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Abstract
Many image and video applications are targeted 10 a multiuscr chvironment and therefore require a flexible
compression algorithm to cope with the varying storage, computational and display resources of the devices
connected to the system. In addition to the basic feature of image compression, many interactive
applications require special features such as the capability of browsing vast global databases to locate an
retrieve an image of interest. On the other hand, some applications involve transmission of images over
low bandwidth channels or a dual priority transmission medium where the low priority channel may be
subject 10 a loss of bandwidth. These applications requirc the image to be reconstructed at the best possible
quality using the available bandwidth.
Scalable image compression provides the capability of image reconstruction in different sizes and picture
qualities. The image can be simultaneously displayed at multiple receivers, each with a different resolution.
For interactive applications, the image may be first displayed at a smaller size andfor lower picture quality.
Based on the viewer's request, this image can be further enhanced until it is reconstructed at the full size and
picture quality. For applications involving image transmission over low bandwidth channels, scalable
image compression reduces the size of the compressed bitstream so that a low quality version of the image
can be reconstructed at the receiver in real time,
In this thesis, we first define the concept of scalability and describe its three types, namely SNR, spatial and
temporal scalability. This is followed by a review of the various techniques reported in the literature for
achieving scalable image compression. We then investigate the algorithms for scalable image compression
within the framework of JPEG standard. An extension to the hierarchical mode algorithm of JPEG is
presented which provides an improved coding performance. This is followed by evaluation of the
performance of these algorithms for image transinission over ATM networks.
JPEG provides an efficient technique for achieving SNR scalability. However, JPEG algorithms do not
provide a good coding performance for achieving spatial scalability at low bit rates. We propose a high
performance algorithm based on wavelet transform and vector guantization for achieving spatial scalability.
This algorithm ensures partial decodability of VQ labels by using multiple codebooks for image
reconstruction, one for each spatial resolution, Our simulations indicate that the proposed algorithm

provides sptial scalability at lower bit rates compared to the hierarchical mode of JPEG.
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Chapter 1

Introduction

Image compression is becoming increasingly popular in storage and transmission
applications. Examples include videoconferencing, multimedia databases, telepresence,
virtual museum, interactive television, mobile multimedia communications, etc. The goal of
image compression is to reduce the bit rate for transmission or storage while maintaining an
acceptable quality in the reconstructed images. A number of image coding techniques have
been developed for this purpose which exploit the psychovisual as well as the statistical

redundancies in the image data to provide compression.

1.1  Scalable Iraage Compression

Image and video applications are often targeted to a multiuser environment where the image
data may be accessed by a large number of display and transmission devices, each with a
different resolution or quality requirement, storage and processing capabilities. This
requires a flexible compression algorithm to cope with the varying computational and
display resources of each device or system. In addition to the basic feature of image

compression, many interactive applications require special features, such as the capability



of browsing large image databases to locate and retrieve an image of interest. Hence, the
compression algorithm should not only provide good reconstruction but should also be
capable of extracting the gross structural information of the images at a higher compression
(i.e. lower bit rates). On the other hand, many applications involve transmission of images
over low bandwidth channels (e.g. mobile communications) or a dual-priority transmission
medium (e.g. ATM networks) where the low priority channel may be subject to a loss of
bandwidth. These applications require the image to be reconstructed at the best possible
quality using the available bandwidth. This necessitates a compression algorithm which not
only reorganizes the image data but is also able to match the size of the compressed
bitstream to the available bandwidth for real time transmission.

Scalable image compression provides the capability of image reconstruction in different
sizes and picture qualities by reorganizing the image data into multiple layers. In other
words, the image can be simultaneously displayed at muliiple receivers, each with a
different resolution. For interactive (database) applications, the image may be first
displayed at a low spatial resolution and/or picture quality. Based on the viewer's request or
the application requirements, this image is further enhanced until it is reconstructed at the
full size and picture quality. In the case of applications involving image transmission over
low bandwidth channels, scalable image compression reduces the size of the compressed
bitstream by reorganization of the image data so that a low quality version of the image can
be reconstructed at the receiver in real time. Similarly, scalable compression provides a
graceful degradation in performance for image transmission over dual priority channels in

the event of loss of bandwidth in the lower priority channel.

1.2 Investigated approach

Recently, the Joint Photographic Experts Group (JPEG) of the International Standards

Organization (ISO) has preposed the JPEG standard for still image compression. JPEG



provides a framework for high quality compression and reconstruction of continuous-tone
grayscale and color images for a wide range of applications. It specifies a toolkit of
algorithms for converting the raw image data into compressed form and the corresponding
decompression algorithms for reconstructing the image. JPEG has four modes of
operation, namely baseline sequential, losless compression, progressive coding and
hierarchical coding. The baseline sequential algorithm provides the basic feature of Discrete
Cosine Transform (DCT) based lossy image compression, while the lossless compression
uses a Differential Pulse Code Modulation (DPCM) based algorithm to achieve perfect
image reconstruction. The progressive coding mode proposes two different techniques for
achieving quality (SNR) scalability, where SNR scalability refers to image reconstruction in
progressively improving picture qualities. On the other hand, the hierarchical coding mode
uses a pyramidal coding structure to provide spatial scalability, where spatial scalability
refers to image representation in different sizes or spatial resolutions.

In this thesis, the problem of scalable image compression is addressed from two
perspectives. We first investigate the JPEG standard and evaluate the algorithms proposed
in the progressive and hierarchical modes. We then present extensions to the hierarchical
mode to achieve an improved compression performance. This is followed by the evaluation
of these algorithms for scalable image transmission over broadband networks using
asynchronous transfer mode (ATM).

We note that the compression algorithm of the hierarchical mode of JPEG does not provide
a good performance at low bit rates. A high performance algorithm based on the wavelet
transform and vector quantization has been reported in the literature for low bit rate image
compression. Although, wavelet transform provides a scalable image representation, vector
quantization is.not scalable. As a first step towards making this algorithm scalable, a new
technique is proposed in this thesis to achieve spatial scalability using vector quantization.
This technique does not require any overhead bits to provide a scalable image bitstream. We

then apply this technique to the combined wavelet transform and vector quantization based



compression algorithm. The proposed algorithm not only achieves a high compression

performance, but also provides spatial scalability without requiring any overhead bits.

1.3 Thesis Organization

The thesis is organized as follows: Chapter 2 reviews the basic concepts of source coding
theory and presents some of the lossy and lossless image compression techniques reported
in the litcrature. This follows a review of the JPEG standard for still image compression,
vector quantization and wavelet transform based image coding. Chapter 3 defines the
concept of scalability and describes its three types. This is followed by a review of the
various spatial and transform domain techniques for achieving scalable image compression.
Chapter 4 presents scalable image compression algorithms within the framework of JPEG
standard. Chapter 5 introduces two new techniques based on vector quantization for

scalable image compression. Chapter 6 presents the conclusions and suggestions for further

research.

1.4 Main Contributions

The main contributions of this thesis are summarized below:

« Investigate and evaluate the scalable image compression techniques within the
framework of JPEG standard.

+ Present an extension to the JPEG hierarchical mode algorithm which provides an
improved coding performance.

 Evaluate the performance of JPEG algorithms for scalable image transmission over
ATM networks.

«  Propose an algorithm for achieving spatial scalability using vector quantization.

* Propose a high performance technique based on wavelet transform and vector



quantization for scalable image compression.



Chapter 2

Review of Image Compression

In this chapter, we first review the basic concepts of source coding theory as applied Lo
image compression. This is followed by a brief review of lossless and lossy image coding
techniques, such as Huffman coding, run-length coding, predictive coding and transform
coding. We next review the JPEG standard for still image compression followed by vector

quantization and wavelet transform based image coding.

2.1 Source Coding Theory

Source coding theory deals with the compression of data generated by an information
source that emits a sequence of symbols chosen from a finite alphabet. Entropy and rate
distortion are fundamental concepts in source coding theory. Entropy provides a useful
measure of information contained in the source data, as it determines the minimum average
bit rate required for perfect reconstruction of the source symbols. Rate distortion theory
provides a lower bound on the average bit rate for a given distortion in the reconstructed
symbols. The details of entropy and rate distortion theory, as applied to image

compression, are now presented.



2.1.1  Entropy

Let us consider an information source X generating images of size N x N pixels, where
each pixel is quantized to K gray levels. A total of KV *¥ possible image patterns can be
generated by such a source. Let the probability of a specific image pattern be denoted by

p(x) where
x={x;} 5 4Lj=01.. N-\, Q2.

where x;; is the (7, j)th element of x. The average information of the source is specified by

its entropy [1] which is defined as:

1 .
H(X)=~- p(x) logp p(x) bits/ pixel
NxN auzx (2.2)
Tt has been shown [2] that the source entropy is bounded by 0 and logy X, that is,
0 € HX) € logaK (2.3)

The left side equality holds if all probabilities p(x) except one are zero, in which case the
source is totally predictable. The right side equality holds when every source symbol x has
an equal probability. The redundancy of the source is defined as the difference between the
maximum possible value of the source entropy (log K) and and its actual value H(X).

If every pixel in the image is statistically independent of the others, then the source

probability p(x) can be expressed as:

N-1
px)= [ ] 2y (24)
£,j=0
Here, p;j represents the probability that the pixel X;; of the image source X, has a value

equal to x;;. In this case H(X) can be expressed as,

N-1

1

HOO) == 5_', Y pijtxy) logap;i(xy) 2.5)
i,j=0 all x;

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

modeled and therefore, the true entropy of the image is, in general, very difficult to obtain.



Hence, a simpler measure, the first order entropy H 1(X), which is defined on a pixel-bhy-

pixel basis is often used. H ](X) can be defined as:
N-1

H'(X)=-) Py logz P, (2.6)
k=0

where P;, is the probability of the occurence of the kth gray level value. If the pixels of the

image are identically and independently distributed (i.i.d), that is:

pii{x;j) = pin(xyy),  for xy=xy 2.7
then the entropy H(X) of the image is equal to the first order entropy. H Lo,
N-1 .
HX)=H'(X)=-3 P log P, (2.8)
k=0

The first order entropy is often referred to as memoryless entropy as it provides the
minimum bit rate required for lossless reproduction of an image without exploiting the

correlation between pixels.

2.1.2 Rate Distortion function

For lossy coding, the rate distortion function (RDF) determines the minimum distortion that
can be achieved for a given average bit rate. RDF, therefore, provides an upper bound on

the performance of practical coders [3]. RDF is a measure of transmission of information

from the source to the receiver. The average mutual information /yyn (X, X) between the

source and the receiver is defined as:

- (x/x)
Inen = p(x) p(3/ x) logy =L - 2.9)
%x > PRPGE )

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

decoded output X. Since p(x) p(%/ x) = p(x, ), it follows that
> PR pEIx) =Y, p(x.3) = p(d) (2.10)

allx allx

and therefore,



1 - x /
TneN = VAN 2 plx,x) logp —"-—pf:;i;) (2.11)

all x.%
It can be shown that
Iny = H(X)- H(X 1 X) (2.12)
where H(X / X) is the entropy of the source X, given the decoder output X . Hence the
mutual information between X and X is the difference in the uncertainty at the source X,
and the uncertainty at the source X given the decoder output X . For lossless encoding, the
average mutual information is given by:
Inev = HOO - H(X 1 X) = H(X) (2.13)
This implies that for lossless coding, the least averﬁge bit rate is H(X). On the other hand,
if there is no information transmission between the encoder and the decoder, the mutual
information 7y (X, %) is equal to 0. Therefore, the average mutual information is lower
bounded by 0 and upper bounded by the source entropy, i.e.
0 < Ingy € H(X) (2.14)
If we define a distance or distortion measure d(x,%) between x and X, the average

distortion per pixel can be expressed as:

1 - 1 ) X
D=3 EldX. 0=+ ;‘d(x,x) p(x) p(x/ x) (2.15)
ail X, X

The N x N block rate distortion function Ryyn(D) [4] is defined as the minimum average

mutual information between X and X subject to the constraint of a fixed average distortion

D,

Rvw(D)= inf  Ingy(X,X) (2.16)
all p(X/x)

It can be observed from eguations (2.9) and (2.16) that for a given source, the
minimization can only be over the conditional probability p(x/ x) as the source symbol
probabilities p(x) are fixed.The rate distortion function R(D) [4] is simply the limiting

value of the N x N block rate distortion function Ryyy (D) as the block size Nx N - o=,
NxN -0



Tt is to be noted that the distortion D and the mutual information 7 Ny (X.X) depend on
the type of source coding technique used. However, there is a minimum [y,n that is
needed to ensure that the average distortion (of reconstruction) does not cxceed the
specified upper limit D. This minimum value is equal to R(D). For exact reconstruction
( D=0), the bit rate required is equal to the source entropy H(X ),

R(0)=H(X) (2.18)

2.1.3 Distortion Measures

Source coding schemes are generally evaluated by using a distortion measure, which is
essentially a cost function d(x,%), for reproducing the input x by an ouput x. The
performance of a coding system can now be evaluated using the average distortion

introduced by the coding system, E[d(X, )?)],
Ed(X, %)= Y, dx3) p(x.3) (2.19)

all x,.%
In order to be valuable for both design and comparison purposes, a distortion measure
must be:
(2) computable in real time for efficient evaluation;
(b) subjectively meaningful, so that it correlates well with human visual observations;
(c) tractable for proper mathematical analysis.
One of the most widely used distortion measures in image coding is the Peak Signal to

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

. 2
Peak Signal 10 Noise Ratio (PSNR) =10 logyo(Foak Signal Value”, -, )

Mean Square Error

where,
1 N-1 N-1 )
Mean Square Error (MSE) = mg‘) JZO (x5 — Xip) (2.21)
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The other distortion measures used in literature are the Normalised Mean Square Error

(NMSE), Signal to Noise Ratio (SNR) and Mean Absolute Error (MAE) which are defined

B

as follows:

NMSE = @.22)
N-1N-1 2
[2,'=0 2 j=o(xff 'l
1
SNR=10 1 2.23
0 logio(ser) (2.23)
1 N-1N-1
MAE=——— 26 26 (xy = & (2.24)
=0 Jj=

where (Ix,-j - i,-jl) is the absolute difference between the original image pixel X;j and the
reconstructed image pixel Xj; .

All distortion measures have their relative advantages and disadvantages and nore of them
correlate extremely well with the subjective ratings. For example, two reconstructed images
with the same PSNR values may receive very different subjective evaluations. In order to
obtain a higher correlation between the objective and subjective evaluations, several new
distortion measures have been recently proposed [6,7] and this field continues to be an

active research area.

2.2 Lossless Compression

A high degree of correlation exists between the neighbouring pixels in natural images.
Lossless compression technigues exploit this statistical redundancy in such a way that the
entire process is reversible i.e. the original image is exactly recovered. There is
considerable interest in lossless technigues, especially in applications which require very
high fidelity reconstructed images. In this thesis, a combination of run-length and huffman
coding techniques have been used for lossless encoding. This section presents a brief

review of the huffman and run-length coding techniques.

11



2.2.1 Huffman Coding

According to Shannon's first theorem (for lossless compression), the average bit rate R for
encoding an information source is lower bounded by the source entropy H. Huffman [8]
has provided a practical method for lossless compression and his technique generally
results in a bit rate very close to the Shannon's limit. Huffman technique designs a variable
length code (VLC) for each source symbol such that the number of bits in the code is
approximafély invgrsely proportional to the probability of that symbol's occurence.

Huffman codes are instantaneously decodable and their efficiency is defined as:

Efficiency = % x 100% (2.25)

An efficiency of 100% is obtained when the probabilities of the source symbols are
negative powers of 2.

In order to build a Huffman code table for a given source, the symbols are arranged in the
decreasing order of their probabilities i.e. (0.4, 0.25, 0.15, 0.15, 0.05), as shown in
Fig.2.1(a). The original source is reduced in multiple stages by combining the two least
probable symbols at each stage until a source with only two symbols is obtained. These
two symbols are assigned huffman codes ‘0" and '1', respectively. The codewords for the
previous reduced stage are found by appending a ‘0’ and '1' to the least probable codeword
(symbol) of the current stage as shown in Fig.2.1(b). This process is continued until the
Huffman codes for the original source symbols are found.

