to 256.

4) Vector quantization with coefficient selection (CVQ) (83,88]:

The coefficients with the highest variances are chosen and taken as the com-

ponents of the vectors. A codebook, with the number of codewords ranging

from 64 to 512, is then found and used for vector quantization

It should be emphasized that for scalar quantization (TC and ATC), the optimal

bit allocation map obtained by using equation (2.4.18) is rounded off, that is, the
number of bits on the optimal bit allocation map are rounded into positive integer

valués. Thus, there is a loss of optimality. The simulation results are shown in Tables

6.3, 6.4, 6.5 and 6.6, where the following notation is adopted:

Scelar Quantization (TC and ATC):

R, — the bit rate for coding the coefficients;

R,, - the overhead including the bit rates for coding the bit allocation
maps and the classification map (only for ATC);

Ry, = Ry, + R, is the total bit rate.
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Vector Quantization (SVQ and CVQ):

Dy - the vector dimension (only for CVQ);
N, — the number of codewords in the codebook;

R - the bit rate for encoding the labels where a variable length coder is

used;

E. - the bit rate for transmitting the codebook where a variable length

coder is also used;

Rm - the bit rate for indicating the positions of the selected coefficients
(only for CVQ);

R, = Ry+ R, + Ry, is the total bit rate.

The rate distortion curves for the different techniques are shown in Fig. 6.16
anci 6.17 for scalar and vector quantization, respectively. It is clear, from Fig. 6.16,
that MVQ-OBA consistently outperforms scalar quantization, both TC and ATC.
For example, at a bit rate of about 0.25 bits/pixel, there is an ‘improvement us-
i:}g MVQ-OBA, respectively, of 21% (&33%‘73%—8—‘1 x 100%) for ATC and of 43%
(24732-0.2684

oaras % 100%) for TC. At a bit rate of 1.0 bits/pixel, the corresponding

improvement over ATC and TC are, r&slpectively, 32% (208200630 % 100%) and

64% (21732200630  100%). Fig. 6.16 demonstrates the comparison of the three vec-

tor quantization techniques in the transform domain: SVQ, CVQ and MVQ-OBA.
SVQ results in the poorest performance as the vectors are simply formed from the
transform blocks and vector quantized. Vector quantization with coefficient selection
(CVQ) outperforms SVQ, as a smaller overhead for transmitting the codebook is
required, while MVQ-OBA achieves the best overall performance. F inally, we note
that the error variances in coefficient quantization resulting from using the direct
vector quantization techniques (SVQ with N, = 64 and CVQ with N, = 128) on the
cocflicients are quite dispersed (Fig. 6.18 and 6.19)
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Progressive Image Transmission

MVQ-OBA is now compared with the following two progressive image transmis-
sion techniques. 1) PCT (8 x 8): The coefficients are progressively transmitted, one
by one, from low to high order [12,13]. The first order entropies of the coefficients for
the face image are shown ix‘a Fig. 6.20, which clearly demonstrates that the entropies
of coefficients are monotonically decreasing from low to high order. 2) RVQ-TRA
(8 x 8): Vector quantization is applied to the ¢

cients in a stage-bjr—sta.ge manner
[21). Note that at each stage, all the coefficientd are taken as the components of
vectors and vector quantized. The resdlting rate digtortion curves are illustrated in

Fig. 6.21, where it is seen that MVQ-OBA outperforgts the other techniques.

The images reconstructed by using ATC with 2 block size of (8 x 8) at bit rates
of 0.5006 bits/pixel and 1.0075 bits/pixel are provided in Fig. 6.22 for subjective
comparison. From Fig. 6.15 and 6.22, it can be seen that at a bit rate of around 0.5
bits/pixel, MVQ-OBA achieves significantly better subjective image quality. At a bit
rate of around 1.0 bits/pixel, both MVQ-OBA and ATC provide the reconstructed
images with excellent subjective quality, however, MVQ-OBA gives rise to less bl.ock

effect, especially, in the areas around the lip. |

-~

The error images by using MVQ-OBA and ATC with a’block siz:of 8 x 8 are
shown in Fig. 6.23, where the left column images are obtained by using MVQ-OBA
and the right column by ATC, and the images at the top are coded at a bit rate of
about 0.5 bits/pixel and at the bottom at about 1.0 bits/pixel. By comparing these
' error images, we find that the error images when using MVQ-OBA (the left column

of Fig. 6.23) are almost uniform, while there are apparent block effects in some areas
of the error images when using ATC (the right colurnn of F ig. 6.23); such as, the

areas around the fip, nese, eyes, and the portions on the edge of the face.

Before concluding this section, we compare MVQ-OBA with (RVQ-SPA) (chapter
4). Fig. 6.24 shows the rate distortion curves for both the techniques with.a block

=137 -



size of 4 x 4 (Tables 4.1b and 6.2): It is clear that th8 MVQ-OBA outperforms the
RVQ-SPA.

6.7 CONCLUSIONS

We have presented a vector quantization technique in transform domain. The
tcchnique is -pcrformed ona stage—by-stag@,: basis, using a set of optimé.l bit a.lloca.tic:\n
planes where the effective number of bits a.;signed to each coefficient is proportionéll to
the coefficient variance. At each stage, all the coefficients assigned a non-zero number
of bits are combined into a vector and (vector) quantized. The computer simulation
results demonstrate that the proposed transform vector quantization technique, as a
coding technique, outperforms transform codiﬁg using scalar quantization and various .
forms of vector quantization. The scheme can be used for progressive transmission

and is seen to outperform other progressive transmission techniques [12,13,18,21].
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Fig. 6.1. Multistage vector quantization with optimum bit allocation plances. The
input image first undergoes an orthogonal transform. An optimmal bit allucation map is
then found based upon the variances of the coefficients. A sct of bit allocation planes
are then obtained by applying a set of thresholds to the optimal bit allocation map.
With the set of bit allocation planes, the coeflicients are vector quantized on a stage-
by-stage basis. In other words, the coefficients are first quantized with bit allocation
" plane 0; the residual error coefficients are then requantized with bit allocation plane
1. The same procedure is repeated until the last bit allocatioggplane is used,

/

—_a

- 139 - i



30 -
S
N N
f '77}”51/?//1
sl 1708
- I 7 777
KL LT T T 77
7 7 Z 77

yavi4
L L L L T 7T

Fig. 6.2. An example of an optimal bit allocation map. Note that the number of bits
assigned to the coefficients vary significantly.

By
To=25
T1=132%
T:=0.75T_m
— —  n=w
Ay A a4

4 /
i L L L 7 77 7 7

Fig. 6.3. The optimal bit allocation map 13 sliced by applying a set of thresholds
(2.5, 1.25, 0.75, 0.375, 0.0) to yield a set of eptimal bit allocation planes.
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Fig. 6.4. The set of optimal bit allocation planes.
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Fig. 6.5. The face image of 256 x 256 pixel with 8 bits/pixel.
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-Fig. 6.6. The trah;form coefficient variances for a block size of 4 x 4.
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Fig. 6.7. The transform coefficient variances for a block size of 8 x 8.
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6223321.991.20
273 1.580.910.75
1.040.390.11 0.22
0.00 0.00 0.00 0.00

Fig. 6.8. An optimal bit allocation map for a block size of 4 x 4.