The design of Huffman code tree depends upon the source statistics. For a source with
time-varying statistics, a new code tree has 1o be built periodically for efficient coding. This
problem is tackled by using an adaptive Huffman technique in which the encoder keeps
track of the probability of the symbols emitted by the source. Both the transmitter and the
receiver start with the same set of Huffman codes and modify them using the same
algorithm. This ensures perfect reconstruction of the symbols without transmission of any

side information.

12
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Figure 2.1(a): Source reduction process
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Figure 2.1(b): Huffman code construction
2.2.2 Run-length Coding

Run-length coding (RLC) is another type of lossless coding technique, which is useful for
sources having identical consecutive symbols. It is extensively used in facsimile
transmission. In the case of images, RLC defines a run as a sequence of consecutive pixels

with identical vatues along a fixed direction, for example the horizontal/vertical scan lines.

Significant bit rate reductions can be achieved for long runs as seen in binary images like

13

text, graphics, etc. RLC is not very efficient when applied directly to images having high

details. However, significant compression may be achieved by first splitting the images




into a set of bit planes which are then individually run-length coded. RLC can also be used
to provide high compression in transform coders. In order to achieve this, the transform
coefficients are first quantized which results in long runs of zero valued coefficients. We
can then use run-length coding for efficiently compressing the quantized coefficients [9].
Run-length coding can be extended 10 two dimensions by defining a connected area 1o be a
contiguous group of pixels having identical values. To compress an image using two
dimensional RLC, only the values which specify the connecred area and its intensity are

stored/transmitted.

2.3 Lossy Compression

The lossless compression techniques usually result in low compression ratios. In practice,
lossy compression techniques are used in applications requiring high compression (i.e.
lower bit rates). In lossy compression, the objective is to reduce the bit rate subject to some
constraints on the image quality. Lossy compression techniques can be classified into three
categories: predictive coding, transform coding and subband coding. We will review
predictive and transform coding, as both techniques have been used in this thesis. The two
techniques have relative advantages and limitations. Predictive coding techniques provide
real-time compression and have lower complexity and memory requirements. However,
their compression ratios are relatively low and they result in a loss of subjective image
quality at high compression. Transform coding achieves higher compression ratios for a
given distortion value. It achieves a better subjective image quality by distributing the
reconstruction error over a large image region, However, they have higher computational
complexity and memory requirements. Another promising technique for low bit rate (lossy)
image compression is vector quantization (VQ) which will be reviewed in detail in section

2.5.
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2.3.1. Predictive Coding

Predictive coding exploits the redundancy related (o the predictability and smoothness in the
data. For example, an image having a constant gray level value can be fully predicted from
the value of its first pixel. In images having multiple gray levels, the value of an image
pixel may be used to predict the values of the neighboring pixels. Differential pulse code

modularion (DPCM) is the basic compression scheme used in predictive coding techniques.

X ‘
—n-.t + 1 Quantizer - —pp= Entropy Coder -
A |- _ Channel
X, :
xl
n
Predictor
A DPCM Coder
ﬁn x'n
———» Entropy Decoder | + —--
Channel A
*n
Predictor
A DPCM Decoder
Figure 2.2: Block diagram of a DPCM coder and decoder
DPCM

The block diagram of a DPCM system is shown in Fig.2.2. In DPCM, the data to be

compressed is first predicted from the neighborhood data samples using a fixed algorithm.
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The predicted estimate %, is then subtracted from the actual data value x, and the difference
d, = x, — X, is quantized, entropy coded and transmitted. The quantized difference value
is in turn used to predict the next data sample xp.. In general, both linear and non-linear

techniques can be used for prediction. In linear predictive coding (LPC) technique [2], the

predicted value x, is calculated as follows:

a= Y @y @26
i

where, a;;i=0, 1, 2, ... are called LPC coefficients. The predictor can be optimized to
“minimize the variance or the encrgy of the prediction error 4,,. The optimal set of LPC

coefficients g, ,, can be oblained using the following equation:

Y Giopt RG-)=R() (2.27)

i
where R(j); j=0, £1, £2, ... is the autocorrelation function of the input data samples.
The step size for quantizing the prediction difference d, can be adjusted depending on the
available data rate and the MSE requirements. A special case of DPCM is Delta Modulation
where the quantizer output can assume only two possible levels. Delta Modulation
quantizes the positive and negative differences as +A and -A, respectively where Aisa

fixed ouput level.

Adaptive DPCM

DPCM provides significant compression by efficiently exploiting the correlation between
the adjacent data samples. However, it is sensitive to changes in the data statistics. For
non-stationary data, such as images, a fixed predictor and quantizer may not always
providé- a good quality in the reconstructed data. Two kinds of adaptive techniques can be
used to match the DPCM coder to the variations in the input data statistics: an adaptive
predictor with a fixed quantizer or an adaptive quantizer with a fixed predictor(10]. In these

adaptive approaches, the parameters involved in designing the predictor and quantizer have
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to be periodically updated with changing statistics of the data. For example, an adaptive
predictor has to periodically recompute the autocorrelation function R(j), which is in turn

is used 1o calculate the optimal set of LPC coefficients a; according 1o equation (2.27).

3

2.3.2. Transform Coding

In transform coding, the image data is transformed from spatial to frequency domain by the
application of an orthogonal transform T,
Qo=TXT' (2.28)

where, T'= T~1. The block diagram of a transform coding scheme is shown in Fig. 2.3.

Coder

X Q Q Channel
—»] Transform |—#»| Quantizer [——» Entropy Coder f—-3-

Decoder

Channel Q Q
——» Entropy Decodert—» De-Quantizer [——# Inverse Transform

P>

Figure 2.3: Block diagram of a transform coding scheme,
X= Original Image, & = reconstructed image

Transforms decorrelate the energy of the image pixels into coefficients
Qs ij=0,..N-1 In general, the Jow frequency coefficients contain most of the
crucial information reguired for image reconstruction. In order to achieve compression, the
coder quantizes the transform coefficients using small step sizes for the visually important
low frequency coefficients. The quantized coefficients are then entropy coded using

variable number of bits, specified by a bit allocation map. The decoder performs
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decompression followed by de-quantization to recover the coefficients Q,} which are then

inverse transformed to reconstruct the coded image X.

X=TQT (2.29)

Transformation

A transform is optimum if it completely decorrelates the image data i.e. the image energy is
packed into minimum number of coefficients. An optimal transform minimizes the
geometric mean of the variances of coefficients which corresponds to the minimization of
reconstruction error variance in transform domain [2]. A well known optimal transform is
the Karhunen-Loeve transform (KLT). However, its implementation involves a high
computational overhead. In addition, the KLT transform kernel is image dependent.
Therefore, in practice, image independent sub-optimal transforms such as discrete sine,
cosine and fourier transforms are used which have a low computational complexity
compared to KLT. Among all the sub-optimal transforms, the rate distortion performance
of discrete cosine transform (DCT) is closest to KLT [11]. DCT has been adopted as the
compression technique in image and video coding standards, such as JPEG, MPEG and
H.261. Details of DCT are presented below.

DCT decomposes the original data into a set of orthogonal basis functions. For image
compression applications, the forward 2-D DCT of an Nx N block of pixels is often
defined as [11]

N-1 N-1
Fluv)= 8C0CH) 16 C(u) C(v) Z zf(h]) co [(21+1)u7z] [(2}+1)vn' 2.30)
i=0 j=0

and the correponding inverse 2-D DCT is defined as

N-1 N-1
£G.J) = 1—‘:’2- Y Y cw) o) Fuw) cos [(2’“)“"] [(2“”"”] @.31)
u=0 v=0
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1/+/2 =
where, C(x)={ V2 for x=0 :

1 otherwise

f(i, j) = value of pixel (i, j} in the image block ;

F(u,v) = DCT coefficient with frequency indices (uv); u, v =0,1,...,N-1.
The cosine terms in the equatioa (2.30) represent the 2-D transform kernel (or basis
function) of DCT and are linearly separable. It can be shown that for a first order Markov
source model, the DCT basis functions become identical to the (image dependent) KL.T
basis functions as the adjacent pixel correlation coefficient approaches unity {12]. Natural
images generally exhibit hi.lgh pixel-to-pixel correlation and therefore DCT provides a
compression performance virtually indistinguishable from KLT. In addition, DCT has a
fast implementation like DFT, with a computational complexity of O(N log N) for an N-
point transform. Unlike DFT, DCT avoids generation of spurious spectral components
resulting in a higher compression efficiency.
We note that KLT, DCT and DFT are orthogonal transforms. Orthogonal transforms have
the following interesting properties:
1. The average energy of the transform coefficients is equal to the average energy of the

input image pixels, that is,

1 N-1 . 1 N-1
W 200 xR 0k @32
i,j=0 i,j=0

Here, cr; =E(Q,§); i,j=0,..,N-1 is the second moment of the (i, J)th transform
coefficientand @7, = E(X;); i,j=0,...,N~1 is the second moment of the (i, j)th image
pixel.

2. The average reconstruction error variance is equal to the average quantization error

variance in the transform domain, that is,
N-1 N-1

_ 1 _ 1 2.2
T xR LT W w O™ @3
i,j=0 i.j=0
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2

Here, o), = E({(X; - ﬁ’ij): % i,j=0...,N—1 is the reconstruction crror variance of the
(i, j)th image pixel and oﬁ‘,}. =E{Q; - Qij)z); i.j=0.....N =1 is the quantization error
variance of the (i, j)th transform coefficient.

It can be concluded from these properties that for orthogonal transforms, the spatial domain

analysis will be completely reflected in the transform domain in terms of the average values

of the second moment.

Quantization

The transform coefficients are quantized individually. For uniform quantization, the

quantization error variance 0'; and the coefficient variance are related as folows[2]:
o} = elos= e2272B 0} Q@34
2

Here &5 = £22728 is the quantizer performance factor which depends on the probability

density function (PDF) of the transform coefficients and the number of quantization levels.
The parameter £° is a variable correction factor that takes into account the performance of a

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

Bit Allocation

In order to obtain significant compression, the bit allocation procedure in a transform
coding technique generally requires optimization. In other words, the transform coefficients

should be assigned an unequal number of bits corresponding to their contribution to error

variance in the spatial domain. Let B; be the number of bits allocated to the (i, f)th

transform coefficient. The avearge number of bits per coefficient, B, can be expressed as:
N-1
1
B=—— Z B; (2.35)

i,j=0

An optimum bit allocation is given by,
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N-1

B,'j = B+%10g2 850’3 —_N_)li_ﬁ Z ";_IOgZ EI%IO%I (2.36)
k1=0
1 ef o} .
=B+510g2 T 5 3 ll(Nx.N); Lj=01..N-1 (.37
[Hk,:=o£”c’d]

It should be observed that both the coefficient variance, 02

[}'1

and the quantizer performance

z

j» are proportional to the number of quantizer levels, 2% In the case of images,

factor, £

transform based coding (e.g. baseline mode of JPEG) provides a good image quality at bit
rates ranging from 0.7 to 1.5 bits per pixel. However, at medium to low bit rates, it

produces blocking artifacts resulting in poor subjective quality.

Other transform coding techniques

Recently, subband coding [13-15] has emerged as 2 powerful approach for image
compression. In subband coding, an image is first filtered to create a set of sub-images or
subbands, each of which contains a limited range of spatial frequencies. The different
subbands can be downsampled due to their small bandwidths as compared to the 6rigina1
image. Fig.2.4 (a) shows the decomposition of an image into 16 subbands using a

balanced binary tree structure. Each subband is coded individually. Compression is

(a) ®

Figure 2.4: (a) A two level subband decomposition of an image using a balanced
binary tree (b) A two level wavelet decomposition of an image.
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achieved by allocating different number of bits to the subbands based on their visual
importance. The image is reconstructed by upsampling the decoded subbands and
combining them using an appropriate sel of filters. Subband coding is generally
implemented using quadrature mirror filers (QMFs) for alias-free reconstruction. A special
case of the subband coding technique is wavelet transform. Wavelet theory [30-33}
provides multi-resolution / multi-frequency representation of nonstationary signals, such as
images. It provides signal localization in both space and frequency domains, resulting in
sub-images which are relatively more staiionary and hence casier to code. Fig. 2.4 (b)
shows a two level wavelet decomposition of an image resulting in 7 subbands. Details of

wavelet based image coding will be presented in section 2.6.

2.4 JPEG Standard for Still Image Compression

Recently, the Joint Photographic Experts Group, of International Standards Organization
(ISO), has proposed the JPEG standard for still image compression. The JPEG standard
[9, 16, 17] provides a framework for high quality compression and reconstruction of
continuous-tone grayscale and color images for a wide range of applications. JPEG
specifies:

« A toolkit of algorithms for converting the raw image data into 2 compressed form.

« Decompression algorithms for reconstructing the image from the compressed data.

« Guidelines for practical implementations of these algorithms.

«  Aninterchange format for exchanging the compressed image data between different

application environments.

However, the standard does not specify many parametric details such as color space
designation (e.g. RGB or YUV), aspect ratio (width 10 height ratio of an image pixel), etc.

which are generally application dependent. The compression algorithms are executed in the
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JPEG coder while the decompression algorithms are executed by the individual JPEG
decoders.
The JPEG standard has four modes of operalion, each providing a unigue functionality for
a specific class of applications:

(a) Baseline Sequential

(b) Lossless Compression

(c) Progressive coding

(d) Hierarchical coding.
The baseline sequential mode provides the basic feature of (DCT based) lossy image
compression. The lossless compression mode uses a DPCM based algorithm folloxt;red by
entropy coding to achieve an exact image reconstruction and is targeted towards
applications which require very high image quality, such as medical imaging. The
progressive mode provides the capability of reconstructing an image in progressively
improving picture qualities, using a modification of the baseline mode algorithm. On the
other hand, the hierarchical mode reconstructs the image in different sizes, using either the
baseline compression algorithm or lossless compression or both. We now present the
details of the baseline sequential and lossless compression modes. The progressive and

hierarchical modes will be discussed in chapter 3.

2.4.1 Baseline Sequential Mode

The compression algorithm used in the baseline sequential mode first partitions the original
image into non-overlapping blocks of 8x8 pixels as shown in Fig.2.5. In order to decrease
the average energy of the image pixels, a value of 291 is subtracted from each image pixel
£, ), where p is the number of bits required to represent each pixel value (i.. a value of

128 is subtracted for an 8 bits/pixet image). This is generally referred to as a level shift
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operation. Each block of 8x8 pixels is then transformed using DCT into an array of 8x8

coefficients (equation 2.38).
7 7
_ C) Cv o [Qi+Dun]  [Qj+Dve n
Fam = S0y Y £ cos| - ] codf o 1 @)

i=0 j=0
g) =

where, Coo) = 1/+2  for :r 0 :
1 otherwise

£, ) = level shifted value of pixel (i, j) in the image block

F(u,v) = DCT coefficient with frequency indices (u,v) ; u. v = 0.1.....7.

k
8x8 blocks DCT- Based Encoder
..-------------I----------------“
1
1 1
. Entro
|ty DCT | | Entropy 1 s gy
' Quantizer Encoder | }
' ' Compressed
Original image Table Table
Specifications Specifications

Figure 2.5: Baseline JPEG Encoder

The first coefficient (0,0) of every block is called the DC coefficient, while the rest of the
coefficients are called AC coefficients. The DC coefficient corresponds to the mean of the
pixels in an image block. DCT concentrates most of the perceptually important information
into the DC and a few (low frequency) AC coefficients as shown in Fig.2.6. In other
words, the higher frequency coefficients contain relatively less crucial details. All the
coefficients are quantized using a uniform midstep quantizer (equation 2.39) and rounded

to the nearest integer as shown in Fig.2.7,

Clu,v) =[F (,v) + (@, V) / 2} (2.39)
| Qu,v)
where, O(u,v) = quantization step size for coefficient (u,v) ;

C(u,v) = rounded value of the quantized coefficient ;

24



Low frequency

C coefficients
AC coellicien Horizontal frequency —=

1 23 4 56 7

0
—"

DC coefficient

2
Vertical >
frequency 4

st
6
7

<~
<

High frequency
AC coefficients

Figure 2.6: A DCT transformed 8x8 pixel block.
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Figure 2.7: A uniform midstep quantizer

Quantization reduces the coefficient magnitude and increases the number of coefficients
with zero value. We note that quantization results in a loss of image information which may
appear as distortions in the reconstructed image. The quantization step sizes are not fixed in
the JPEG standard. In other words, each application can have its own quantization tables
which is usually designed to provide the best possible reconstructed image quality. A
sample quantization table has been suggested in the standard, based on the statistics from a

number of test images. In order to obtain a good subjective image quality, the DC and the
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Figure 2.8: Differential DC coding
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Figure 2.9: Zig-zag scanning of DCT coefficients

low frequency AC coefficients are typically quantized using small step sizes while the high
frequency AC coefficients are quantized using larger step sizes. Hence, there is a tradeoff
between the quantization step size (i.e.image quality) and the compression achieved:
smaller the step size, better the image quality and smaller the compression ratio. The
correlation between the DC coefficients of adjacent blocks are exploited using DPCM to

achieve further compresion (Fig.2.8).

26



The DCT coefficients of each block are reordered in a 1-D sequénce using & zig-zag scan as
shown in Fig.2.9. This scheme generates long runs of zero value coefficients
(corresponding to the higher frequency AC cofficients) in most of the images. The zig-zag
ordered coefficients are compressed using either huffman or arithmetic coding. In this

thesis, huffman coding has been used which is implemented by storing/transmitting a code

DCT- Based Decoder 8x8 blocks

o ;
. Entropy . .
[ ha BB Lol Dequantizeri—a{ 10CT [
[ ]
Compressed | .
* i Reconstructed
image

Table Table
Specifications | | Specifications

Figure 2.10: Baseline JPEG Decoder

for each DC and non-zero AC coefficient indicating their magnitude and position in the zig-
zag order. Finally, the image blocks are raster scanned to generate the image bitstream.
Once again, the huffman codes are not fixed in the JPEG standard. Each application can
design its own huffman tables to provide the maximum possible compression. The
standard only specifes the syntax for describing huffman tables in the interchange format.
The baseline compression algorithm (BSA) is allowed to use a maximum of two DC and
two AC Huffman 1ables. We note that an extended sequential algorithm (ESA) has been
defined in the standard for special applications. It is similar to the BSA except that a
maximum of eight tables are allowed: four each for DC and AC coefficients. Four sample
wables (two each for DC and AC coefficients) have been provided in the standard.

The image is reconstructed by performing the decompression operations in the reverse
order (Fig. 2.10). Each block of 8x8 pixels is hence transformed back to spatial domain

using the inverse discrete cosine transform (IDCT) (equation 2.40).
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where, F'(u,v) = dequantized DCT coetficient with indices Ge.v): w,v =0, 1, .7,

f(i,j) = (i.j)th pixel in the reconstructed image block; i.j =0, 1, ... 7.

Finally, an inverse level shift operation is performed by adding 271 (o each pixel value. We
note that the baseline sequential algorithm can only be used to reconstruct the image in its

original size at a specific image quality.

2.4.2 Lossless Compression

We recall from section 2.4 that the lossiess compression mode of JPEG uses a DPCM
based algorithm for compressing the image. Each pixel x is predicted from its
neighbourhood pixels a,b and ¢ as shown in Fig.2.11. The prediction difference is coded
using either huffman or arithmetic coding. The standard allows seven schemes for
prediction:
Scheme No. Prediction
0 No prediction
1 Px =Ra
Px =Rb
Px=Rc

Px = Ra + ((Rb-Rc)/2)

2
3
4 Px=Ra+Rb-Rc
5
6 Px = Rb + ((Ra-Rc)/2)
7

Px = (Ra + Rb)/2

Here, Px is the predicted value of pixel x and Ra, Rb and Rc are the reconstructed values of
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Image pixels

Figure 2.11: Prediction of pixel x from its neighborhood pixels a, bandc.

pixels a,b and c, respectively. Scheme 0 is used only in the hierarchical mode of operation
as will be discussed in section 4.2. Schemes 1, 2 and 3 use one-dimensional prediction,
while schemes 4, S, 6 and 7 use two-dimensional prediction. The pixels in the first row
and first column of the image are coded using schemes 1 (horizontal prediction) and 2
(vertical prediction), respectively. A prediction value of 2P-1 is used for coding the first

image pixel, where p is the number of bits required to represent each pixel value.

2.5 Vector Quantization for Image Compression

We recall from section 2.3.2 that the transform based coding produces blocking artifacts
resulting in poor subjective quality, at low bit rates. Vector quantization (VQ) is a powerful
technique for low bit rate image compression [18, 19]. According to Shannon's rate
distortion theory, a betier performance can always be achieved by coding vectors instead of
scalars. VQ can be defined as a mapping Q of K-dimensional Euclidean space R into a
finite subset Y, of X-dimensional vectors, called the codebook.

Q : RF-Y (2.41)
More specifically, the vector quantizer partitions the space R* into N non-overlapping

regions P;; i=1,...,N, where N =number of vectors in the codebook Y. Each region P,

is assigned a unique reproduction vector, called the codeword, drawn from the set Y. All
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the vectors belonging to the region P, are now represented by Q(P) = Y,. The block

diagram of a vector quantizer is shown in Fig.2.12.

Input Image — Output Image
vector M_lmmx_lm Table vector
—~——-| Distortion [—# Channel |—#= , o up .
rule
o000 o000
o000 000
9200 0 900 O
| |
™ ]
Codebook Codebook

Figure 2.12: Block Diagram of a Vector Quantizer

If d(X,Y,) is a distortion measure which represents the error when X is reproduced by Y,,
then the optimal quantizer is the one which minimizes d(X,Y;) over all the quantizers. The
quantizer performance is measured in terms of the average distortion introduced:
D = Eld(X,)Y))) (2.42)
= ¥ p(Xe PEXY)X )

iz}
It follows from equation (2.42) that the optimal quantizer must satisfy the following two
conditions:
1. A vector X should be assigned a reproduction vector Y, based on the nearest
neighbour rule, that is,
AX)=Y, iff dX,Y))<d(X.Y;) for all j (2.43)
2. The codewords {¥;;i =1,2,..., N} are selected such that the average
distortion in each region is minimized (i.e. the codewords are the centroids of

the region they represent).
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For image compression, vector quantization consists of the following steps: vector

formation, codcbook design and quantization.

Vector Formation

The first step in VQ is vector formation. The input image is partitioned into two-
dimensional blocks of equal or variable sizes. The key features of each block are extracted
which are then arranged into one-dimensional vectors. Various vector formation schemes
have been proposed in the literature [21-25]. The simplest scheme is to form the vectors
from original pixel values of the image blocks [21]. More sophisticated schemes will be

presented in section 2.6.

LBG Algorithm

An algorithm for codebook design has been proposed by Linde et. al., based on the two
conditions for optimality, referred to as the generalized Lioyd or the LBG algorithm [20].
The algorithm starts with an intial codebock and assigns each training vector to its nearest
neighbour codeword. Each codeword is then modified to minimize its distortion relative to
the vectors assigned to it. The last two steps are repeated iteratively until the change in
distortion between two successive iterations is sufficiently small. The algorithm is

described as follows:
1. Given an initial codebook, CBg = {¥;3i =1,2....,N}, a threshold £20,and a

training set {X;;i=12,....M},setmtoOand D_ 10 o=,

2. Assign each input vector to its nearest neighbour codeword,
XeY, Iif dX.Y, )<dX.Y,,) for all j#k (2.44)

3. Find CB,, 1. by computing the centroids of the training vectors assigned to each

codeword,
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Yimn = ZX v i=L2,L N (2.45)

:mXe)

where K. is the number of vectors assigned to Y, , . and

tan fm*

YKi.=M for all m (2.46)

4. Compute the average distortion,

= ——2 fD( (247)

-IXeP,;I

if the normalized difference between D, and D, _,, then stop; else go to step 2.

One possible approach to initialize the codebook CBy is to select N evenly spaced vectors.
Alternatively, a binary splitting algorithm can also be used [20], where the centroid of each
partition of the training set is split into two codewords. The LBG algorithm is first applied
to yield a codebook of two codewords. Each codeword is then split into two codevectors to
yield a codebook of four codewords. This procedure is repeated until ¥ codewords are

generated.

Quantization

The imagé vectors are quantized by searching the codebook to locate the best-match
codeword for each input vector. Compression is achieved by transmitting the index (label)
of the codeword for each vector. The image is reconstrucled at the decoder by a simple
table look-up operation, using the labels as an address to a table containing the codewords.

The codebooks can be broadly classified into two classes: universal and image adaptive,
resulting in universal VQ (UVQ) and image adaptive VQ (IAVQ), respectively. In UVQ,
both the transmitter and the receiver have a copy of the same codebook, and therefore no
codebook transmission is required [26]. This results in a substantial bit rate reduction. The
codebook is generated from a large set of training vectors selected from different types of

images. For a codebook of size N, the bit rate is given by,
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R= “LgLﬂ bits | pixel (2.48)

where L is the vector dimension. In IAVQ, the codebook is generated from one or more
images to be compressed and is transmitted to the receiver as a side information. IAVQ
codebooks maich the image statistics beticr resulting in a superior image quality. However,
this technique has an overhead in terms of the bit rate for codebook transmission and
computational complexity for codebook generation. In this thesis, UVQ has been used as it
has lower computational complexity compared to IAVQ.

UVQ requires a codebook of large size to ensure a good quality reconstructed image. This
increases the bit rate for label transmission as well as the coding complexity. UVQ may not
provide a good coding performance for certain types of input images. Recently, some
techniques have been proposed to decrease the codebook size. Examples include classified
VQ, predictive VQ and finite state VQ. In classified VQ (CVQ) [27, 28], the training
vectors are classified into a finite set of classes based on perceptually important features,
such as the edges. A separate codebook is generated for each class. During quantization
process, a classifier determines the class to which each input vector belongs. The input
vector is then encoded using the appropriate codebook. Predictive VQ (PVQ), techniques
employ a predictor followed by vector quantizer. The input vector is predicted from the
previously quantized vectors, and the prediction error is quantized. Smaller codebooks are
usually required for error vectors. Another approach used to reduce the bit rate and the
search complexity is finite state VQ (FSVQ) [29]. An FSVQ encoder consists of a finite set
of states, each associated with a small subcodebook. The state of the encoder is determined
from the previously encoded vectors and the input vector is quantized using the

corresponding codebook.

33



2.6 Image Coding using Discrete Wavelet transform

We recall from section 2.3.2 that wavelet transform [30-33] is a special case of the more
general subband coding technique. Wavelet theory provides a multi-resolution / mulu-
frequency representation of nonstationary signals, such as images. Wavelet transform
decomposes an image into a set of sub-images with excellent signal localization in both the
spatial and frequency domains. The sub-images are more stationary compared (o the
original image and hence easier to code. Wavelets provide a superior subjective image
quality by taking into account the characteristics of human visual system (HVS).
The basic concept of one-dimensional wavelet transform is to represent a_signal f(t) as
superposition of a set of basis functions called wavelets [30, 33]. In order to achieve this,
the prototype or mother wavelet function y(?) is scaled and translated along the t axis to
create a family of basis functions:

V(D =2y 1-k); jkeZ (2.49)
Here, j is an. integer measure of scaling (compression or dilation) of the wavelet function
and is analogous to the concept of frequency, and k denotes the location of the function on

the t axis. The function f(¢) can riow be expressed as:

f= a0 (2.50)

jhkm—-

where {a;,}; Jj,k €Z, are the discrete wavelet transform (DWT) coefficients of f(¢).

Multiresolution Representation

The power of the wavelet theory lies in its ability to represent a signal at different
resolutions with excellent time-scale localization [30]. This property, when applied to
images, provides lower resolutions of high subjective quality. In multiresolution analysis,

the function f(t) is represented at lower resolutions using the concept of scaling function.
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For this purpose, a family of scaling functions is generated from the basic scaling function

o(r):
¢j.k(z)=2f”¢(2f:—k); jkeZ (2.51)

where ¢;,(r) 1s obtained by both scaling and translating the variable r in ¢(1). The

function f(r) can now be expressed as:

f)= i c(O,k)¢o,k(r)+i idu,k)w,-.,‘(z) (2.52)

Kemm o —

The first term of equation (2.52) provides a reduced resolution representation of the
function f(r). The second term contains the difference information between the original
function and its reduced resolution. Here, c(0,k) and d(j,k) are the scaling and DWT
coefficients of the function, respectively. To obtain f(1) at still lower resolution, the first

term can be further expanded as:

T 0080 = T, LR, O+ Sd-LOVLO @25

km—as | BT | TR
where the first term represents the function at half the previous resolution. In practice, we
deal only with the coefficients and not with ¢ and v functions. If ¢,,(t) and v, () are
orthonormal, then the jth level ¢ and d coefficients can be derived from (j+1)th level ¢

coefficients as follows:

c(j.k) =Y h(m=2k)c(j +1,m) (2.59)
d(j.k) =Y, g(m=2k)c(j +1,m) (2.55)

where h(m) and g(m) are low pass and high pass FIR filters, respectively. In other
words, level j coefficients are obtained by FIR filtering level j+1 scaling coefficients

followed by downsampling. The decomposition of a signal into lower resolutions is

generally referred 1o as the analysis process and consequently, h(m) and g(m) are together
referred to as analysis filters. The level j scaling coefficients correspond to a lower

resolution and can be further decomposed (Fig. 2.13) until the signal has been represented

at the lowest resolution desired. If the function f(¢) is sampled above Nyquist rate, then its

sampled values serve as a good approximation for the scaling coefficients at the highest
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resolution. On the other hand, the scaling coefficients at lower levels represent the samples

of the signal at the corresponding resolutions.
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Figure 2.13: Decomposition of a signal into lower resolution using analysis filters
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Figure 2.14: Reconstruction of a signal from its lower resolution using synthesis filters

It is possible to reconstruct the signal at a higher resolution using the lower resolution
coefficients. The scaling coefficients at (j+1)th level can be obtained from the jth level
coefficients as follows:

c(f+Lk)=Y h"(k=2m)c(j,m)+ Y g (k=2m)d(j,m) (2.56)
where h'(m) and g"(m) are the low pass and high pass FIR filters, respectively. To
evaluate equation (2.56), the level j coefficients c(j,k) and d(j,k) are first upsampled by

inserting zeros in between the samples. The upsampled coefficients are then passed through

their respective FIR reconstruction filters, h"(m) and g'(m), and added to obtain the
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{j+1)ih level coefficients. The reconstruction of a signal at a higher resolution from its
lower resolution coefficients is often referred to as synthesis process and consequently,
h*(m) and g"(m) are 10gether referred to as synthesis filters. The reconstruction process
can be recursively continued (Fig. 2.14) until the signal has been obtained in its original
resolution.

In image processing applications, a two-dimensional separable wavelet transform is
implemented independently, first in the horizontal direction and then in the vertical direction
[34]. This results in orientation selective high pass sub-images and a low péss sub-image,
each of which is half the original size in both the directions as shown in Fig.2.15 (a}. The
LL sub-image contains low frequency information in both directions, and is a reduced size
version of the original image. The other three sub-images (LH, HL, HH) contain high

frequency information along the horizontal, vertical and diagonal directions,

i X i
= x/8= [ x4 — x/2 —
TT
y/8 | LL,|LH
¢ ] LH,
HL,|HH |
- LH
2
/4| HL HH
L. | LH Y 3 3
y 4
HL | HH
HL H
(a) yI2 2 K
(b)

Figure 2.15: (a) Wavelet transform decomposition of an image into 4
sub-images (b) A three level image decomposition .
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respectively. The LL sub-image can be further decomposed by successive application of
wavelet transform until the smallest size image is obtained. For example, a 3-level image
decomposition is shown in Fig.2.15(h), where the LL4 sub-image generally corresponds 1o
an iconic image. The LL4, LH,, HL4 and HH4 sub-images can be recombined to
reconstruct the image at the next higher resolution LL3. This process can be repeated 10
reconstruct the image at LL; and LL; (full size) resolutions.