'6.584.133.11250 1.64 1.13 0.69 0.52
3.71 2.48 1.93 1.30 0.93 0.78 0.42 022
2.36 1.63 1.30 0.80 0.53 0.36 0.23 0.25
1.47 0.97 0.490.16 0.00 0.00 0.00 0.00
0.38 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00 0.00 0.00.0.00
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00-
0.00 0.00 0.09 0.00 0.00 0.00 0.00 0.00

Fig. 6.9/ An optimal bit allocation map for a block size of § 8.
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Fig. 6.10. A set of optimal bit allocation planes for a block size of 4 x 4 obtained by
applying a set of thresholds (3.32, 1.99, 1.20, 0.39, 0.00) to the optimal bit allocation

map in Fig. 6.8.
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0.00 0.00 0.00 0.00 -
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0.000.00 0.00 0.00
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Fig. 6.11. A set of optimal bit allocation planes for a block size of 8 x 8 obtained by
applying a set of t olds (4.13, 2.50, 1.93, 1.47, 0.97, 0.69, 0.42, 0.23, 0.00) to the
optimal bit a.lloca.t n map in Fig. 6.9.
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- Fig. 6.12. The quantization error variances of the coefficents (or residual error
coefficients) for a block size equal to 4 x 4 using the set of optimal bit allocation
planes of Fig. 6.10.
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Fig. 6.13.] The quantization error variances of the coefficients (ot residual error
coefficients) for a block size equal to 8 x 8 using the set of optimal bit allocation
planes of Fig. 6.11. 248 \
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Fig. 6.13. The quantization error variances of the coefficients (or residual error

coefficients) for a block size equal to 8 x 8 using the set of optimal bit allocation
planes of Fig. 6.11.
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@ MVQ-OBA (8°8) (TABLE 6.1)
s ® MVQ-OBA (4*4) (TABLE 62)

DISTORTION NMSE (X)

\

0.00  0.24  0-48  0.72 0-96  1.20
TOTAL PROGRESSIVE BIT RATE (BITS/PIXEL)

Fig. 6.14. The rate distortion curves using the multistage vector quantization with
optimal bit allocation planes (MVQ-OBA). Note that the larger block size (8 x 8)
achieves better performance than the smaller block size (4 x 4).
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Fig. 6.15. The images reconstructed after stage zero, one, three, five, seven and cight
by using MVQ-OBA with 2 block size of 8 x 8.
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O MVQ-OBA (8*8) (TABLE 6.1)
r : 4 ATC (8*8) (TABLE 6.4)
o~ . & TL(B*8) (TABLE 6.3)
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Fig. 6.16. The rate distortion curves for both non-adaptive {TC) and adaptive (ATC)
transform coding and MVQ-OBA.



" O MVQ-OBA (8*8) (TABLE 6.1)
X CVQ (3°8) (TABLE 6.6)
X SVQ(8°*8) (TABLE 4.5)
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e}anfd'
1 L1

3

0.00 0.24 0.48  0.72  0.96 1.20
TOTAL PROGRESSIVE BIT RAToE (BITS/PIXEL)

Fig. 6.17. The rate distortion curves for direct vector quantization in the transform
domain and MVQ-OBA.
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Fig. 6.18. The quantization error variances of the coefficient using SVQ with the
number of codewords equal to 64.
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Fig. 6.19. The quantization error variances of the coeffident using CVQ with the
number of codewords equal to 128.
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Fig. 6.20. The first order entropies of the transform coefficients for a block size of
8 x 8. : '
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0 MVQ-OBA (8°*8) {TABLE &1)
® RVQ-TRA (8°8) (TABLE $.1d)
o= X PCT (@3*®)

DISTORTION NMSE (%)

0.00 0.24  0.48  0.72 _ o.98 1.20
TOTAL PROGRESSIVE BIT RATE (BITS/PIXEL)

Fig. 6.21. The rate distortion curves for three different progressive image transmission
techniques.
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Fig. 6.22. The images reconstructed by using ATC with a block size of § x § at bit
rates of 0.5006 bits/pixel (top) and 1.0075 bits/pixel (bottom)
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Fig. 6.23. The grror images by using MVQ-OBA and ATC with a block size of S x 8,
where the left-€olumn images are obtained by using MVQ-OBA 2nd the right column
- by ATC, and the images at the top are coded at a bit rate of about 0.5 bits/pixel
and at the bottom at about 1.0913 bits/pixel.
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\ Fig. 6.24. The raf¥distortion curves for MVQ-OBA aad RVQ-SAP with a block size

of 4 x 4 (from Tables 6.2 and 4.1b). e
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Table 6.1 Computer simulation results for the face image .
by using MVQ-OBA with 2 block size of §*8
N

| Dv0) | N | gt | oitoinen | it | ooy i | G '“ZSE‘“’
0 1 4 | 0.030416 | 0.000122 | 0.000000 | 0.0305 6.3037 6.3342 2.2391
1 4 32 | 0.068415 [ 0.012321 | 0.000275 [ o0.1115 5.1908' | 5.3024 0.5847
2 7 16 | 0.050754 | 0.009306 | 0.000275 | 0.1719 | 4.9039 5.0758 0.3844
3 4 10| 16 | 0050217 | 0.013235 | 0.000275] 0.23%6 | 43170 | 4.9535 0.2846
4 4.1 64 | 0.078436 | 0.080900 | 0.000366 | 0.3954 4.4368 4.8321 0.1755
5 |-t | 32 | 0063979 ] 0.043783 | 0.000366 | 0.5034 42816 | 4.7851 0.1359
6 22 32 | 0.069076-f 0.047497 | 0.000366 | 0.6204 4.1480 4.7634 0.1098
7 26 32 | 0.072027 | 0.050298 | 0.000366 | 0.7431 | 4.0244 4.7675 0.0910
& 29 | 128 | 0.101961 | 0.245951 | 0.000275 | 1.0913 3.7761 f  4.8674 G.0615
R4 . \}.ﬂl\ .
Table 6.2 Computer simulation results for the face image
~ by using MVQ-OBA with.a block size of 4%4
k| D) | Ne) cbit?;ki:)ml) @i&‘ﬁ:n (bimll) (bitffr;:(ikx)cl) (bml) (bitl:lrgl:l) NMSE(%)
0 1 8 1§ 0.183262 | 0.000366 | 0.000000 | 0.1836 5.4689 5.6525 | 0.7839
= 1 3 8~ | 0.144046 | 0.001441 | 0.000122 | 03292 | 48512 5.1805 0.3322
2 5 16 | 0212209 | 0.005771 | 0.000122 | 0.5473 -| 43962 | 4.9435 | 0.1793
3 9 64 | 0.329368 | 0.044767 | 0.000244 | 0.9217 3.9469 4.8686 0.0867
4 12 16 | 0.232850 | 0.010063 | 0.000183 | 1.1648 3.7470 | 4.9118 0.0651
\
- .
. .
;
- : A\
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Table 6.3 Computer simulation results for the face image
by using transfarm coding (TC) with a block size of §%8