The multiresolution sub-images obtained using the wavelet transform are more stationary
compared to the original image signal and ére hence easier to compress. Recently, some
encouraging results have been reported in the literature for wavelet based image
compression. Antonini et. al. [34] have proposed a multiresolution veclor quantization
scheme, to compress the different sub-images individually. In their technique, a universal
sub-codebook is generated for each resolution level and orientation (horizontal, vertical and
diagonal) using a number of test images. The training set comprises of vectors belonging to
different images corresponding to the resolution and orientation under consideration. Each
sub-codebook is generated by the LBG algorithm using binary splitting technique. A

multiresolution codebook can be obtained by assembling the resulting sub-codebooks

Horizontal Horizontal Horizontal
orientation orientation orientation
sub-codebook sub-codebook sub-codebook
Vertical Vertical Vertical
orientation orientation e e orientation
sub-codebook sub-codebook sub-codebook
Diagonal Diagonal : Diagonal
orientation orientation orientation
sub-codebook sub-codebook sub-codebook
Codebook for Codebook for Codebgok for
resolution level M resolution level M-1 resolution level 2
- rdl -

Figure 2.16: A multiresolution codebook
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corresponding to different orientations at all resolution levels, as shown in Fig. 2.16. Each
sub-codebook provides a low reconstruction error and contains few codewords, which
speeds up the searching process for the best-match codeword. The coding complexity is
also low as only the appropriate sub-codebook is searched for each input vector. In
addition, it also results in a good subjective quality of the reconstructed image. One
disadvantage of their tecknique is that a high bit rate is required to reconstruct the high pass
sub-images, which may contain edges and other high frequency information.

Lewis and Knowies [35] have proposed a non-uniform tree structured hierarchical coding
scheme for individually quantizing the coefficients in the wavelet sub-images. Their scheme
uses a HVS based quantization model to reconstruct images of high subjective quality.
They have also proposed a 3-D wavelet transform based technique for video compression.
Banham and Sullivan [36] have introduced a quadtree based technique for coding wavelet
transformed images. This technique exploits the correlation between the different
orientation sub-images at all resolution levels resulting in efficient compression. The
coefficients in each sub-image are predicted using the corresponding coefficients in the
higher scale sub-image with the same orientation. The prediction difference is scalar
quantized using non-uniform Laplacian quantizers.

Wang et. al. [37] have used non-linear interpolative vector quantization (NIVQ) to achieve
futher improvements in wavelet based image coding. Their technique forms 64-D image
vectors by combining the coefficients in corresponding locations in all the sub-images.
Since, the lower scale sub-images represent the image at lower resolutions, vector
quantization is performed using only the first 16 elements of each vector corresponding to
the lower scale sub-images. This technique not only provides improved coding
performance by exploiting the correlation between the wavelet sub-imr iges, but also reduces
the computational complexity using NIVQ. Details of this technique will be presented in

section 5.2.
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2,7 Summary

In this chapter, we first reviewed the fundamental concepts of source coding theory,
namely entropy and rate distortion, as applied to image compression. This was followed by
a review of lossless and lossy compression techniques, such as huffman coding. run-
length coding and DCT. We then presented the details of the JPEG standard which
provides a framework for still image compression. Section 2.5 reviewed vector
guantization, a powerful technique for low bit rate image compression. Finally, we
reviewed wavelet based image coding techniques in section 2.6. In the next chapter, we
define the concept of scalability and review the various scalable image compression

technigues.
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Chapter 3

Review of Scalable Image
Compression

In this chapter, we first define the concept of scalability and then describe the three types,
namely SNR, spatial and temporal scalabilities. We note that in the context of still images,
only the first two types of scalabilities are applicable. We then describe a more general form
of scalability called the bit rate scalability. This is followed by a review of the various spatial

and tranform domain techniques for achieving scalable image compression.

3.1 Definition of Scalability

In general, each image and video compression application has specific functional
requirements and quality constraints. For example, an image browsing application generally
requires the capability of displaying images in different sizes and/or picture qualities.
Similarly, simultaneous transmission of NTSC and HDTV also requires the capability of
displaying video signals in multiple spatial resolutions. Though the two applications require
similar features, their quality requirements can be quite different. The transmission
application requires high subjective quality at all spatial resolutions, while the browsing

application may require a high quality image only at the full spatial resolution. In addition,
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some of the features of an application may be optional and may depend on the availability of
resources such as, CPU processing power, transmission bandwidth and display resolution.
These resources generally vary from one system 10 another and in some cases may impose
constraints even on the basic features required by the applications. Therefore, the encoding
and decoding algorithms should be flexible enough to provide a satisfactory performance,
by efficiently using the available resources. This extra flexibility is referred to as scalability.
In other words, scalability is a property of the image/video data representation that allows

applications to provide certain features {38-42]. The three types of scalabilities are defined

below.

3.1.1 SNR Scalability

SNR (quality) scalability is a generic feature referring to the representation of images in
different qualities or Signal to Noise (SNR) resolutions, at a fixed size. SNR scalability has
sometimes been termed as amplitude scaling [38], and more often as progressive image
transmission (PIT) [43-45]. SNR scalability makes possible an approximate reconstruction
of the image using only a small portion of the compressed bitstream for quick recognition.
Based 6n user's demand, the reconstructed image is then progressively improved, by
adding more information from the bitstream in single/multiple iterations, until the image is of
acceptable quality. This feature is especially useful in interactive applications, such as image
browsing, where an image database is searched based on a particular criterion. The retrieval
process can be terminated if the intermediate version of the image is of satisfactory quality or
if the image is found to be of no interest. This results in the saving of average
decompression time per image and transmission bandwidth (in the case of remote databases)
thereby providing effective compression due to user termination. In addition, SNR
scalability is also useful in transmitting images over low bandwidth channels, such as

telephone lines, where the available transmission bandwidth may be limited. These
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applications generally require the image to be reconstructed in an acceptable (coarse)
resolution using only a small portion of the entire bitstream. However, a typical
compression algorithm may provide a (high quality) reconstruction of only a small image
region using an approximately equal number of bits.

In order to provide SNR scaiability, the compression algorithm should have the following
characteristics:

1. The image data should be reorganized in multiple layers in the decreasing order
of importance. The first layer corresponds 1o the reconstructed image at the
lowest possible SNR resolution, which is improved by gradually adding the
subsequent layers.

2. The first few approximations of the reconstructed image should have a very low
bit rate and should provide sufficient information for image recognition.

3. Good coding performance.

4, If required, it should be possible to exactly reconstruct the original image
(lossless compression).

5. A fast decompression algorithm, since browsing images in a database implies

one time compression and mutiple decompressions.

3.1.2 Spatial Scalability

Spatial scalability refers to the feature of image representation in different sizes or spatial
resolutions [39-41]. This feature provides the capability of reconstructing images in lower
spatial resolutions using only a small portion of the compressed bitstream. Like SNR
scalability, spatial scalability is also very useful in image browsing applications. The images
in the database are first displayed at the lowest resolution, corresponding to the size of an
icon. Based on user's demand, the selected image can then be zoomed to higher spatial

resolutions by adding more information from subsequent portions of the image bitstream,
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until the image is reconstructed in full spatial resolution. Alternatively, spatial scalability can
be used to simultaneously display an image at different spatial resolutions. This feature is
very useful in a multiuser environment where the compressed bitstream is available to a
number of display devices with varying resolution requirements, ¢.g. a videophone, an
NTSC video monitor and an HDTV.

The basic characteristics required in a compression scheme for efficiently implementing
spatial scalability are:

1. Hierachical reorganization of the image data where the highest level of the
hierarchy corresponds to lowest spatial resolution of the image.
| 2. Low spatial resolutions of high quality.
The remaining requirements are similar to those for SNR scalability, such as good coding

performance, lossless reconstruction (if possible) and a fast decompression algorithm.

3.1.3 Temporal Scalability

Temporal scalability refers to a hierarchical representation of video such that each level of
the hierarchy has a different frame rate [40, 41). Temporal scalability is applicable only to
video and has applications related to migration of current NTSC and HDTV formats having
low temporal resolutions (frame rate) to future progressive HDTV having higher temporal
resolution. This is achieved by using a layered coding scheme to accomodate both interlaced

and progressive video.

We note that the three types of scalabilities can be combined in different ways (resulting in a
layered coding structure), depending on the application requirements. For example, the
SNR and spatial scalabilities can be combined together 1o provide a flexible image browsing
system, where each spatial resolution of the image can be displayed at multiple SNR
resolutions. Fig.3.1 illustrates a particular combination of the SNR, spatial and temporal

scalabilities for a sequence of image frames. Here, the four layers may corresponds to a
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videophone with a low frame rate, an NTSC resolution TV, an HDTV and a super high

definition HDTV, respectively. In this thesis, only SNR and spatial sc

applicable to still images) are investigated.
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Figure 3.1: Illustrations of the three types of scalabilities.
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Bit rate scalability is a more comprehensive concept and refers to the scaling of the image

bitstream such that the image sequence can be reconstructed at a lower quality and/or size

and/or frame rate using a fixed portion of the compressed bitstream. Bit rate scalability is

useful in ensuring a graceful degradation in the system performance in the event of resource

constraints. Two important resources whose loss may degrade the system performance are:

transmission bandwidth and CPU processing power {42]). For example, loss of
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(ransmission bandwidth may occur in applications which use packet switching techniques,
such as asynchronous transfer mode (ATM) for image/video transmission. In ATM, the
effective channel capacity is not known in advance as the bandwidth is statistically allocated
to a large number of data sources on a competetive basis. In addition, the image data may be
lost in the event of cell losses due to network congestion. As a consequence the decoder
should be able to decode and display the transmitted image(s) from the partially received
image bitstream. Another factor affecting the system performance is that the image/video
application has to compete with several other processes for the CPU resource if it is
executed on a workstation with a multitasking environment. This is especially applicable in
desktop video conferencing applications with multiple participants. Moreover, the same
application may be executed on platforms with different processing powers. The coding and
decoding processes are therefore influenced by a compuational bandwidth which in turn
limits the number of bits decoded. Hence, bit rate scalability should provide a satisfactory
performance by facilitating the reconstruction of image/video in the best possible SNR
and/or spatial and/or temporal resolutions using only the available portion of the image/video
bitstream. In other words, there should be a graceful degradation in performance in the

event of loss of system resources.

3.2 SNR Scalability

In order to achieve SNR scalability, the image data is first reorganized into a fixed number
of levels in either the spatial or transform domain. This is followed by compression and/or
transmission of the various image levels in the decreasing order of their importance. In the
spatial domain, the image can be reconstructed progressively either on a pixel by pixel basis,
as in the bit plane and subsampling techniques, or by operating on larger data units obtained
by preprocessing the image, as in residual error vector quantization. The transform domain

techniques can be classified into coefficient scanning, bit slicing and S-transform. We now
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review some of the spatial domain techniques which will be followed by a review of the

transform domain techniques.

3.2.1 Spatial domain Techniques

Bit planes

A digital image quantized to & bits/pixel resolution can be represented as a set of k bit
planes, where the kth bit plane corresponds to the kth bit of all the image pixels. Each bit
plane is equal to the original image in size, as shown in Fig.3.2. SNR scalability is achieved
by transmitting the bit planes successively starting with the most significant bit plane and
ending with the least significant one. At the decoder, the image is reconstructed by gradually
refining the gray levels of image pixels as more bit planes are received. This is a very simple
technigue and is capable of lossless feconstmction if all the bit planes are used. However, it

achieves very low compression.

Pixel value in bits

most significant bit plane

i

least significant bit plane

Figure 3.2: Slicing an 8 bit image into bit planes
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Subsampling

Another simple spatial technigue is the progressive subsampling approach. In this method,
the image pixels are subsampled and then transmitted progressively. At the decoder, the
missing pixels are interpolated using a variety of techniques such as bicubic splines, bilinear
interpolation, cubic convolution etc. However, this approach does not yield a good

performance [43].

Residual error vector quantization

Residual error vector quantization (REVQ) essentially employs a multi-stage vector
quantization scheme [44]. In the first stage, the input image is vector quantized using a small
size codebook and the corresponding labels are transmitted. A residual error image is
formed by subtracting the reconstructed image of first stage from the original image. This
forms the input to the second stage and is vector quantized using a separate codebook. The
corresponding labels are used to improve the quality of the previously reconstructed image.
Proceeding in a similar fashion, a residual error image is calculated at each level and vector
quantized. Separate codebooks are used for each stage, as there is little correlation between
the residual error images. A final stage with entropy coding is required for lossless
reconstruction of the image. This technique achieves a higher coding performance compared
to the bitplane and subsampling techniques because of the following two reasons. First,
vector quantization provides a better performance than scalar quantization, as observed in
section 2.5. Secondly, due to the use of iterative feedback the residual error images are
decorrelated, which in turn results in a higher compression. The main drawback of REVQis

its computational overhead.
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Tree-structured vector quantization

Another VQ based technique for achieving SNR scalability is tree-structured vector
quantization (TSVQ) [45]. TSVQ uscs multiple codebooks of different sizes which are
organized in a tree-structure. Each level of the tree has only one codebook and corresponds
to a particular SNR resolution. For the special case of a balanced binary tree (Fig.3.3), the
size of the codebook increases by a factor of two at every level of the tree. In addition, each
codewaord of an intermediate Jevel codebook has two children codewords, which belong to
the next level codebook. The input image vectors are first quantized using an intermediate
level codebook and the corresponding indices are transmitted to reconstruct the image at a
low SNR resolution. Each vector in the reconstructed image is then progressively refined
using additional bits for its index, which specify the reproduction codeword in the next level
codebook. The image can thus be gradually improved until it is reconstructed at the highest
SNR resolution. We note that this technique provides lossy compression. Lossless
compression is achieved by transmitting the final residual error image (at the highest SNR
resolution). We note that TSVQ has a lower computational complexity compared to normal

VQ but it may result in a sub-optimal codebook at the highest resolution.

level O

level 1

‘> codewords

level 2

level 3

Figure 3.3: A tree-structured codebook for TSVQ
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Nonuniform spatial pyramids

In general, the information contained in a natural image is not distributed uniformly over all
its pixels. Nonuniform spatial pyramids exploit this feature of the images to yield high
compression. In order to achieve this, a set of thresholds, T::T; > T4, are first chosen
[51]. The original image is decomposed into four sub-images of equal size if the difference
between the maximum and minimum values of the image pixels is greater than the first
Lhreshola,t T;. Each sub-image is recursively decomposed in a similar fashion, using
threshold Ty, until a_sub-image of size 1 pixel is reached. This forms a nonuniform pyramid
corresponding to an approximation of the image. The same procedure is now repeated for
the next threshold 7. As T < T7, the resolution of the pyramid produced with threshold
T,, is higher than that produced with 7j. Furthermore, the lower resolution pyramid is
contained in the higher resolution pyramid. We note that this process can be continued with
the smaller values of thresholds. SNR scalability is achieved by reconstructing the image
starting with the lowest resolution pyramid. This technique makes image identification easy,
as high detail areas are reconstrucied in the first few approximations, However, the
compression ratios are low and there is a high computational overhead. In addition, no
proper method exists for optimizing the threshold values.

In general, pyramidal techniques are more suitable for achieving spatial scalability and will

be discussed in detail in section 3.3.1.

3.2.2 Transform domain Techniques

In addition to spatial domain, SNR scalability can also be achieved in the transform domain.
We recall from section 2.3.2 that an image can be decomposed into a spectrum of
decorrelated coefficients using an orthogonal transform. The magnitude of a coefficient

corresponds to the amount of energy contributed by its spectral (or basis) function in the

RN
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image. The energy of most of the natural images is concentrated in the lower order
coefficients. For example, in discrete cosine transform (DCT), the first (DC) coefficient
corresponds to the mean value of all the pixels in an image block. Therefore, it is possible to
reconstruct a reasonable approximation of the original image using only a few low order
coefficients. This image can be further improved by the addition of higher order
coefficients. As the coefficients are quantized in most of the transforms, the highest
resolution image is lossy and a lossless reconstruction is possible only if a residual error
image is transmittéd. The transform domain techniques can be classified into three

categories: band partitioning, bit slicing and S-transform.

Band Partitioning

In the band partitioning technique, the transform coefficients of the image are partitioned
into a number of groups or bands by scanning them in a prespecified order. All the
coefficient bands are compressed individually and stored/transmitted in the decreasing order
of their importance. The image can be reconstructed in the lowest SNR resolution by
decompressing and inverse transforming the first (and the most significant) band. In order
to obtain higher SNR resolutions, the coefficients contained in the subsequent bands are
inverse transformed and added to the lower resolution image. This process is continued untl
all the bands have been decoded to reconstruct the image at the highest SNR resolution.