Rt

(bi::?iiel) (bi:f:;ixen (bits/pixel) NMSE(%)
. 0.140625- 0.000421 . | . 0.1410 0.8855
0.250000 0.000683 | "0.2507 - 0.4732
0.375000 0.000947 0.3759 0.3853
0.500000 0.001192 0.5012 0.2897
0.625000 0.001386 0.6264 0.2577
1.000000 0.001888 1.0015 - 0.1752

Table 6.4 Computer simulation results for the face image
by using adaptive transform coding (ATC) with a block size of 8*8

N

Rco

Ro

Rt

(bitw/pixel) (bitwpixel) (bits/pixel) NMSE(%)
0.093750 0.032255 0.1260 1.0237
0.218750 | , 0.033699 0.2544 0.3391
0339844 |/ 0.034706 ° 0.3746 0.2222
0.464844 0.035754 0.5006 0.177%
0.585938 0.036559 0.6225 0.1424
0.968750 0.038699 1.0075 0.0932
4
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Table 6.5 Compum\.ﬁniulaﬁm results for the face image

by using simple vector quantization (SVQ) in the transform domain
with| a block size of 8*8
RI Re Rt
e | oiapinen | coirpieen | oiapixey | NOSECR)
32 0.071024 | 0.103060 | 0.1741 0.7204
64 0.084240 | 0.240028°| 0.3242. 0.4999
128~ | 0.097987 | 0.528528 | 0.6265 0.3497
256 0.111631 | 1.071370 | 1.1830 0.2165
w

Table 6.6 Com

puicr simulation results for the face image

by using vector quantization with coefficient selection (CV Q) in the transform domain

with 2 block size of 8*8
Rl 5 Rc . Rm Rt
- Dv Ne (bitwpixel) | (bits/pixel) | (bits/pixel) | (ditwpixer) | PNMSE(E)
7 64 0.084265 | 0.046526 | 0.000641 | 0.1314 0.5447
10 128 . | 0.096756 | 0.134502 | 0.000916 | 0.2322 0.3780 .
- 14 256 0.112046 | 0.328468 | 0.001282 | 0.4418 0.2480
18 512 0.124768 | 0.696344 | 0.001648 | 0.3233 0.1425
Table 6.7 Computer simulation results for the face image
by transmitting the coefficients from the low to high order
- with a block size of §*8
Neo R NMSE(%) ~
. (bita/pixel) :
1 0.1447 1.2314
3 .| 03669 | 0.4440
6 0.6423 0.2274 .\\
i 10 ~09713 | o.1225
§
LY
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7. VECTOR QUANTIZATION ON IMAGES IN QUADTREE FORM

In this chapter, we present a progressive image ti'a.nsmissidﬁ scheme in which
vector quantization is applied to images represented by quadtrees (VQ-QT). For a
given image, a mean quadtree is first formed by successively averaging over 2 x 2
neighbouring pixels. The levels of the mean quadtree correspond to a sequence of
reduced-size approximations of the original image. A difference quadtree is then .
formed by taking the differences between successive levels in the .mean quadtree,
i.e. between the parents and their siblings. The difference quadtree contains all
the necessary information to reproduce successive reduced-size approximations of the
image. | |

As shown below, there are two important features of the quadtree representation.
First, as the diﬁ'er::nce quadtree is composed of a set of differences, the con&spond—
ing first order entropy is likely to be much less than the first order entropy of the
original image. Secondly, if errors introduced at higher levels are properly delivered
to thedevels below, the original image can still be reconstructed. To achieve lossless
prdgréssive transmission of the original image, the difference quadtree is transmitted
starting from the top level. The‘ kth appro:dﬁ:a.ticl)n image can formed by adding the
information of the kth level to the previously reproduced (k — 1)th approximation..
Note that since the first order entropy of the difi'exience quadtree is much less than
that of the mean quadtree, a significant amount of savings can be expected by trans-
mitting the differences, instead I-;f the means (2], on/a node-by-node basis. To gain
efficiency, vector quantization is applied to the diffefence quadtree of the image on a
level-by-level basis, where vectors are formed by pa.rtitioning tRe levels into spatially
contiguous, nonoverlapping, blocks of m x m nodes. The errors due to quantization
at level k are delivered to the next level, & + 1; in other words, the informa.tipn to
be transmitted at level k + 1 includes all the residual error components. It sm\d'Ee

emphasized that the error delivery procedure is the key for lossless reproduction of
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the original image. This makes it possible to reprocess, at lower levels, the informa-
tion lost at higher levels. Finally, an entropy coder is used to losslessly encode the
final residual error image, thus ensuring perfect reproduction of the original image.
The experiments demonstrate that it is possible to achieve logslw:; progressive trans-

mission with compression. Furthermore, at the intermediate levels, it-is shown that

use of vector quantization results in a codim using only a Huffman coder
(30-32].

The rest of this chapter is organized as follows. In section 2, an algorithm which
reorganizes the image data into a quadtree form suitable fo:: progressive image trans-
mission 1s presented. Thi;‘s follows with the description of the progressive image cod-
ing technique, in particular, the application of vector quantization and the method
of reprocessing the residual errors due to quantization in section 3. Finally, sd’ff\ie
simulation results on two test images are reported in terms of rate distortion curves

and in pictorial form. ~

7.1 QUADTREE DECOMPOSITION OF IMAGES

A quadtree data structure (Fig. 'T.i), which is suited-for progressive image trans-
mussion by vector quantization, is now presented. An image of size 2" x 2" is assumed
and quadtree representation is built up as follows. The original image i1s decomposed
into spatially contiguous, nonoverlapping, blocks of 2 x 2 pixels. Next, a new image
at a reduced-resolution (1/2) is*formed by finding the mean for each block of 2 x 2
pixels, and truncating the mean to a fixed numl:}er of bits. The same process is now
repeated on the reduced-resolution image to yield a new image of (1/ 4)\the resolution;
If this process is repeated n times, an u:na.ge of size 1 x1 is produced. Thse sequence of
reduced-resolution images is referred to as the mean quadtree of the image. Note that
the top level of size 1 x 1 is in fact the mean of the ongmal image. The correspond-
ing difference quadtree is then formed by taking the differences between successive

levels, i.e. between the parents and their siblings. In algorithmic form, the quadtree
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representations of an image are formed as follows:

Formation of Mean Quadtree: A
0) Initialization: Let k = rf and let level k of the mean quadtree be the

original image;

4
1) Level k — 1 Formation: For each spatially contiguous, nonoverlapping,

~ block of 2 x 2 pixels (nodes) at level k, calculate the truncated mean (Fig.

7.2) using,

Xeig + Xeiser + Xeivr + Xeiv1ih ) f7=1,3,.28—1
4 3 - 1 3 o

(7.1.1)

Xk-x.['-g—‘l,[:-;-*] = ((

where [a] means truncation of (a + 0.5);

2) Termination: Let k= k — 1 and if k # 0, return to step 1; otherwise,
stop.

Formation of Difference Quadtree:

The kth level of the difference quadtree is formed by taking the difference between
the (k — 1)th level and the kth level of the mean quadtree (Fig. 7.3),

[ Deis =Xy — Xes
Diije1= Xk_l’[%l]'[z_gi] — Xkig+1 k=nn-1,.1
] Dyivy ;= -1 T KXk is1,5 4,7 =1,3,..25 -1 (7.1.2)
Dijigrj41 = Xl:—l.['—g—’],[l-*._,—‘] — Xbit14+1-

\ .

A detailed example of both the mean quadtree and difference quadtree formations for

the case n = 2 is shown in Fig. 7.4.

Transmission and Reconstruction: o
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To achieve lossless progressive image transmission, the difference quadtree s
transmitted starting {rom the top level. In other words, all that need be trans-
mitted are the top most value of the difference quadtreex Ny 1, and the dillerence
sets {Dy,ij}. At the receiving end, the kth reduced-size approximation of theorizi-
nal image, corresponding to the kth level of the mean quadiree, is reconstructed by
adding the kth level of the difference quadtree to the previous approximation of lovel
(k - 1)3 - | | . . &

[ ki =Xy sy ~ Dy

-’tk,i_.j-i-l = Ak_l,[:-;_‘],[:.;i] - Dk.i.j+1

Xk,:’+1.j-i-1 = Xk—l,{%‘-],[-'—:—;} - Dk.:’+l.j+1

\

Remarks:

We now highlight a few properties of the difference quadtree formed. First of all,
as the reighboring pixels in most natural images tend to be highly correlated, the
values of the differences {Dy,i;} will tend to concentrate around zero. Therefore, the
first order entropy of the difference quadtree, HJ. is likely to be much less than the

first order entropy of the original.image, I}, i.c.
Hy < H,. (7.1.4)
Here, qu and I} are defined, respectively, as follows,

Hy==3 Pi)log, P(i), Wits/node) £7.1.5)

Hy =~ Pyli)logy Po(i).  (hits/pizel) (7.1.6)
i i
where Fy(i) and P,(i) are. respectively, the frequency of ocenrrence of value i
the difference quadiree and in the original image. Note that the first opder entropy
defined above is measured on a node-by-node or a pixel-by-pixel bisis.
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A second observation regards the number of nodes in the difference quadtree.

Since the number of nodes at level & is

2" x 2P

2n—k x 9n—k = 2E X 2k’ k= 0$ 11 pey 2 ‘ (7.1.7)

the total number of nodes on the quadtree data structure is equal to

—~ 2 x2n
kz on—k z on—k z2k X 2}:

1 —‘-.2“+1 2r+

1-2%x2

(@ =2 -3

Q

wl»&ml»&

(2" x 2°). ’ (7.1.8)°

This implies that the number of nodes on the quadtree is about one third more than
the number of pixels on the original image. For comparative purposes, we’therefore

deﬁne an equivalent entropy, H cq, measured on a pixelm\}s,

1
LH! ~ %H;. (bits/pizel). (7.1.9)

;. The entropies defined above are measured from two test images, a face image (Fig.

7.10) and a boat image (Fig. 7.11). The histograms of the face and boat images shown
in, rwpectivély, Fig. ;1'.5 and Fig. 7.6, are seen to be more uniformly distributed;
whereas the histograms of the c;,orrmi)onding difference quadtrees tend to lie around
zero. The'entropies estimated from the histograms are as follows: H! = 7.5178
bits/pixel, H] = 4.3861 bits/node and H., = 5.8481 bits/pixel for the face image,
and H} = 7.5395 bits/pixel, Hj = 5.1582 bits/node and Hclq = 6.8775 bits/pixel for

the boat image, respectively. Note that, for both two images,

H < H.. (7.1.10)

Consequently, it should be possible to save a certain amount of bits by encoding the

images in quadtree form, rather than the orginal image directly.



“ A third property of the particular quadtree representation chosen is that of error-
recovery. In other words, if the errors introduced at higher levels are properly delivered
to the lower levels, the original image can still be reproduced. The principle of
error recovery is illustrated in Fig. 7.7, where an error A is introduced at node
(k- 1,[52], [-’——]) The error A is delivered to the next level, k, and added to the
four siblings {Lg itiijeis #,757 = 0,1} to yield {D’k,£+-‘ig'+jj’ 1,77 = 0,1} (Fig.
7.7). The corresponding pixel values {Xi.,-_*_,-,-‘ﬁjj, 11,77 = 0,1} on the kth level of

the mean quadtree are then evaluated from equation {(7.1.3),

' — N —— ’ i3 e om -
X ipiigrss =Ko (252) = Do

Xk_z,[_z_fi’;l+1].[ti*;1+:] - DL_1.[=§A].[¢-§—‘1 - Di,.‘+;.‘.j+j:‘
o TRty gt~ Dioypypae A = Dinige; - A

- Xk-z,[&?iﬂ],[@] - Dk—i-[z‘;'l]:["?] — Dritiijis
= Xkitii by 1,77 =0, L. | (7.1.11)

In other words, the error recovery property ensures that the correct original mean
quadtree values are reconstructed. The error-recovery technique, in particular, pro-
vides the_possibility of lossless encoding of the image, when coding of the difference

quadtree introduces quantization errurs.

Fig. 7.8 shows an example of error recovery effect. An error "e” is introduced
at node (1,1,1) of the difference quadtree of Fig. 7.4. The error e” is delivered to
the pext level, 2, and added to the four siblings (Fig. 7. 8a). The lst reduced-size

approxxma.txon correspondmg to-level 1 of the mean quadtree is formed from level

0 and level 1 of the difference qua.dtree usmg equation (7.1.3). Note the presence’

of an error . "e” in (1,1,1) of the mean quadtree (Fig. 7.8b). The 2nd reduced-size
approximation corresponding to level 2 of the mean quadtree is formed from the
previous approximation and level 2 of the difference quadtree with a modified top left

quadrant (Fig. 7.8¢c). Note that the original image is correctly recovered.
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7.2 VECTOR QUANTIZATION

To efficiently transmit the image in quadtree form, vector quantization can be
applied to the &ﬁ'crence quadtree on a level-by-level basis as follows. Level X of the
difference quadtree is first vector quantized, where 0 < K < n. Then, the errors due
to quantization at level K are delivered to the next level K+1 and added to respective
sibling node values in order to permit error-recovery. The process is repeated from
higher levels to lowg.leve.ls. Finally, an entropy coder is used to Iosslessly; encode the
final residual error image at the bottom most level, thus ensuring perfect reproduction

of the original image.

The hesic steps involved in applying vector quantization to the quadtree data
structure of images and reprocessing the residual errors due to quantization are as

follows (Fig. 7.9):

£

0) Let k = K, wher

1) Vector Formation: Level % of the difference quadtree is decomposed
into a set of vectors corresponding to spatially contiguous, nonoverlapping,
square blocks of m X m nodes, {Driviijaisr 1,77 = 0,1,..m — 1 } where

Li=1lm,. . 25—m4 1;

P ,
2) Training Sequence Selection: All the vector formed in step 1 are

chosen as the training sequence;

3) Codebook Generation: The codebook is generated by applying the
generalized Lloyd clustering algorithm [65], where the normalized mean square
error (NMSE} is used as the criterion for distortion;

4) Codebook Encoding: ‘E‘he codebook obtained is quantized to the
same resolution as the difference quadiree and then encoded by a variable
length coder based on the frequencies of occurrence of the values in the code-
books o '

. T
' - 168 -



obtained by using the error-recovery technique and equa.tion (7.1.