In this approach, it is very important to choose the order in which the coefficients are
scanned as it directly affects the formation of bands which in turn determines the image
quality at different SNR resolutions. One popular method is to reorder all the AC
coefficients in terms of the Normalized Mean Square Error (NMSE) of the reconstructed
images. For this purpose, the reconstructed image for each AC coefficient is formed by
inverse transforming only the DC and the corresponding AC coefficient. Another possible

method is to reorder the coefficients according to their entropy [53). We note that the
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progressive mode of JPEG uses a fixed ordering of DCT coefficients. For this purpose, the
2-D array of coefficients is first converted into a 1-D array by scanning them in a zig-zag
fashion (as in the baseline mode of JPEG discussed in section 2.4.1). We note that the
coefficient energy generally decreases monotonically along the zig-zag scan. Detaiis of the
progressive mode will be presented in section 4.1. Other scan pauerns reported in the
literature include peano scan, peano-hilbert scan and similar space filling curves, etc {55].
These fixed scan patterns have been designed for a broad range of applications and may not

be the best for a specific type of image.
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Figure 3.4: Bit maps (left) and incremental bit maps (right) for a block of size
4x4 pixels. Incremental bit rate = 1 bit/pixel.
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Bit Slicing

Tzou and Elnahas [53] have described a bit slicing technique for achieving progressive
improvement in the quality of the reconstructed image. In their technique, the transform
cocfficients are scalar quantized in a number of stages by using a set of incremental bit
maps. Fig.3.4 shows an example of the bit maps, where the incremental bit rate per stage is
1 bivcoefficient. The total number of bits assigned to each coefficient is equal to the number
of bits per pixel (in spatial domain). The sequence of bits allocated to each coefficient can be
read from the corresponding location in the bit maps. This scheme can be viewed as a
slicing of the full bit assignment map of the coefficients. The scheme has two disadvantages:
first, it does not achieve any compression as each coefficient is eventually quantized at the
same rate as the original image; second, each coefficient is assigned an equal number of bits

i.e. bit allocation is not optimized.

S-Transform

The S-Transform is a hierarchical approach for image representation [56, 57]. It can be used
for achieving both SNR and spatial scalabilities: the SNR scalability implementation has
been discussed in this section, while that for sptial scalability will be presented in section
3.3.2. The input image is first partitioned into spatially nonoverlapping blocks of size 2 x 2
pixels. Each block of pixels is then transformed into 4 coefficients using Hadamard

transform (equation 3.1).

d, =%(x, +x,+x,+x,), 4 =—:I(x1 + X, =Xy = X,)
(3.1)

]
d, =Z(I‘—x2 —X X)), =X =X F X — X,

where,

d, = DC coefficient, d,, d,, d, = AC coefficients,

X, X3, X32 X, = pixel values in an image block.
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The first (DC) coefticient. d,, is the average of the four pixels in the block, while the other
three, d,. d, and d,. are high frequency (AC) coefficients. A sub-image having half the
dimenstons of the original image can be obtained by assembling the DC coefficients of all
the image blocks. Similar sub-images can be obtained for the three AC coefficients. The DC
coefficient sub-image can be further decomposed by succesive application of Hadamard
transform to form a pyramidal structure. In the limiting case, the DC sub-image contains
only one pixel. SNR scalability is achieved by first displaying the smallest DC sub-image,
upsampled to the size of original image. This image is improved by adding information from
the corresponding AC sub-images to obtain next SNR resolution. This process is repeated
unti] the image is reconstructed at the highest resolution.

S-Transform decomposes the image into a hierarchy of sub-images without providing any
compression. It is necessary to use some compression technique on the sub-images in order
to achieve a good coding performance. We note that the operation of S-transform is very
similar to wavelet transform as both of them decompose the image to form a sequence of

sub-images arranged in a pyramidal structure.

3.3 Spatial Scalability

A simple approach for reconstructing the original image at small spatial resolutions is 1o
subsample the full size reconstructed image to the required size. However, this strategy is
wasteful in terms of transmission and computational bandwidths. Therefore, the image data
is generally organized in a hierarchical fashion, such that each level of the hierarchy
corresponds to a specific spatial resolution of the image. We recall from the previous section
that a pyramidal structure recrganizes the image data in a hierarchy of increasing spaiial
resolutions. As a result, almost all techniques for achieving spatial scalability employ

pyramidal data structures. We now review some of these techniques.
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3.3.1 Spatial domain techniques

Spatial pyramids

Pyramid data structures provide a natural way of representing images in a hierarchical
fashion. A pyramid data structure reorganizes the input image X as a sequence of matrices,
(X}, i=01,..,N-1 such that {X;_;} is a reduced resolution version of the {X;} image.
In the limiting sense. X is a single pixel matrix. while X _1 corresponds to the original
image. Since each level of the pyramid represents the image at a different spatial resolution,

it is possible to achieve spatial scalability by transmitting the images in the pyramid, starting

from the topmost level.

W aw, e

Input image Quadtree pyramid Difference quadtree
of input image pyramid

Figure 3.5: Formation of a uniform quadtree pyramid

The simplest pyramid is a quadtree (fig.3.5) which is constructed as follows: Given an
image of size 20 x 21, a pyramid data can be formed by successively operating on the
neighbouring 2 x 2 pixels [46-50). In other words, the value of a pixel in {X;1} is a
function of the corresponding 2 x 2 pixels in {X;}. The function can be the mean, minimum,
maximum, median, sum, etc. As each pixel at level i ~1 is associated with four siblings at a

lower level i, this data structure is called a uniform quadtree. An example is a quadtree
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formed using truncated mean in which the pixels at all levels are truncated to integer values.
It can be seen that such a data structure results in a 33.3% additional overhead for
representing images. Many technigques have been proposed in the hiterature to reorganize the
levels of the pyramid for minimizing redundant information. The different levels are then

individually compressed and stored/transmitted. We now review some of these techniques.

Hierarchical interpolation

The simplest pyramid is obtained by a strict subsampling of the image. Here, each parent
node belonging to level k —1 of the pyramid resembles one of its four siblings at level k. In
order to achieve compression, a difference pyramid is formed to store the difference
between the parent node and the remaining three siblings, at each level of the multiresolution
pyramid (Fig.3.5). The topmost level of the multiresolution pyramid corresponds to the
lowest resolution image. Reconstruction of higher spatial resolutions requires interpolation
of the missing pixels. This is performed by recursively adding the difference values to the
parent nodes until an exact reconstruction of the image is achieved. There are two
disadvantages with this scheme. First, the use of subsampling without any prefiltering
results in aliasing artifacts in the lower resolution images. Secondly, the subsampled pixels

may not be a good representatives of their respective image regions.

Difference pyramid vector quantization

Wang and Goldberg [58] have suggested a quadtree based approach for progressive image
transmission (i.e. SNR scalability). Their technique achieves SNR scalability by first
reconstructing the image at different spatial resolutions and is therefore more suitable for
achieving spatial scalability. In this technique, a mean gquadtree is first formed by

partitioning the original image into blocks of 2 x 2 pixels and computing the average pixel
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value of each block. From this mean pyramid, a difference pyramid is formed. The
difference pyramid has a lower first order entropy than the mean pyramid and can therefore
be compressed more efficiently. Each level of the difference pyramid is then vector
quantized using a separate codebook. The receiver reconstructs the lowest resolution image
and all the subsequent levels of the difference pyramid using their corresponding labels and
codebooks. The higher resolutions of the image are obtained by recursive addition of the
difference pyramid levels to the lowest resolution image. This is a highly efficient technique

as compared to hierarchical interpolation.

Knowlton's technique

Knowlton has introduced a novel approach to form a spatial domain pyramid [36]. His
technique uses a reversible transformation, to map pixels of the original image into a new set
of values, resulting in a data structure which resembles mean pyramid. This transformation
maps k-bit values of adjacent pairs of pixels into a k-bit composite value and a k-bit
differentiator. The composite and the differentiator values are roughly equal to the mean of
the two pixels and their difference biased with the middle gray scale value (128 for an image
with 256 gray levels), respectively. This mapping can be easily performed using a simple
algorithm or a look-up table [60]. Different levels of the pyramid are obtained by recursive
application of the mapping process, alternating between the horizontal and vertical pairs.
The number of bits required by the differentiators is equal to the number of bits in the
original image. and therefore this technique does not increase the size of image data during
pyramid formation. As the differentiator values have a non-uniform distribution, they can be
efficiently compressed using variable-length codes. The image is hierarchically
reconstructed at different spatial resolutions using the composite value at the top of the

pyramid and all the differentiators. A disadvantage of Knowlton's technique is that at lower
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levels of the pyramid, the composite values do not adequately represent the image, resulling

in an inferior image quality.

Filiered pyramids

Burt and Adelson have proposed a general method for formation of pyramids [48]. In their
approach, the original image X = Gyis first low pass filtered by convolving it with a
Gaussian-like weighting function. The low pass filtered gaussian image. Gj. is then
subtracted from Gg to produce a difference image Lg. Due to its low pass characteristics, the
image Gy can be subsampled by a factor of two in both directions without losing much
information. On the other hand, Ly is largely a decorrelated image and can therefore be
compressed using fewer bits. This results in an overall reduction in the data to be
stored/transmitted. The image G can be further decomposed by succesive low pass filtering
and downsampling of the Gaussian images resulting in the formation of a Gaussian
pyramid. A Laplacian pyramid can be similarly obtained by assembling all the difference
images L;. The Laplacian pyramid is then encoded using technigues such as run-length
coding, vector quantization, etc. The image is reconstructed in the reverse order of
decomposition using the lowest resolution Gaussian image and all the Laplacian images.
The size of the image is increased by a factor of two in both directions at each step of
reconstruction by adding the corresponding level of the Laplacian pyramid to the
(upsampled) lower resolution image.

A variation of the Burt and Adelson's technique is the filtered pyramid obtained using
Quadrature Mirror Filters (QMF) (14, 15]. For this purpose, a 2-D QMF is constructed by
applying a 1-D QMF successively in the horizontal and vertical directions, respectively. This
process decomposes the image into four subbands producing one Gaussian (low pass
filtered in both directions) and three Laplacian images. The Gaussian image can be further

decomposed by recursive application of 2-D QMFs resulting in a Gaussian and a Laplacian
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pyramid, respectively. Each level of the Laplacian pyramid consists of three images,
corresponding to the high frequency contents in one or both directions. The image is
reconstructed in the reverse order of decomposition (0 provide different spatial resolutions.
We recall from section 2.6 that wavelet decomposition can be easily performed with QMF
filters. However, QMFs are a small subset of the wavelet theory which is more general in its

nature and scope.

3.3.2 Transform domain techniques

We recall from section 3.2.2 that the energy of most natural imagés is concentrated in the
lower order transform coefficients. As a result, smaller spatial resolutions typically contain
lower spatial frequencies of the original image. Therefore, it is possible to reconstruct an
image in smaller sizes by reorganizing the transform coefficients in a pyramidal data
structure to obtain a hierarchical image representation. Many spatial domain pyramidal
techniques, such as filtered pyramids, are often used in conjunction with the transform
domain techniques to provide a good coding performance. For example, a high compression
ratio can be obtained in Burt and Adelson's technique by compressing the Gaussian and
Laplacian pyramids using JPEG-DCT. In almost all the cases, the image is reconstructed at
the lowest spatial resolution by decompressing the bitstream corresponding to level 0 of the
pyramid. This image is then zoomed to a higher spatial resolution by upsampling and its
quality is improved by adding information from the decompressed bitstream of the
corresponding level. The entire process is repeated until the image is reconstructed at the
highest spatial resolution.

Once again due to coefficient quantization, the full size reconstructed image is lossy and
hence a lossless reconstruction is possible only if the residual error image is
stored/transmitted. We now review some of the transform domain technigues proposed in

the literature,
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S-Transform

We recall from section 3.2.2 that the S-Transform can be used for achieving both SNR and
spatial scalabilities. We now discuss its application for implementing spatial scalability. S-
wransform hierachically decomposes the input image into a sequence of low pass and high
pass sub-images organized in a pyramidal structure. The low pass sub-images represent the
original image in different spatial resolutions. The various sub-images are individually
compressed using technigues such as runiength coding, vector quantization, ¢tc.

We recall from section 2.6 that wavelet transform decomposes the image into a pyramid of
sub-images similar to the S-transform. However, the lower resolution images obtained with

wavelet transform are of superior subjective quality.

Spatial domain pyramid

Hanamura er. al. [39] have proposed a hierachical coding scheme for scalable video. As a
special case, their coding scheme can also be used for scalable compression of still images.
They have introduced a downsampling filter (Fig.3.6) for constructing a spatial domain
ﬁyramid which results in visually pleasing images at lower spatial resolutions. A
complimentary filter for upsampling the Jow resolution images has also been introduced.
The pixel values of the downsampled and upsampled images in Fig.3.6 are calculated using

the following equations:
1
d= -6-2[(11, Fu, i) =5 (g + Uy it g+ g Uy i, + i)

+25 (U + 1y +uyy +u4y,)] (3.2 a)
U= -é—[dl +4d,+4d,] (3.2b)

where, d = value of a pixel in the downsampled image,

u = value of a pixel in the upsampled image.
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Figure 3.6: Hanamura's technique (a) Downsampling filter (b) Upsampling filter

A difference pyramid is formed by computing the difference between the upsampled images
and the corresponding downsampled versions of the original. For still images, all the levels

of the difference pyramid are individually compressed using JPEG-DCT.

Frequency domain pyramid

Gonzales and Viscito [38) have proposed to construct a multi-resolution pyramid in the DCT
coefficient domain for scalable video coding. As a special case, their coding scheme can also
be used for scalable compression of still images. In their technique, the original image is
first filtered and downsampled to form a quadiree. For a four level quadtree, the images at
1st, 2nd and 3rd levels are partitioned into non-overlapping blocks of sizes 1x1, 2x2 and
4x4 pixels, respectively. The original image present at the lowest (4th) level of the quadtree
is partitioned into blocks of size 8 x 8 pixels. The image blocks at all the levels are then

transformed using n x n DCT where n = no. of pixels per dimension in a block . For
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efficient compression, the DCT coefficienis at each layer are used to predict the
corresponding low frequency coefficients in the next higher layer, as shown in Fig.3.7. Ali
the coefficicnts are then quantized. The predicted coefficents together with the new ( non-
predicted) coefficients are then scanned in a zig-zag fashion and runlength and huffman

coded using the JPEG (MPEG-1 for video) tables.

Level 1 1/64 resolution Predicted DCT coefficient
Level 2 1/16 resolution D Non predicted DCT coefficient
Level 3 1/4 resolution

Level 4 Full resolution

Figure 3.7: Predictive coding of DCT coefficients in a pyramidal fashion

One key difference between the frequency and spatial pyramids is that frequency pyramids
use DCTSs of smaller size in the lower layers, while spatial pyramids generally use 8 x 8
DCT as recommended in the JPEG (and MPEG-1) standard(s). A detailed performance
comparison between the n x n DCT ,n=2,4and 8 x 8 DCT operations shows that the
former are more efficient in terms of execution time which is a clear advantage for software

encodiﬁg and decoding. However, 2 x 2 and 4 x 4 DCT encoding requires more side
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information in the lower layers as compared to 8 x 8 DCT which may result in a lower

compression performance.

3.4 Summary

In this chapter, we first defined the concept of scalability and described its three types. In
the context of still images, only SNR and spatial scalabilities are applicable. A more
comprehensive concept called bit rate scalability was then defined. This followed with a
review of the various spatial and transform domain techniques for achieving SNR and
spatial scalabilities,

In the case of SNR scalability, direct spatial domain techniques do not provide good
performance unless powerful techniques such as vector quantization are used. Transform
domain techniques offer high compression efficiency since most of the energy in natural
images is concentrated in a few low order coefficients. Some of the techniques for SNR
scalability in transform domain include band partitioning, bit slicing and S-transform.
Spatial scalability is generally implemented by reorganizing the image data in a pyramidal
data structure where each level of the pyramid corresponds to a specific spatial resolution of
the image. Difference pyramid vector quantization is a powerful technigue for achieving
spatial scalability. Filtered pyramids (e.g. Burt and Adelson's method) require a spatial or
wansform domain technique for achieving compression. Most of the high performance
transform domain techniques for achieving spatial scalability are DCT based.