»

5) Vector Quantization: For each vector at level k, the closest codeword |

in the codebook is determined and the corresponding label of this codeword

transmitted;
6) If k =n, go to step 9 a.nd otherwise, continue;

7) Quantxzatlon Error Delivery: In order to losslessly recover the
original image, the residual errors {es 1321, [&]}J due to quantization at level
k are delivered to the next level £ + 1 and added to the respective sibling
nodes (Fig. 7.7) as follows,

( Disrij = ey (][22 + Dry145

!
Dinrige = Sk [ixd) ety F Diyiige

) , 1,7 =1,3,..281
E+Litly = Cp oy pat) + Degrigyj

E+LiL 41 = e jia) gty + Digrivg g1
' (7.2.1)
In other words, the information to be transmitted at level k + 1 is modified

by the residual error {Ck'[-_-gl]'[;%x_]} at level k;

8) Set k =k + 1 and return to step 1; p

’

9) Entropy Coding: Finally, an entropy coder, such as a Huffman coder
operating on a pixel-by-pixel basis, is used to losslessly encode the residual
error image at level k = n, thus ensuriné perfect reproduction of the original

“image.

-

At the receiver, a sequence of reduced-size approximations to th original image can be

) on the quzsfized

difference values of equation (7.2. 1) ‘Note that error delWery In step T is the kcy
to achzemng lossless reproduction of the original image. This makes it possible to

reprocess, at lower levels, the residual errors due to quantization at higher levels. In .

this way, all the residual errors due to quantization are passed dewn, from higher
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levels to lower levels, so that the information to be transmitted at level ¥+ 1 actually

contains all the residual error components.

7.3 SIMULATIONS

Computer-simulations using the proposed pi‘ogrmsive image transmission scheme
(VQTET) on two test images are presented. Both test images are of size 256 x 256 and
quantized to 256 levels. The first, shown in F.ig. 7.10, is the face image. The second,
shown in Fig. 7.11 i3 the boat image. The histograms of both the original images
and the corresponding difference quadtree representations are illustrated in Fig. 7.5
and 6, ?&pectwely. The entropies estimated from the histograms are as follows:
H! = £5178 bits/pixel, H] = 4.3861 bits/node, and H] =58481 Bits/pixel for the
face image; and H} = 7.5395 bits/pixel, H} = 5.1582 bits/node, and H1, = 6.8775

bits/pixel for the boat image, respectively.

The mean quadtree is first formed using (7.1.1} from the original images foHo‘@\\

by difference quadtree formation (7.1.2). The quadtree representation contains nine
levels; the number of nodeggon each level is equal to 2% x 2%, k =0,1,...8. The node
‘v;aiuts are represented only by integers due to truncation (7.1.1). For comparative
purposes, .a. Huffman coder is used to code the images represented by the<difference
Juadtrees and the results are reported in Tables 7.1a and 7.2a. The results on using
vector quantization are tabulated in Tables 7.1b and 7.2b, and Tables 7.1c and 7.2¢.
In the ixpnplementa.tion, it was found more efficient to code the first three levels of the

difference quadtree with 2 Huffman coder. Vector quantization is applied only to levels

3 to 8 and the vectors are formed by partitioning the levels into spatially contiguous,

nonoverlapping, blocks of 2 x 2 or 4 x 4 nodes. At each level (> 3), the codebook is
first generated by the generalized Lloyd algorithm [65] and then quantized to the same
resolutlon as the difference quadtree. The errors due to. qua‘ntlzatmn are delivered
©d a.dded to the next level (7.2.1). A set of reduced-size a.pproxlmatlons is formed
from the quantized-modified i:hﬁ'erence quadtree (7.1.3). The corresponding successive
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approximations ar obtained from the reduced-size approximations as follows
r »

L Xiegigan-r(io1) jiponms(iu1) = Xk . (73.1)
where 7,7 = 1,2,...2F and 4,77 = 1,2,..2°7% in other words, the pixels-are just
I '
repeated.
.ﬂ"

The results of the computer simulations are hbtcd in Tmbh. 7.1 and 7 7.2, w \C:c the

components shown are defined as follows, -
r s

N
R (%) - the bit rate required for Huffman codmg of the dxﬂ'ercncc quadtrw

at lcvcl ks ' - . _ | \
'«(k) = the number of codewords in codebook at Tovel k;

(k) - the bit rate for transmitting the labels at level k, where a \nrmbIc

»

length coder is used, dcpcndcnt upon the frcqucncx of occurrence of labels;

R.(k) - the bit rate for transmitting the codcbook at lcu_I k, where a

va.r:a.ble length coder i is also used;

R,(k) = Zm=0(Rh (m) + Ri(m) + Rc(m)) - the total progressive bit rate
up to level £.

In the evaluation of system performance, the normalized mean square crror (NMSE)

between the original image X and the kth approximation Xy is used,

255 )L ; . :
NMSE = Ziyml =t ) k=0,1,..8, (7.32) N
Z;‘j:ﬂ-\.}' '

- &
where Vy; and Xy ;; represent the (7, j)th element of the original¥mage and its kth

approximetion, respectively.

Fig. 7.12 and 7.13 show the rate distortion curves based on Table Tland 7.2 It

is clear that, for both test images, the performance by using vr:c{c;r—qua.m.iz;:tirm B

much better than that by simply using an entropy coder, :suck{ as Hullman coder, on
» . -

the diffcrcn_cs quadtree. At NMSE = Q.17 %, thiere is a bit rate saving of abour 0.832

R : ~ 171 ~ : N ' )
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bits/pixel, or a relative bit rate saving of about 60.0% (1462=0:3%0 » 100%) for the
face image. At NMSE = 0.727 %, the corresponding savings are, respectively, 1.118
bits/pixel and 65% (liLI%T:%_f.SQ.l x 100%) for the boat image. Moreover, it is noted that-
the better performance is achieved with the larger vector dirx;ension, as shown in Fig.
7.14 and 7.1:5. Finally, the original face image can be recovered at a bit rate of about
4.9680 bits/pixel and the original boat at a bit rate of about 5.8622 bits/pixel. This
implies that, as a lossless coder, the proposed scheme is superior to the entropy coder
operating on a pixel-by-pixel basis, by about 2.5498 (7.5178-4.9680) bits/pixel for the

face image and 1.6773 (7.5395-5.8622) bits/pixel for the boat irnage, respectively.

Fig. 7.14 and 7.15 show two sets of successive approximations to the face and the

_ boat images, by t_he VQ-QI‘ scheme with the vector dimension of 4 X 4, in seque\nce.

\ The sequences of successive approximations rapidly converge to a good quality bath

- subjectively and objectively. Note that excellent quality reprod:ction is obtained by
* the 8th level at a bit ra-.te of only about 0.6 bits/pixel.

Finally, we compare all the four presented techniques in terms of rate distortion
curve. Fig. 7.16 shows the rate distortion curves obtained by using RVQ-SPA, RVQ-
TRA, MVQ-OBA and VQ-QT with a block size of 4 x 4 (from Tables 4.1b, 5.1b, 6.2

N o
. and 7.1¢). From Fi}r-&lﬁ, it is noted that VQ-QT achieves the best performance at
/—-_‘—-\\_./, . '
low bit fates (< 0.3 bits/pixel) whereas MVQ-OBA is best at a higher bit rate (>
0.3 bits/pixel).

7.4 CONCLUSIONS

In this chapter, a progressive image transmission scheme (VQ-QT) which utilizes .
the features of quadtree data structure of images and vector quantization has been
ﬁmented. The ef}grimental results demonstrate that the VQ-QT scheme achieves
lossless progressive transmission with compression. The quadtree data structure pro-
posed makes it possible to transmit the mag;rs progressively. Compression is obtained

by using vector quantization on each level. Lossless reproduction is guaranteed by

{
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delivering the residual errois due to quantization from higher levels to lower levels
and using an entropy coder on the final residual error image. Among all the four
presented te&ﬂqum, VQ-QT is seen to achieve the best performance at a low bit

rate.

-
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Fig. 7.2. Formation of mean quadtree. The pixel values at level k

quadtree are obtained by calculating the mean for spatial contiguous, nonoverlapping,

- block of size 2 x 2 at level k and then truncating the mean to a fixed number of bits.

-

T vty

— 1 of the mean -

L &% bi; /' /) Dusn

Xni+ri+1

Duivis /. /S Drirism

Fig. 7.3. Formation of difference quadtree. The node values at level k of the differ-

ence quadiree are formed by taking differences between successive levels in the mean
quadtree, i.e. between the parents and their siblings.
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_Fig. 74. An eca.mple of a mean quadtree followed by the oorrespondmg d.lﬁerence
quadtree for an image of size 4 x 4.
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- HISTOGRAM OF THE DIFFERENMCE QUADTREE
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175.00

Fig. 7.5. Histograms for the original face image and the corresponding difference
quadtree representation. The former is more uniformly distributed and the latter
tends to Lie around zero. The entropies estimated from the histograms are, respec-
tively, as follows, H! = 7.5178 bits/pixel: H] = 4.3861 bits/node and H} =5.8481
bits/pixel ‘ -
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€ HISTOGRAM OF THE ORIQINAL BOAT IMAGE
- HISTOGRAM OF THE DIFFERENCE QUADTREE
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Fig. 7.6. Histograms for the original boat image and the corresponding difference
quadtree representation. The former is more uniformly distributed and the latter
tends to Lie around zero. The entropies estimated from the histograms are, respec-
tively, as follows, H) = 7.5395 bits/pixel; H. ; = 5.1582 bits/node and Hclq = 6.8775
bits/pixel.
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Fig. 7.7. Error delivery: An error A occurring at node (k -1, [—'ﬂ] [m'—-]) is delivered
to the next level k and added to the four siblings. In other words, the siblings are
modified by the error introduced at their parent value.
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Fig. 7.8a. Given the difference qua.dtree from Fig. 4. An error "e” introduced at .
node (1, 1 ,1) is delivered to the next level, 2, and added to the four sxblmgs

N v 4

Leved 1 / 2 / 2 /
L3/ S/ 7_
Fig. 7.8b. The 1st reduced-size approximation is formed from level 0 and level 1

-of the difference quadtree. Note the presence of an error "e” in (1,1,1) of the mean
quadtree. ‘

The 13t zpproximation /7'”/7/
L3/ )/

1{/3//1 YAV ot et
Fig. 7.8c. The 2nd reduced-size approximation corresponding to level 2 of the mean
quadtree {the original image) is now formed from the 1th reduce-size approximation
(1,1) and level 2 of the difference quadiree with a modified top left quadrant. Note

, that even though an error "e” is introduced at level 1%f the 1st reduced-size ap-
proximation, the 2nd approximation (the ongmal image)-is exactly recovered (Fig.
7.4).

-

Fig. 7.8. An example of error recovery effect.
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. ) ' QL: The residual errors from level k-1
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Codebook Encoding p—p-
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-®»1 Vector Quantization p————>p !
The residual emrors at level k
‘ The exrors at the final level ™
Entropy Ceding e

b
Y

Fig. 7.9. The steps involved in applying vector quantization to the difference quadtree.
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Fig. 7.12. The rate distortion curves for the face image in quadtree form using a
Huffman coder and VQ-QT with the vector dimension 2 x 2 and 4 x 4 (Table 7.1).

It is demonstrated that the use of vector quantization results in a.coding gain over a
Huffman coder. - .
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m HUFFMAN-QT (TABLE 7.23)
© VQ-QT (2*2) (TABLE 7.25)
© VQQT (4°4) (TABLE 1)

DISTORTION NMSE (%)
0

.00 0.25 0.50 0-75  1.00 1.25 1.50
TOTAL PROGRESSIVE BIT RATE (BITS/PIXEL)

-

Fig. 7.13. The rate distortion curves for the boat image in quadtree form using a
Huffman coder and VQ-QT with the vector dimension 2 x 2 and 4 x 4 (Table 7.2).
It is demonstrated that the use of vector quantization results in a coding gain over a
Huffman coder.
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Fig. 7.14. The sequence of successive approximations (levels 4 through 9 of Table 1c)

to the original face image (Fig. 7.11) with a vector dimension of 4 x 4. The original
.image has been reproduced as the last one in the sequence,
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Fig. 7.15. The sequence of successive approximations (levels 4 through 9 of Table 2c)
to the original boat image (Fig. 7.12) with a vector dimension of 4 x 4. The original
image has been reproduced as the last one in the sequence.
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- Fig. 7.16. The rate distortion curves obtained by using RV Q-SPA, RVQ-TRA, I\;IVQ-
OBA and VQ-QT with a block size of 4 X 4 (from Tables 4.1b, 5.1b, 6.2 and 7.1c).
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\Iablc 7.1a Computer simulation fesults for the face image
by using Huffman coder on the difference quadtree

*

Levelk ° (bim%:gzl) (bingggl) NMSE(%)
0 0.0000669 { 0.0000665 | 162379
1 0.0002677 | 0.0003346 | 11.8840
2 0.0010708 | 0.0014054 | 8.7855
3 0.0042833 | 0.0056888 | 4.4424
4 00171334 | 00228223 | 25504
5 0.0685338 | 0.0913561 12322
6 02741353 | 03654915 | 05334
7 1.0965415 | 1.4620330 0.1706
8 43861660 | 58481990 | 0.0000

Table 7.2a Computer simulation results for the boat image
by using Huffman coder on the difference quadtree

Levlk (biL;R!gi(:r):l) (biﬁﬁfﬁn NMSE(%)
0 0.0000787 | 0.0000787 | 27.8332
. 1 00003148 | 0.0003935 | 19.5735
2 0.0012593 | 0.0016528 | 13.8307
3 0.0050373 | 0.0066901 | 10.0295
4 0.0201492 | 00268393 | 73884
5 0.0805968 | 0.1074362 | 4.3708
6 03223875 | 04298238 | 22436
7 12895503 | 17195742 | 0.7282
8 51582012 | 68775754 |  0.0000
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Table 7.1b Computer simulation results for the face image
by using vector (2*2) quantization on the difference quadtree