In the next chapter, we will investigate the implementation of SNR and spatial scalabilities
within the framework of JPEG standard which employs DCT as the (lossy) compression

technique.
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Chapter 4

JPEG based Scalable Image
Compression

In this chapter, we present scalable image compression algorithms within the framework of
JPEG standard. We recall from section 2.4 that the JPEG standard has four modes of
operation:

1. Baseline sequential

2. Lossless compression

.. 3. Progressive coding mode

4, Hierarchical coding mode
The baseline sequential and lossless compression modes provide the basic feature of lossy
and lossless compression, respectively. In this chapier, we first present the progressive
coding mode, which provides SNR scalability using two different techniques. We then
present the hierarchical coding mode which provides spatial scalability using a pyramidal
approach. This follows with the implementation details and simulation results of the
progressive and hierarchical modes for performance evalnation an;:l- comparisen. A high-
performance wavelet based technique is then proposed for enhancing the performance of

hierarchical mode. Finally, we investigate and compare the performance of transmitting
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images over ATM networks compressed using the baseline, progressive and hierarchical

modes, respectively.

4.1 Progressive coding mode

In the progressive (DCT-based) mode, the image data (i.e. quantized DCT coefficients) is
decomposed into several layers. The higher and lower layers correspond to high priority
and low priority information, respectively. Each layer is compressed and stored separately.
A first approximation image is reconstructed using only the highest layer. This image is
progressively improved by gradually adding the information from the lower layers until a
full quality image is obtained. The standard has proposed two techniques for deéomposing

the DCT coefficients: (1) Spectral selection and (2) Successive approximation.

4.1.1 Spectral selection

In spectral selection (SNR-SS), the DCT coefficients are partitioned into 2 number of bands
according to their frequencies and each band is compressed separately using the enhanced
sequential algorithm (ESA) (refer section 2.4). The first band is generally reserved for the
DC coefficient. The AC coefficients (zig-zag scanned) are split amongst the remaining
available bands as shown in Fig.4.1.

Each band is defined by a header which specifies the indices corresponding to its first and
last coefficients. A coarse quality image is obtained by first decoding the DC band. In order
to improve the quality of this image, the AC bands are gradually decoded (by computing
th_eﬁ' inverse DCT), and added to the coarse resolution image. This is possible due to
linearity of DCT. Hence, spectral selection reconstructs the image in different qualities

(SNR resolutions) thereby providing SNR scalability.
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Figure 4.1: Spectral selection technique of JPEG-Progressive mode

4.1.2  Successive approximation

In successive approximation (SNR-SA), all the (quantized) DCT coefficients are first

encoded at a reduced precision. In other words, the coefficients are sliced into a number of

bit planes as shown in Fig.4.2, which are then individually compressed. The most

significant bit (MSB)

001234567

Most significant plane

Least significant plane

Figure 4.2: Successive approximation technique of JPEG-Progressive mode
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plane contains the coefficients at a reduced precision and is compressed using ESA. Each
lower bit plane improves the cocfficient precision (by 1 bit), and is compressed using a
modified version of ESA to achieve high compression. In the successive approximation
technique, the first approximation image, reconstructed from only the MSB plane, has both
low and high frequency information which results in a reasonable reconstruction of the
edges at low bit rates. However, there are distortions or artifacts which are eliminated by
gradually adding the information from the lower bit planes. Thus, we obtain images in
progressively improving qualities (i.e. SNR scalability). |

We note that in hoth the spectral selection and successive approximation techniques, a
buffer is required between the quantizer and the huffman coder to store the DCT
coefficients as the compression is performed in multiple passes. These two techniques can
be combined to provide a more flexible implementation of SNR scalability: for example,

spectral selection within successive approximation.

4.2 Hierarchical coding mode

The hierarchical mode of JPEG sgndard proposes a pyramidal structure for encoding
different spatial resolutions of the image (Fig.4.3). The spatial resolution of the image
increases from top level (L) to the bottom level (In.;) of the pyramid. Spatial scalability is
achieved by first displaying the lowest resolution image which is gradually zoomed, based
on user demand, to progressively higher resolutions (as required in image browsing).
Aliematively, the image may be displayed simultaneously on multiple monitors, each with a
different spatial resolution (as in simultaneous transmission of NTSC and BDTYV).
However, the standard does not specify the downsampling filters to be used for obtaining
the progressively lower size images. This is due to the fact that the JPEG standard has been
developed for a large spectrum of applications, each of which may have its own

performance requirements and processing capability. In order to achieve interoperability
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Original image
Figure 4.3: Pyramidal structure used in JPEG hierarchical mode.

between different application environments, a simple mean interpolation filter has been
specified in the standard to upsample lower resolution images by a factor of two in both the
horizontal and vertical directions. The upsampling filter facilitates computation of the
difference images as shown in Fig.4.4. The image is first reduced to the smallest size I
(corresponding to an icon for a browsing application or to the resolution of low end
receivers for transmission applications) by successively downsampling the original image
In.1- The iconic image Ig is then compressed and the resulting bitstream is decoded to
reconstruct the image at the lowest spatial resolution, Rg. To transmit the image at the next
spatial resolution Ij in the differential form, Ry is first upsampled (by a factor of two in
both directions) to the next higher size image, Ug. A difference image D, is calculated by
compuiing pixelwise difference between I; and Ug. Dy is compressed and the resulting
bitstream is decoded to obtain the reconstructed difference image Dy'. The image at the next
spatial resolution, Ry is obtained by adding Uy to Dy'. Proceeding in a similar fashion, R,
is upsampled to the next higher size image Uy. To improve the quality of U, the image Dy
(= I - Uy), representing the required enhancement information, is compressed and
transmitted. The entire procedure is repeated until the final difference image (Dn.p) has

been encoded.
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Images of different sizes may be displayed by first reconstructing the smallest (iconic)

image Ry. Bitstreams corresponding 1o the difference images (D;) are then decoded and
added to the respective upsampled images (U;) until the full resolution image Ry.p is
obtained. We note that the JPEG hierarchical encoder has to use both downsampling and
upsampling filters and perform both compression and decompression operations,
respectively. This is necessary to reconstruct the image at all spatial resclutions R; which
are in turn used to compute the difference images D;. On the other hand, the JPEG decoder
reconstructs the images R; by using only decompression and upsampling operations.

The lowest resolution image I and the difference images D; are compressed using either
(1) baseline sequential, or (2) progressive (DCT based) coding mode. The baseline
sequential mode provides a fixed picture quality at every spatial resolution, whereas the
progressive mode can be used to gradually improve the picture quality at each spatial
resolution (i.e. SNR scalability within spatial scalability). We note that the pixel values of
the difference images are usually centered around zero. Therefore no level shift operation is
performed before calculating the DCT coefficients of the difference images. As a further
modification, the DC coefficients are compressed without using DPCM. This is due to
insignificant correlation between the DC coefficients of adjacent blocks in the difference
images. In order to achieve an exact reconstruction at the highest spatial resolution, the final
difference image may be compressed using the lossless mode. For applications which
require perfect reconstruction at all spatial resolutions, the lowest resolution image I and

the difference images D; are compressed using the lossless mode.

4.3 Simulation Results and Discussions

In this section, we first present the detailed implementation of the SNR and spatial
scalabilities using the progressive and hierarchical coding modes of JPEG, respectively.

Simulations have been performed on two test images: "Lena” and "Baboon”, each of size
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Figure 4.6(b): Baseline JPEG (BSA) encoded Baboon image reconstructed at 1.391 bits per pixel
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Table 4.1; Performance Comparison of Progressive
mode techniques with Baseline JPEG (BSA).

Algorithm Lena Baboon
Bit rate PSNR Bit rate PSNR
(bits per pixel) (dB) (bits per pixel) (dB)
Baseline JPEG 0.092 22.62 0.090 19.7
(BSA) 0.430 29.0 0.451 21.73
0.523 30.47 _ 0.876 23.9
0.620 32.28 1.16 25.81
0.715 34.44 1.391 28.23
Spectral Selection
(a) SNR-S85-1 0.092 22.62 0.090 19.7
0.715 34.44 1.391 28.23
(b) SNR-SS-1I 0.092 22.62 0.090 19.7
0.372 28.53 0.445 21.73
0.729 34.44 1.395 28.23
Successive
Approximation
(a) SNR-SA-1 0.541 30.89 1.036 23.85
0.820 34.44 1.594 28.23
(b) SNR-SA-I1 0.480 25.48 0.891 18.31
0.616 30.89 1.184 23.85
0.908 34.44 1.782 28.23
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512 x 512 pixels quantized to 8 bits/pixel. The original images and the BSA reconstructed
images are shown in Figs.4.5 and 4.6, respectively. We note that (a) and (b) parts of all the
image figures correspond to “Lena” and “Baboon" images, respectively. The quantization
tables suggested in JPEG standard have been used in all the simulations. The coding
performance has been evaluated and compared with the BSA using both objective and
subjective criteria. The objective image quality has been evaluated using Peak Signal to

noise ratio (PSNR) (refer section 2.1.3).

43.1 SNR scalability

We recall from section 4.1 that the progressive mode provides SNR scalability by
decomposing the DCT coefficients into several layers (of different visual importance) using
the spectral selection (SNR-3S) and successive approximation (SNR-SA) techniques. In
SNR-SS, two sets of experiments have been performed in which the DCT coefficients have
been partitioned into two (SNR-SS-I) and three (SNR-SS-II) bands, respectively. In both
the experiments, the first band is reserved only for the DC coefficient. In the first
experiment, SNR-8S5-1, the second band contains all the AC coefficients (Fig.4.7a). In the
second experiment, SNR-SS-II, the second band contains the first 5 AC coefficients (in the
zig-zag scan) while the remaining coefficients are contained in the third band (Fig.4.7b).
The simulation results for both the experiments have been tabulated in Table 4.1. It can be
seen that the spectral selection approach provides SNR scalability (for the same PSNR
values) with {almost) no increase in the bit rate compared to baseline JPEG algorithm.
Figs.4.8 and 4.9 show the images reconstructed using only the DC and DC+first 5 AC
coefficients, respectively for subjective evaluation and comparison with the BSA
reconstructed images (Fig.4.6). It can be observed that the first approximation image

reconstructed using only the DC coefficients suffers from extreme blocking effects.
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However, the image quality improves substantially with the progressive addition of the AC

coefficients. Note that the full quality image is exactly the same as in BSA (Fig.4.6).

[}
— oo o o—o
DC 1 AC-1 AC-2 AC-3 AC-62 AC-63
1
Band-1 ‘: Band-2
(a)
1 ' H
; o——0—0— 9
DC | AC-1 AC:2 AC3 AC-4 ACS5! AC:9 AC-10 AC-63
]
1
Band-1' Band-2 ! Band-3
(b)

Figure 4.7: (a) SNR-SS-1 (b) SNR-SS-II

In the SNR-SA technique, two sets of experiments have been performed. In the first
experiment, SNR-SA-I, the AC coefficients have been sliced into an MSB plane of 7 bits
and an LSB plane of 1 bit (Fig.4.10a) . In the second experiment, SNR-SA-II, the MSB
plane consists of 6 bits, and the remaining 2 bits have been sliced into two bit planes (1 bit
each), resulting in a total of 3 bit planes (Fig.4.10b). We note that in both the experiments,
DC coefficients have been compressed at full precision and stored in the MSB plane. Table
4.1 compares the performance of the two experiments with the BSA. The images
reconstructed using only 6 and 7 MSBs are shown in Figs.4.11 and 4.12, respectively. It
can be seen from Table 4.1 that the successive approximation technique results in a higher
bit rate compared to the BSA. Most of the bit rate is contributed by- the LSB planes which

are difficult to compress due to random distribution of values. However, it can be seen
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Figure 4.8(b): Baboon reconstructed using only DC coefficients (SNR-SS) at 0.09 bits per pixel
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Figure 4.9(a): Lena reconstructed using DC + first 5 AC coefficients (SNR-SS-II)
at 0.372 bits per pixel

Figure 4.9(b): Baboon reconstructed using DC + first 5 AC coefficients (SNR-SS-II)
at 0.445 bits per pixel
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from the images that this technique results in good subjective image quality at intermediate

SNR levels, due to reasonable reconstruction of the edges and other high frequency

information.

MSB LSB MSB LSB
76 54 3210 76 5 4 3210
DC
AC-1
AC-2
: ° : : ® ;
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' ° : ' ® \
_ AC-62
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I———-—7MSB5—-———-—!AI —— 6 MSBs— 3 1 4 |

|
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LSB plane 1
LSB plane 0
@) ®) P

Figure 4.10: (a) SNR-SA-I (b) SNR-SA-I1

In summary, the spectral selection technique provides SNR scalability at no additional cost,
while the successive approximation technique requires a higher bit rate compared to BSA.
However, successive approximation results in good reconstruction of edges and other high

frequency information.

4.3.2 Spatial scalability

We recall from section 4.2 that the hierarchical mode does not specify the downsampling
filters to obtain smaller size images. In our simsulations, a simple mean filier has been used

to reduce the image to haif the original size in both the dimensions by averaging each block
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Figure 4.11(a): Lena reconstructed using only 6 MSBs of DCT coefficients
(SNR-SA-II) at 0.480 bits per pixel

Figure 4.11(b): Baboon reconstructed using only 6 MSBs of DCT coefficients
(SNR-SA-IT) at 0.891 bits per pixel
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Figure 4.12(a): Lena reconstructed using only 7 MSBs of DCT coefficients
(SNR-SA-II) at 0.616 bits per pixel

Figure 4.12(b): Baboon reconstructed using only 7 MSBs of DCT coefficients
(SNR-SA-II) at 1.184 bits per pixel
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(i)

(iv) -

Figure 4.13(a): Lena reconstructed at (i) 64 x 64, (ii) 128 x 128, (iii) 256 x 256, and
(iv) 512 x 512 pixel resolutions using the SPS-MF technique.
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(1)

(iii

Figure 4.13(b): Baboon reconstructed at (i) 64 x 64, (ii) 128 x 128, (iii) 256 x 256,
and (iv) 512 x 512 pixel resolutions using the SPS-MF technique.
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(ii)

(iit)

(iv) -

Figure 4.14(a): Lena reconstructed at (i) 64 x 64, (ii) 128 x 128, (iii) 256 x 256, and
(iv) 512 x 512 pixel resolutions using the SPS-WF technique.
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Figure 4.14(b): Baboon reconstructed at (i) 64 x 64, (ii) 128 x 128, (iii) 256 x 256,
and (iv) 512 x 512 pixel resolutions using the SPS-WF technique.
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of 2 x 2 pixels (SPS-MF). The proposed mean filter approach has been used to implement
the JPEG hierarchical mode to achieve four levels of spatial scalability corresponding to
image sizes of 64x64. 128x128, 256x256 and 512x512 pixels, respectively. The
reconstructed images are shown in Fig.4.13. This approach has two drawbacks. First, a
mean downsampling filter does not perform very well in extracting the features from the
full size image and hence results in poor quality. Secondly, the difference images D; may
still have a significant amount of information (i.e.high entropy) leading to a poor
compression performance; We now present a wavelet transform based technique for
achieving spatial scalability (within the framework of hierarchical mode) which results in a

substantial performance improvement over SPS-MF.

4.4 Enhancements to Hierarchical mode using Wavelet

transform

We recall from section 2.6 that wavelet transform provides a multi-resolution / multi-
frequency representation by decomposing an image into four sub-images. The LL sub-
image is a reduced size version of the original image. The original image can be further
reduced to smaller spatial resolutions by successive application of the wavelet transform on
LL sub-images.

We propose to address the drawbacks of the mean downsampling filter by using wavelet
transform for obtaining the image in lower spatial resolutions (SPS-WF). In other words,
the JPEG coder obtains the images Ip, Iy, ..., IN.2 by successive application of wavelet
transform on the original image IN.1. The various spatial levels can now be coded in a
differential manner as specified in the hierarchical mode of JPEG. We have used
biorthogonal wavelet bases [s] to perform a three level decomposition on the test images.
For a full size image of 512 x 512 pixels, the lower spatial resolutions correspond to sizes

"of 256 x 256, 128 x 128, and 64 x 64 pixels, respectively. The images reconstrucled with
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this wavelet based technique are shown in Fig.4.14. It can be seen that at lower spatial
levels, this technique provides a superior reconstructed image quality than those obtained
with the mean filter approach. This confirms the excelient feature extraction capability of
the wavelet transform. In addition, the full size images obtained with the wavelet scheme
require a Jower bit rate than the mean filter approach, (hence higher compression) for the
same subjective quality of reconstructed images. Most importantly, the wavelet based
technique does not require any modifications to existing JPEG decoders.

~We note that in the hierarchical mode algorithm, the DCT coefficients of the difference
images D; can be quantized using different guantization tables which should be designed to
extract maximum possible information from each image. Since no standard quantization
tables have been reported in the literature for difference images, the sample quantization
table suggested in the JPEG standard has been used at different quality factors in our
simulations to quantize the difference images. In addition, the difference images at the
fower spatial levels can be reconstructed using only the first few DCT coefficients. As a
result, the difference images at the subsequent spatial levels will have a higher information
content. The overall compression performance can be improved by using fewer DCT
coefficients (which in tum are coarsely quantized) to reconstruct Ip and smaller D;'s, while
using all the 8 x 8 coefficients (quantized at high guality factors) for the remaining D;'s.
This may result in some loss in the quality of smaller size images (R;) without affecting the
full resolution image. However, for applications which require high subjective quality at all
spatial levels, such as simultaneous transmission of NTSC and HDTV, the smaller
difference images should be reconstructed using all the coefficients (quantized at high
quality factors) to preserve high frequency information. The loss in compression
performance can be minimized by coarsely quantizing the difference images at higher
spatial levels which have low information content.
It is difficult to objectively compare the performance of SPS-MF and SPS-WF at lower

spatial resolutions, as the original image is available only at the highest spatial resolution.
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Table 4.2: JPEG Hierarchical mode. Performance comparison of the
two spatial scalability techniques: SPS-MF and SPS-WF

Lena
Size of the reconstructed SPS-MF SPS-WF
image before upsampling
to 512 x 512 pixels . .
bit rate bit rate
(bits per pixel) | PSNR@B) | (hits per pixel) PSNR (dB)
64 x 64 0.039 20.43 0.039 23.76
128 x 128 0.146 23.8 0.161 27.46
256 x 256 0.403 28.46 0.424 31.15
512 x 512 0.897 33.72 0.846 33.67
Baboon
Size of the reconstructed SPS-MF SPS-WF
image before upsampling
t0 512 x 512 pixels bit rate .
bit rate
(bits per pixel) | PSNR@B) | thitsperpixety | PSR (@B)
64 x 64 0.034 19.07 0.036 19.72
128 x 128 0.162 20.08 0.196 20.94
256 x 256 0.579 22.08 0.673 23.19
512x 512 1.649 27.48 1.64 27.51
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Figure 4.15(a) -(i): Lena reconstructed at 64 x 64 pixel resolution using SPS-MF
technique followed by upsampling to 512 x 512 pixels.

Figure 4.15(b) -(i}: Baboon reconstrucied at 64 x 64 pixel resolution using SPS-MF
technique followed by upsampling to 512 x 512 pixels.
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Figure 4.15(a) -(i1): Lena reconstructed at 128 x 128 pixel resolution using SPS-MF
technique followed by upsampling to 512 x 512 pixels.

Figure 4.15(b) -(ii): Baboon reconstructed at 128 x 128 pixel resolution using SPS-MF
technique followed by upsampling to 512 x 512 pixels.
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Lena reconstructed at 256 x 256 pixel resolution using SPS-MF
technique followed by upsampling to 512 x 512 pixels.

Figure 4.15(b) -(iii):

Baboon reconstructed at 256 x 256 pixel resolution using SPS-MF
technique followed by upsampling to 512 x 512 pixels.
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Figure 4.16(a) -(i): Lena reconstructed at 64 x 64 pixel resolution using SPS-WF
technique followed by upsampling to 512 x 512 pixels.

Figure 4.16(b) -(i): Baboon reconstructed at 64 x 64 pixel resolution using SPS-WF
technique followed by upsampling to 512 x 512 pixels.
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Figure 4.16(a) -(ii): Lena reconstructed at 128 x 128 pixel resolution using SPS-WF
technique followed by upsampling to 512 x 512 pixels.

Figure 4.16(b) -(ii): Baboon reconstructed at 128 x 128 pixel resolution using SPS-WF
' technique followed by upsampling to 512 x 512 pixels.
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Figure 4.16(a) -(iii): Lena reconstructed at 256 x 256 pixel resolution using SPS-WF
technique followed by upsampling to 512 x 512 pixels.

Figure 4.16(b) -(iii): Baboon reconstructed at 256 x 256 pixel resotution using SPS-WF
technique followed by upsampling to 512 x 512 pixels.
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Figure 4.17(a): Difference between the original and SPS-MF reconstructed 256 x 256
pixels Lena image (upsampled to 512 x 512 pixels).

Figure 4,17(b): Difference between the original and SPS-MF reconstructed 256 x 256
pixels Baboon image (upsampled to 512 x 512 pixels).
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Figure 4.18(a): Difference between the original and SPS-WF reconstructed 256 x 256
pixels Lena image (upsampled to 512 x 512 pixels).

Figure 4.18(b): Difference between the original and SPS-WF reconstructed 256 x 256
pixels Baboon image (upsampled to 512 x 512 pixels).
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this wavelet based technique are shown in Fig.4.14. It can be seen that at lower spatial
Jevels, this technique provides a superior reconstructed image quality than those obtained
with the mean filter approach. This confirms the excellent feature extraction capability of
the wavelet transform. In addition, the full size images obtained with the wavelet scheme
require a lower bit rate than the mean filter approach, (hence higher compression)} for the
same subjective quality of reconstructed images. Most importantly, the wavelet based
technique does not require any modifications to existing JPEG decoders.

We note that in the hierarchical mode algorithm, the DCT coefficients of the difference
images D; can be quantized using different quantization tables which should be designed to
extract maximum possible information from each image. Since no standard quantization
tables have been reported in the literature for difference images, the sample guantization
table suggested in the JPEG standard has been used at different quality factors in our
simulations to quantize the difference images. In addition, the difference images at the
Jower spatial levels can be reconstructed using only the first few DCT coefficients. As a
result, the difference images at the subsequent spatial levels will have a higher information
content. The overall compression performance can be improved by using fewer DCT
coefficients (which in tum are coarsely guantized) to reconstruct Ig and smaller D;'s, while
using all the 8 x 8 coefficients (quantized at high quality factors) for the remaining Dj's.
This may result in some loss in the quality of smaller size images (R;) without affecting the
full resolution image. However, for applications which require high subjective quality at all
spatial levels, such as simultaneous transmission of NTSC and HDTV, the smaller
difference images should be reconstructed using all the coefficients (quantized at high
quality factors) to preserve high frequency information. The loss in compression
performance can be minimized by coarsely quantizing the difference images at higher
spatial levels which have low information content.

Tt is difficult to objectively compare the performance of SPS-MF and SPS-WF at lower

spatial resolutions, as the original image is available only at the highest spatial resolution.
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Therefore for a proper comparison, the low resolution reconstructed images (R;) have been
upsampled to the full size using the mean interpolation filter. The upsampled images for the
two techniques are shown in Figs.4.15 and 4.16, respectively and their PSNR values are
tabulated in Table 4.2. The bit rates shown in Tablc 4.2 correspond to the spatial size of
512 x 512 pixels. It can be seen that the SPS-WF images consistenily have a superior
subjective quality and a higher PSNR compared to SPS-MF at comparable bit rates.
Figs.4.17 and 4.18 show the the difference between the original test images and the 256 x
256 images (upsampled to 512 x 512 pixels) reconstructed using SPS-MF and SPS-WF,
respectively. It can be seen that the difference images of SPS-MF contain important visual
- details, while the SPS-WF difference images contain very low information content. In
other words, the SPS-WF imagés upsampled from the 256 x 256 pixels size are almost

indistinguishable from the originals.

4.5 Scalable image transmission

Scalable image compression is not only crucial for image browsing applications but is also
useful for image transmission applications. We recall from chapter 3 and sections 4.1 and
4.2 that scalable image compression is usually performed by partitioning the image data
into several layers containing information of different visual importance and therefore
different priority. This feature of scalable image compression is especially useful for image
transmission over networks which employ dual-priority transmission mechanisms and
ensure secure delivery of only the high priority data [61-65].

Recently, the advent of broadband-ISDN (B-1ISDN) networks has facilitated the
development of image/video based services and ﬁpplicalions such as, video conferencing,
video-on-demand, telepresence, multimedia communications, etc [66-74]. Asynchronous
transmission mode (ATM) is gradually gaining acceptance as the preferred means of

transmission over B-ISDN. This section investigates the performance of scalable image
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iransmission over ATM networks. We now briefly review some of the key features of the

ATM.

4.5.1 Review of ATM Networks

ATM is a fast packet switching technique [68, 70, 71]. It was primarily developed to
support broadband applications which have a variety of transmission rates and quality of
service requirements. ATM uses a asynchronous time division multiplexing technique to
multiplex the data streams from different information sources. Due to statistical
multiplexing, several sources may share a high transmission rate link of capacity less than
the sum of their peak arrival rates. This makes it particularly suitable for bursty traffic
sources, such as video where a significant multiplexing gain can be achieved through
statistical bandwidth assignment. Another advantage of ATM is that it provides a high
degree of integration in both transmission and switching functions.

Although ATM is a packet switching (connection-less) technique, it also has some features
of connection oriented techniques. In order to transfer data between two network nodes,
the source data is first organized into packets (cells) of size 48 bytes each. A virtual
connection is established between the source and destination nodes prior to the actual data
wransfer. Each cell has a 5 byte header which contains the routing information of the this
connection in addition to data security and control information. All the cells follow the same
route from the source to destination node.

One of the problems with ATM is that the cells have a variable transmission delay, although
they are delivered in sequence [69]. This may pose a problem in delay sensitive services,
such as those involving voice and video which do not tolerate hlgh transmission delays. A
more severe problem with ATM is that there may be a congestion in the network if the total
bandwidth demand by different source nodes exceeds the available bandwidth. Effective
congestion control strategies are required to guarantee a minimum quality of service to

different types of applications supported by the network. Currently, ATM supports cells
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with two levels of priority. In the event of a congestion on th-e network, the low priority
cells are discarded to reduce the network load [73, 74]. However, this may result in an
unacceptable picture quality for image transmission applications. In the case of scalable
images, the high priority data (containing important image information) provide a graceful

degradation in performance in the event of loss of low priority data.

4.5.2 Scalable image transmission over ATM networks

We recall from sections 4.1 and 4.2 that the progressive and hierarchical modes of JPEG
provide scalable image compression by reorganizing the image data into multiple layers
using different approaches. In this section, we investigate scalable image transmission over
ATM networks. The baseline (BSA) mode has been used for comparative evaluation of the
performance of progressive and hierarchical modes.

The baseline mode of JPEG (refer section 2.4) can only be used to reconstruct the image in
its original size at a specific image quality (SNR resolution). In order to packetize BSA
compressed images, the bitstreams of the image blocks are sequentially packetized into
ATM ccils. Since BSA does not partition the image into high priority and low priority data,
all the cells are of equal importance (i.e. equal priority) and are therefore categorized as low
priority cells.

For transmitting images compressed using the spectral selection (SNR-SS) technique of
progressive mode, the low frequency bands are packetized into high priority cells, while
the less important high frequency bands are transported in the low priority cells. Such a
packetization scheme ensures that in the event of a network congestion and/or cell losses,
the visually important low frequéncy coefficients are not lost during transmission resulting
in a graceful degradation in the quality of the received image. Similarly, for images
compressed using the successive approximation (SNR-SA) technique, the most significant

bit planes are packetized into high priority cells while the least significant bit planes are
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transported in low priority cells. We note that the two progressive mode technigues (SS
and SA) can be combined together. By suitably packetizing the resulting bitstream into high
and low priority cells, it may be possible o minimize degradation in the image quality ata
given cell loss rate.

In the case of hierarchical mode, the bitstreams of the smallest size image Ly (refer Fig.4.4)
and the difference images D; corresponding to the smaller spatial resolutions contain the
most significant visual information and are therefore packetized in the high priority cells.
Portions of the visually important low frequency coefficients of D; corresponding to higher
spatial resolutions, may also be packetized in the high priority cells based on the availability
of bandwidth. The bits corresponding to the remaining coefficients of the difference images
are packetized in the low priority cells. The low resolution receivers display the image after
decoding the bitstream corresponding to the smallest size image. The high resolution-
receivers first decode the bitstreams of the smallest image and then upsample it by a factor
of two in both directions using a mean interpolation filter. The upsampled image is further
enhanced by adding the corresponding difference image contained in the high and low
priority cells. This process is repeated till the image size matches the receiver resolution. In
the event of cell losses, the image quality of the low resolution receivers (requiring only
high priority cells) would be unaffected. However, due to the loss of some of the
enhancement information contained in the low priority cells, the image quality of the high

resolution receivers will be gracefully degraded depending on the cell loss rate.

4.5.3 Simulations and discussions

Simulations have been performed using the "Lena” and "Baboon" test images (Fig.4.5) of
size 512x512 pixels quantized to 8 bits/pixel. Three sets of simulations have been
performed in which the test image is compressed using the BSA, SNR-§S and SPS-WF

techniques, respectively. We have chosen the spectral selection technique for investigating
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the performance of the progressive mode as it provides a higher compression compared to
the successive approximation technique. In the case of hierarchical mode, we have selected
the SPS-WF technique as it provides a superior subjective image quality compared to SPS-
ME (refer section 4.4).

The compressed bitstreams of the three techniques have been packetized into ATM cells,
each of size 48 bytes. In the event of a network congestion, all the high priority cells are
transmitted securely to the receiver, whereas some of the low priority cells may have to be
discarded to reduce the network load. Two sets of experiments have heen performed for
each technique to study the effect of the lass of low priority cells at low and high loss rates,
respectively. We have used BSA for a comparative evaluation of the performance of the
SNR-SS and SPS-WF technigues. The objective image guality has been measured using
the Peak Signal to Noise Ratio (PSNR).

-5 bytes —t& 43 bytes —
r’ \I‘I\I\f\l\l\l\l
R BN |

Unused bits
(settoOor 1)

Figure 4.19: Packetization of a BSA compressed image into ATM cells of size
48 bytes each.

In the case of BSA, the compressed bitstream has been packetized without splitting any
image block so that all the bits of a block belong to the same cell. In other words, any
unused bits of a cell are cither set to 0 or to 1 as shown in Fig.4.19. A total of 462 and 947
cells are required for the "Lena” and "Baboon" images, respectively. The "Baboon" image
requires almost twice as many cells as "Lena" because it contains a large amount of high

frequency information. We recall that all the cells are of low priority. To study the
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performance of BSA in the event of network congestion, we have simulated cell losses by
randomly discarding some of the cells. For the "Lena" image, a loss of 10 (Expt.I) and 40
(Expt.II) celis has been simulated in two sets of experiments, corresponding to a loss of
2.9% and 8.7%, respectively. Similarly, for the "Baboon” image, a loss of 30 (Expt.I) and
70 (Expt.II) cells has been simulated in two sets of experiments, corresponding to a loss of
3.29% and 7.4%, respectively. The simulation results for the two images have been
tabulated in Tables 4.3 and 4.4, respectively. It can be observed from the reconstructed
images (shown in Figs.4.20 and 4.21) that the BSA results in a significant performance
degradation in the event of cell losses. The reconstructed images have a poor image quality
as losing a cell implies losing all the information about the image blocks it contains. In
addition, the quality of subsequent blocks also suffers due to predictive coding of DC
coefficients used in the BSA. Zhu et.al.[75] have proposed block interleaving and
coefficient segmentation techniques to minimize the effects of cell losses. Block
interleaving requires modifications to the BSA mode and is useful only because BSA does
not parﬁﬁon the image into high and low priority data. On the other hand, the progressive
and hierarchical modes of JPEG compress the image by first decomposing it into data sets
of different priorities and therefore do not require block interleaving. Coefficient
segmentation is a special case implementation of the SNR-SS technigue.

In SNR-SS, the DCT coefficients have been partitioned into two bands: the first containing
the DC and the first 2 AC coefficients, and the second containing all the remaining AC
coefficients. For the "Lena” image, the two bands have been packetized into 153 high
priority and 306 low priority cells, respectively. On the other hand, "Baboon" image
requires 163 high priority and 765 low priority cells, respectively. In order to have a
meaningful comparison, the total number of cells used for image reconstruction should be
same in both the BSA and SNR-SS in the event of cell losses. We have therefore simulated
(random) losses of 7 (Expt.I) and 37 (Expt.II) low priority cells for the "Lena” image in

two sets of experiments, respectively. Similarly for the "Baboon" image, a loss of 11
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Table 4.3: Performance comparison of the BSA, SNR-SS, and SPS-WF techniques
for the transmission of Lena image over ATM networks.