Bit Rase Distribution st Level k

Level k . Vector Quantization 2*2) Re® | yoviserm)

e R R -
0 0.0000569 0000068 | 162379
1 0.0002677 00003345 | 11840
2 0.0010708 0.001405¢ | 87858
3 2 00002330 | 00003356 | 0.0019741 | 6.0095
4 4 00018607 | 0.0008544 | 0.0046894 | 4.0289
s 4 0.0074427 | 0.0009460 | 00130781 | 26183
3 8 00372137 | 00022583 |o0o0s2sso2 | 11339
7 8 01408433 | 00021247 | 01955183 | 04913
8 3 05875044 | 0.0020751 | d7es0e%0 | 01763
9 43036748 50937728 | 0.0000

Table 7.1c Computer simulation results for the face image
by using vector (4*4) quantization on the difference quadtree
Bit Rate Distribution at Level k
Level Roct Vector Quantization (4°4) m NMSE®)
Giapied | gy | R Re(k)

0 0.0000669 00000683 | 1623m
1 0.0002677 0.0003346 | 113840
2 0.0010708 0.0014054 | B8.7855
3 2 0.0000610 '} 00023498 | 0.0038163 | 61119
4 ] -0.0004827 | 00052565 | 0.0095555 | 39734
5 8 00027452 | 00110206 § 00233215 | 26082
6 16 00136678 | 00240743 | 0.0610637 | 13580
7 2 00645644 | 00502336 | o17sss1s | o.5424
8 64 03180145 | 0.0931685 | 05870449 | 01671
9 43810010 . 45680459 0.0000
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Table 7.2b simulfition results for the boat image
by using vector (2*2) quantization on the difference quadtree
. 1
Bit Rate Distribetion at Level k
Levd & Rock Vector Quantization (2¢2) Bo® | e
Gipixed [ nenn T S
0 0.0000787 00000787 | 278332
1 0.0003148 00003935 | 19575
2 0.0012593 00016528 | 138307
3 2 00002187 | 0.0003356 | 0.0022073 |- 11.3961
4 - 4 0.0018109 | 0.000%450 | 0.0049643 | 91906
'S - 4 0.0074561 | 00009765 00134070 | 69191
6 8 00405449 | 00021972 | 0.0561492 | 3867
7 8 0.1504987 { 0.0022277 | 02088757 1.9493
8 8 05397188 | 0.0021667 | 08007613 | as7IS
9 5.1581440 59580053 | 0.0000
Table 7.2c Computer simulation resalts for the boat image
by using vector (4*4) quantization on the difference quadtres
Bit Rate Distribution &t Level k
Levelk- g Vector Quantization (4%4) hngnnn NMSE)
Givpie) | x| oR0 [ R
0 0.0000787 00000787 | 273332
1 0.0003148 00003935 | 1957
2 0.0012593 00016528 | 13.5%07
3 00000495 |00023193 | 0.004217 | 118331
4 0.0004347 {0.0052014 | 00096578 { 9.x389
5 00027468 | 00115774 |00m9s2 | 69992
6 16 00143341 | 00243296 | 0.0627060 | 46032
7 32 0.0692045 | 00508756 |02 | 22973
8 64 03161984 | 0130025 |oso19872 | 0720
9 52602963 532240 | 0.0000
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8. SUMMARY, CURRENT AND FUTURE WORK

8.1 SUMMARY

In this thesis, four progressive image transmission techniques: RVQ-SPA, RQ-
TRA, MVQ-OBA and VQ-QT have been presented. All the four techniques‘operate
in 2 multistage fashion, either iﬁ the spatial domain or in the transformn domain.
At each stage, a fraction of the image mformation is tra.nsmit':ted and utilized in
recopstructing successive approximations. Both theoretical analysis and computer
simulation demonstrate that it is possible for all the four techniques to achieve lossless
proéressix'e image transmission with compression. The first approximations provide
the m'la;.‘in structural information of the image at a very low bit rate and successive
approximations convergé to excellent quality, both ob je;ti?;ly and subjectively. The

main points of these four techniques are now summarized.

RVQ-SPA

The residual errors due to quantization is iteratively fedback and (vector) requan-
tized in the spatial domain. To achieve lossless reproduction, an entropy coder is used
to encode the final residual error image. It is shown that the total bit rate for lossless
reproduction of the image with regard to the total progressive bit rate is a concave
curve. This implies that there is a minimum point at which the system should be
switched to the entropy coder in order to achieve the minimum total bit rate for
lossless transmission of the image. Residual vector quantization is shown to be no

worse than a signal-stage vector quantization both theoretically and experimentally.

RQ-TRA

Residual error quantization is extended to the transform domain where the trans-
form coefficients are iteratively requantized, either in a scalar manner (RSQ)orina

vector manner (RVQ), with better performance achieved by vector quantization. It is
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shown that the average reconstruction error variance converges to zero, as the num-
ber of stages approaches infinity. In comparing RVQ-TRA with RVQ-SPA, we found
that no gain is obtained using RVQ-TRA over RVQ-SPA. Note that in RVQ;TR.A,
the transform blocks are simply taken as the vectors and vector quantized, implying

that the nonuniform distribution of coefficient variances is not exploited.

MVQ-OBA

To exploit the nonuniform distribution of the coefficient variances, a multistage
vector quantization is applied to the transform coefficients in such a way that the total
number of bits assigned to each coeficient is proportional to the coefficient variance.
An optimal bit allocation map is first found according to the coefficient variances.
A set of bit | location planes is then obtained by slicing an optimal bit allocation
map. With the set of bit allocation planes; the coefficients are vector quantized in a
multistage manner, which results in progressive image transmission. At each stage,
only.th'e coefficients assigned a non-éer_o)number of bits are combined into a vector
and vector quantized where the number of codewords in the codebook is determined
from the bit allocation plane. Ar important property is that the values on each
bit allocation plane can be almost equal, implying the corresponding coefficients {or
residual error coefficients) have similar variances. The simulation results demonstrate
that vector quantization of such coefficients with similar va.ria.ﬁces results in similar
error variances in coefficient qua.ntizé.tion. As a lossy coding technique, MVQ-OBA
is shown experimentally to outperform both scalar quantization (non-adaptive and
adaptive) and direct vector quantization of the transform coeficients. The superiority

can be traced to combining vector quantization with optimal bit allocation.

vVQ-QT
For a given image, a mean quadtree data structure of image is first built up by

successively averaging over blocks of 2x2 pixels. A difference quadtree is then followed
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by taking the differences between successive levels of the mean quadtree. Progressive

transmission is achieved by sending the difference quadtree starting from the top level.

. Since the first order entropy of the difference quadtree is shown to b® much less than

that of the original image, it is possible to transmit the difference quadtree at a much
lower bit rate than the original image. To improve tl:.he transmission performance,
vector quantization is applied to the difference quadiree on a level-by-level basis.
The residual errors due to quantization at the H@ levels are delivered to the lower
levels by an error deliver algorithm, which makes it possible to rcp.roc_ess at the lower
levels the information lost at the higher levels..l Excellent quality of the approximation
is reported at a bit rate of on-ly 0.6 bits/pixel. The simulation results demonstrate
that, of the four presented techniques with a block size of 4 x 4, VQ-QT achieves the
best performance at very low bittrates (< 0.3 bits/pixel).

. 8.2 CURRENT RESEARCH WORK

Recent investigations shows that the quadtree [91-94] is a very promising tech-
nique for progressive image transmission. We briefly describe some of our current

research. 4

Pyramid Transform Image Coding

Block transform coding is a very efficient coding technique because quantization
operates on the relatively decorrelated transform cocficients. However, although the
cocfficients within blocks can be decorrelated by an appropriate transform procedure,
there stil! exist some correlations between the neighboring blocks. Specifically, the
pixels near the commen boundary between blocks are correlated with one another.
In a recent paper [93], the quadtree decomposition presented in chapter T is used
to remove the correlation between blocks. An image of size 27 x 2" first undergoces
a two-dimensioral discrete block cosine transform of size 2™ x 2™ where n > m.

The transform ceeflicients are then reorganized into 2™ x 2™ transform subimages
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according to téle coefficient order. For each subimage, = mean quadiree is formed
by successively averaging over 2 x 2 neighbouring values. A difference quadtree is
then formed by taking the differences between successive levels in the mean quadtree.
Like levels of the transform subimages can then be combined into a "concatenated”
quadtree. Thus, the top level of the concatenated quadtree contains 2™ x 2™ nodes;
each one equal to the mean of the corresponding transform subimage. Progressive
image transmission can be achieved by sending the concatenated d'ifference quadtree
starting from the top level. Successive approximations can be progressively built up
by adding the information of current level to the previous levels. To gain efficiency,
a multistage vector quantization presented in chapter 6 is applied to the difference
quadtree of the image on a level-by-level basis. The errors due to quantization at
the higher level can be delivered to and included in the lower level, as mentioned in
chapter 7, which makes it possible to reprocess, ‘a.t the lower levels, the information
lost at the higher levels. Finally, an entropy coder is used to losslessly encode the

final residual error image, thus ensuring perfect reproduction of the original image.

Reduced Quadtree

. As mentioned, the number of nodes in the quadtree presented in chapter 7 is
33% more than the number of pixels of the original image. Thus, even though the
transmussion bit rate per node is significantly reduced because of much less entropy in
the difference quadtree (Chap. 7), 33% more nodes values compared to transmission
of the original image have to be sent. A reduced quadtree with the number of nodes
equal to the number of pixels can be\formed which preserve all the information. Given

an image of size 2" x 2", a reduced quadtree is formed as follows:

0} Initialization: Let & = n and let level k be the original image.

1) Level & — 1 formation of quadtree: For each spatially contiguous,
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nonoverlapping, block of 2 x 2 pixels at level &, find the truncated mean

Xeig + Xeiger ¥ Xeierj + Xeit154+1

- .. k
')Lk--l»[%i]-['t;_:] = [ 4 ] 7 =‘1737-"2 -1
and the three differences . -
[ Diigar = Xeij — Xigja \_

Y Pkirrie = Xeijnn = Xeiwrger P=1,3,.9%_1

Diivr; = Xegr15+1 = Xeit14
J

2) Let k=k—1and if k 5 0, return to step 1.

3) Stop.

-

Note that only the top node value and the differences need be kept as these contain
all the image information. To losslessly and progressively transmit the image, the
quadtree 1s transmitted from the top to bottom Icvel_, in other words, all that need send
arc the top value of the quadtree, Xy 1,1, 2nd the set of {?L,J} At the receiving end,

the successive reduced-size approximations to the original image are reconstructed

~
from the reccived data as follows,

H
,

3Dk i1+ 2Dk g1 541 + Dk.s‘+1.j]
4

o) Xhii = Xy ey + |
Niige1 = Xiig — Drije

Xiiaer,i41 = Xiij — Digjar.— Drjigr,i41 -

Xiier,j = Xiij = Drijar™ Drir1j+1 — Diina s
\

.

where 7,7 = 1,3,..28F — 1.

Two remarks are in order. The first regards the node number of quadtree. Since

the number of nades at each level is given by,



.‘f .
% x 2% x 2%, k=12, ..n
the total number of nodes is equa.i to
3 i . 3 1—2n x2n
1+‘£22 x 2 =1+ZX2X2‘XW=2“X2".

k=1
In other words, the number of nodes on the quadtree is exactly eq'ual to the number
of pixels of tﬁe'original image, implying an 1:1 mapping. Secondly, the entropy of the
quadtree is likely to be much less than that of the original i.mé.ge because it consists
of a set of differences between the pixels. For example, the first order entropies of the ..
quadtree, measured from kwo test images: face and boat images, are, respectively,
4.7986 bits/pixel and 5.5501 bits/pixel, while the corresponding first order entropies
of the original images are, respectively, 7.5178 bits/pixel and 7.3393 bits/pixel. Note
that the equivalent eﬁt'i-‘opi@ of the difference quadlt.ree (chapter 7) defined on a pixel

basis for the two test images are, respectively, 5.8487 bits/pixel and 6.8775 bits/pixel.

Nonuniform Transmission Of Quadtree

Progressive image transmission in chapter 7 is achieved by sending the difference

" quadtree, level by level, starting from the top level. That is, the quadtree is uniformly
transmitted. However, it is well-known that the image information is/nen’ﬁiifo%'rrﬂy

allocated over-the -pixels, implying that some areas may contain more information

than others. Therefore, an optimal transmission strategy should send the nodes of

quadtree according to their information content, that is, the nodes containing more

information are sent first. In this way, more detail areas will first appear in the

sequence of successive approximations. However, at each level, all the nodes to be

sent have to be examined and selected based upon an information criterion. The node

selection may results in a large amount of transmission overhead.

8.3 FUTURE RESEARCH WORK

Progressive image transmission is receiving attention for application in interactive
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image communications over low bandwidth channels. This thesis provides only a few

. .. . . J. .
progressive image transmission techniques. There are still many interesting ways to

transmit the image progressively. Some suggestions for future work are discussed

below. ' ' A
1) All the presented progressive image transmission techniques could be

extended for encoding color images.

2) Interpolation could be used to improve the quality of approximations,

especially the first approximations.

3) Other subjectively correlated distortion measures might be used as the
distortion criterion in vector quantization so that the approximations could

provide better subjéctive quality.

4) The optimal bit allocation map in the transform domain (chapter 5 and
6) could be calculated based upon the weighted coefficient variances, where
the weighting function is.related to the nonuniform response of human visual

system to spatial frequencies.

o [

5) Singular value decomposition (SVD) [96-99] may be a useful alterna-
tive to progressive ixﬁage transmission where an tmage is decomposed into
a set of gigenimages. The set of eigenimagesTn fact correspond to 2 set of

approximations of the image.

6) Knowledge-based systems might be used in searching an optimal trans-
misston path in the quadtree, thus, resulting in optimal nonuniform progres-

sive {ransmussion of the image. -
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