Total number of Cells used for
JPEG cells required IL\Iumber of reconstruction | PSNR (dB) of the
mode - oW full size/full quality
High | Low | prionty High | Low | reconstructed image
priority | priority | cells lost i priority | priority
BSA
Nolosses | - _ | 462 | _. 0. __}-- G L0 N 50 S
Expt. 1 - 462 10 - 452 2L.18
Expt. I - 462 40 - 422 16.1
SNR-SS
| _Nolosses | 153 | 306 | __ 0__.1L. 153 | 306 ) _ 324 _____|
Expt. 1 153 306 7 153 299 33.5
Expt It 153 306 37 153 | 269 31.82
~ SPS-WF
| Nolosses | 135 | 389 [ __ O___i 135 |38 | 338 _ _____
Expt. I 135 | 389 72 135 | 317 31.91
Expt. II 135 389 102 135 287 31.42
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Table 4.4: Performance comparison of the BSA, SNR-SS and SPS-WF techniques
for the transmission of Baboon image over ATM networks.

Total number of Cells used for
JPEG cells required IL\]E\T ber of reconstruction | PSNR (dB) of the
mode - W . full size/full quality
High | Low | prionty High | Low | reconstructed image
priority | priority cells lost | priority | priority
BSA
| Nolosses | - 1 94T 1___ 0_..L.. O L7 SR L
Expt.1 - 947 30 - 917 19.7
Expt. II - 947 70 . 877 17.81
SNR-SS
| Nolosses | 163 1 763 _[___ o___|.163 | 765 | __ 2133 ___._]
Expt. I 163 765 11 163 754 27.28
Expt. II 163 765 51 163 714 26.48
SPS-WF
| Nolosses | 188 ) 882 1 __ o___|.1ss | 82 | 2731 _____.
Expt.1 188 882 153 188 729 25.35
Expt II 188 882 193 188 689 24.95
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Figure 4.20(a): BSA encoded Lena image reconstructed using only 452 low priority
ATM cells after a loss 10 cells (Expt. I).

Figure 4.20(b): BSA encoded Baboon image reconstructed using only 917 low
priority ATM cells after a loss of 30 cells (Expt. I).
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Figure 4.21(a): BSA encoded Lena image reconstructed using only 422 low priority
ATM cells after a loss 40 cells (Expt. II).

ot A

Figure 4.21(b): BSA encoded Baboon image reconstructed using only 877 low
priority ATM cells after a loss of 70 cells (Expt. II).
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Figure 4.22(5.); SNR-SS encoded Lena image reconstructed using only 153 high priority
and 299 low priority ATM cells after a loss of 7 cells (Expt. I).

Figure 4.22(b): SNR-SS encoded Baboon image reconstructed using only 163 high priority
and 754 low priority ATM cells after a loss of 11 cells (Expt. I).
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Figure 4.23(2): SNR-SS encoded Lena image reconstructed using only 153 high priority
and 269 low priority ATM cells after a loss of 37 cells (Expt. II).

Figure 4.23(b): SNR-SS encoded Baboon image reconstructed using only 163 high priority
and 714 low priority ATM cells after a loss of 51 cells (Expt. II).
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Figure 4.24(a): SPS-WF encoded Lena image reconstructed using only 135 high priority
and 317 low priority ATM cells after a loss of 72 cells (Expt. I).

Figure 4.24(b): SPS-WF encoded Baboon image reconstructed using only 188 high priority
and 729 low priority ATM cells after a loss of 153 cells (Expt. I).
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Figure 4.25(a): SPS-WF encoded Lena image reconstructed using only 135 high priority
and 287 low priority ATM cells after a loss of 102 cells (Expt. ID).

Figure 4.25(b): SPS-WF encoded Baboon image reconstructed using only 188 high priority
and 689 low priority ATM cells after a loss of 193 cells (Expt. II).
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(Expt.I) and 51 (Expt.II) low priority cells has been simulated in the two experiments,
respectively. Figs.4.22 and 4.23 show the corresponding reconstructed images. It can be
seen that the spectral selection technigue results in a substantial performance improvement
over the BSA at low as well as high loss rates. The distortions due to cell losses are
confined to few image blocks. In addition, SNR-SS also provides the feature of
reconstructing images in different SNR resolutions. Interestingly, SNR-SS requires a total
of 153+306=459 cells in comparison to 462 cells of BSA for the "Lena” image. Similarly,
for the "Baboon" imége SNR-SS requires a total of 163+765= 928 cells as comapred 1o
947 cells for BSA. This is due to efficient utilization of cells by SNR-SS.

We have implemented the hierarchical mode for two spatial levels corresponding to the
sizes of 128x128 and 512x512 pixels, respectively. For the "Lena” image, the
(compressed) bitstreams of the 128x128 image and the 512x512 pixels difference image are
packetized into 135 high priori;y and 389 low priority cells, respectively. On the other
hand, "Baboon" image requires 188 high priority and 882 low priority cells. We recall
from section 2 that the full size image is reconstructed by first upsampling the reconstructed
128x128 pixel image which is then further improved by adding the difference image
information from the low priority cells. Once again for fair comparison, we have simulated
(random) losses of 72 (Expt.]) and 102 (Expt.II) low priority cells for the "Lena” image (in
two sets of experiments, respectively) so that the total number of cells used for image
reconstruction are same as before. For the "Baboon" image, a loss of 153 (Expt.I) and 193
(ExptII) low priority cells has been simulated. The corresponding reconstructed images are
shown in Figs.4.24 and 4.25, respectively. It can be observed that in the event of cell
losses, SNR-SS technique resulits in biocking artifacts due to missing high information in
some image blocks. However, the loss in image quality may not be perceptible at low cell
loss rates. On the other hand, SPS-WF evenly distributes the distortions due to cell losses

over large image regions. Therefore at low cell loss rates, SNR-SS provides a superior
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subjective quality. On the other hand, SPS-WF results in a more graceful performance

degradation at high cell loss rates.

4.6 Summary

In this chapter, we presented scalable image compression algorithms within the framework
of JPEG standard. The progressive and hierachical modes of JPEG provide SNR and
spatial scalabilities, respectively. Among the two techniques proposed by the standard for
progressive mode, the spectral selection technique provides a superior coding performance
compared to successive approximation. The hierarchical mode uses a pyramidal structure
for encoding the different spatial resolutions of the image. However, the standard does not
specify downsampling filters for obtaining the original image in smaller sizes. We used a
simple mean downsampling filter to reduce the image to half the original size in both the
directions. However, this filter does not perform well in extracting the image features
resulting in poor subjective quality. The performance of the hiearchical mode was then
enhanced by using wavelet transform for downsampling the image. Wavelet transform
provides high quality lower spatial resolutions of the image. Finally, we investigated the
perfonﬁance of transmitting scalable images over dual priority transmission medium such
as ATM networks. In this section, we established that the progresssive and hierarchical
modes of JPEG provide a graceful degradation in performance compared to the baseline
mode, in the event of cell losses. This is due to reorganization of the image information into

high and low priority data.

In conclusion, we note that although JPEG provides an efficient technique (spectral
selection) for achieving SNR scalability, however its hierachical mode requires an overhead
in terms of the bit rate for providing spatial scalability. This overhead increases with the

number of spatial resolutions. In the next chapter, we present novel techniques based on
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vector quantization and wavelet transform which provide a higher coding performance than

the JPEG based techniques.
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Chapter 3

Novel techniques for Scalable Image
Compression

In chapter 4, we investigated the performance of scalable image compression techniques
within the framework of JPEG standard. The progressive mode of JPEG provides an
efficient technique for achieving SNR scalability, namely spectral selectio.n. However, the
hierarchical mode of JPEG does not provide a good coding performance at low bit rates. In
this chapter, we propose a novel technique for scalable image compression, which provides
a superior coding performance at low bit rates. This technigue is based on the wavelet
transform and vector quantization (WVQ).

We recall from section 2.6 that wavelet transform provides a multi-resolution / multi-
frequency representation by decomposing an image into four sub-images. The LL sub-
image is a reduced size version of the original image. The original image can be further
reduced to smaller spatial resolutions by successive application of wavelet transform on the
LL sub-images. Several techniques have been discussed in section 2.6 to compress a
wavelet transfomed‘image. However, they do not exploit the correlation between the
wavelel sub-images resulting in lower compression. The proposed WVQ algorithm provides
significantly higher compression by efficiently exploiting the correlation between the

wavelet sub-images. The details of WVQ follows.
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51 Wavelet based Vector Quantization

In the WVQ algorithm, the input image is first decomposed into a three level pyramid
structure (corresponding to 10 sub-images) by successive application of wavelet transform
as shown in Fig.2.15. The wavelet sub-images are then compressed using vector
quantization (VQ). For this purpose, 64-D vectors are formed by combining the
corresponding blocks in the 10 sub-images as shown in Fig.5.1. Here, a block of size 23-m
(m= 1, 2, 3) is used for cach orientation sub-image (namely, horizontal, vertical and
diagonal) at the mth level. This ensures that each sub-image contains the same number of
blocks. A 64-D codebook is then generated from a large set of training vectors (drawn from
a number of test images) using the LBG algorithm. Each vector in the wavelet transformed
image is represented by its best-match codeword in this codebook and the corresponding
label is transmitted. At the receiver, the input wavelet transformed image is reconstructed
using the labels by a simple table lookup operation into the codebook. An inverse wavelet
transform is then applied on this image 10 obtain a (lossy) reconstruction of the original
image.

The computational complexity of the LBG algorithm for codebook generation increases
exponentially with the dimensionality of the vector making real-time compression
impractical. Recently, Xiping et al [37] have proposed a non-linear interpolative vector
guantization (NIVQ) based technique to reduce the computational complexity of codebook
generation in the WVQ algorithm. In their technique, a 16-D feature vector is generated from
each 64-D vector in the wavelet transformed image. Due to wavelet decomposition of the
image, the features of each 64-D vector are efficiently captured in the first 16 elements
(corresponding to the lower resolution sub-images) which are therefore used as the feature
vector. A 16-D codebook is generated from the feature vectors using the LBG algorithm.
This codebook partitions the feature vectors into 16-D subspaces. We note that there is a 1-1

mapping between the feature vectors and the full size (64-D) image vectors. A 64-D
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codebook is gencrated by clustering the full size vectors in the same groups in which their
feature vectors were parlitioned. In other words, each 64-D codeword is computed by
calculating the mean of the group of (64-D) vectors it represents. The 64-D codebook is thus

generated by projecting the 16-D subspaces into the 64-D vector space as shown in Fig.5.2.

The corresponding subspace 64-D Codeword

16-D Codeword
G

x15

16-D vector space 64-D vector space

Figure 5.2: Projection of subspaces from 16-D to 64-D vector space.

For universal vector quantization, this codebook is assumed to be present at the decoder.
The encoder extracts the 16-D feature vectors from the input 64-D image vectors which are
vector quantized using the 16-D codebook and the corresponding labels are transmitted. At
the receiver, the input (wavelet transformed) image is reconstructed by using these labels as
an index for a table lookup operation from the 64-D codebook (Fig.5.3). WVQ algorithm
when implemented using the NIVQ technique provides an excellent coding performance at a
significantly lower computational complexity. Although WVQ is an efficient technique, its
label bitstream is not scalable. In other words, it is not possible to reconstruct the image in a
lower SNR and/or spatial resolution by using only the first few bits of the VQ labels. The
reason is that vector quantization is inherently not scalable, although, wavelet transform

provides a scalable image representation. We propose a novel technigue for scalable image
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Figure 5.3: Application of NIVQ technique to the WVQ algorithm.

compression using vector quantization. This technigne will be later applied to the WVQ

algorithm to obtain high quality scalable images with high compression.

52 Vector quantization for scalable image compression

Vector quantization (VQ) has been known to provide a good coding performance at low bit
rates (refer section 2.5). We recall from section 3.2.1 that Residual Error Vector
Quantization (REVQ) achieves SNR scalability by iterative vector quantization of the
residual error images. REVQ requires multiple codebooks, one for each residual error
image. Since there is litue correlation between the residual error images, there is no
correlation between their labels. In other words, the Jabel bitstream is not scalable. Unlike
REVQ, tree-structured VQ (TSVQ) provides scalable labels for achieving SNR scalability.
TSVQ uses multiple codebooks of different sizes which are organized in a binary tree
structure (refer section 3.2.1). Fig.5.4 illustrates an example of the TSVQ technique. A low
quality version of the image is first reconstructed by decoding only the first 4 MSBs of the

VQ labels which serve as an index to a codebook of size 16. The picture quality of the image
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s then improved by using an additional 2 MSBs for a table lookup operation into a (larger)
codebook of size 64. This permits reconstruction of the image vectors (blocks) with a
greater accuracy. The full quality image is obtained by using all the 8 label bits as an address
to a (still larger) codebook of size 256. TSVQ may result in a sub-optimal compression
performance for the full quality image. This is due to generation of codebooks in a tree
structured fashion, where each children codeword (at level i+1) is trained using only those
image vectors which were represented by its parent codeword (at level i). We note that
neither REVQ, nor TSVQ can be used for providing spatial scalability.

In the next section, we propose a novel technique based on VQ for achieving spatial
scalability. This technique provides scalable labels such that a smaller size image can be
reconstructed by decoding only few MSBs of each label. The lower resolutioﬁ image can be
further enhanced in size by progressively decoding the remaining label bits. The details of

the technique follows.

5.2.1 Spatial scalability using vector quantization

A VQ based technique for achieving spatial scalability should not only ensure partial
decodability of VQ labels for reconstructing the images at smaller sizes, but should also
provide a good quality image at the full spatial resolution. Fig.5.5 illustrates these features
for a full size image (I;) of 512 x 512 pixels. We propose a new technique, called SVQ,
which provides these features..SVQ requires separate codebooks, one for each spatial
resolution. For example, in Fig.5.5, the image is first reconstructed at a resolution of 128 x
128 pixels (I3) by decoding only the first 5 MSBs of the VQ labels which serve as an index
for a table lookup operation in a small size codebook, Us. The spatial resolution of image I5
can be further enhanced by using an additional 2 MSBs of the labels for a table lookup
operation in codebook Uj to reconstruct the image at a size of 256 x 256 pixels (I3). The full

size image (1) of resolution 512 x 512 pixels is obtained by using all the 8 bits of each label
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as an address to codebook Uj. We note that Ui, Uy and Uy are codebooks of dimensions,
1, 4 and 16, respectively. Universal codehooks are generally used for all the resolutions to
avoid the overhead of codebook transmission which results in substantial bit rate reduction.

To begin with, a universal codebook Uj of size Nj (N is usvally a power of 2 e.g. 256,
512, etc.) is generated for vector quantizing the original image I; having a resolution of M,
x M, pixels. We note that Nj = 256 and M; = 512 in Fig.5.5. The codebook Uj is
generated from a large number of test images using the LBG algorithm with binary splitting
technique. This ensures a reconstructed image of good quality at the highest resolution,
unlike the TSVQ scheme which may result in a sub-optimal performance due to tree
structured codebook generation. In order to generate Uy, the test images are partitioned into
non-overlapping blocks of size By x By pixels (B = 4 in Fig.5.5) which are then
reorganized as vectors of dimension B2 (refer section 2.5). The binary splitting technique
generates the codebook in multiple stages. First, a codebook containing a single codeword
is obtained either by random initialization or by computation of the mean of all the test image
vectors. At each stage, the size of the codebook is doubled by splitting each codeword into
two children codewords. This is achieved by introducing small distortions (pertufbations) in
the parent codeword in opposite directions resulting in two children codewords. The new
codebook is refined by using the LBG algorithm. The entire procedure consisting of
codebook splitting and refining is repeated until the codebook has the required number of
codewords. The binary splitting technique for codebook generation results in reasonably
similar neighboring codewords (i.e. codewords with adjacent labels). In other words, these
vectors are likely to be represented by the same parent codeword in the previous stage
codebook. Once the codebook Uy is generated, each image vector in Iy is vector quantized
by searching the codebook Lo locate the best-match codeword and the corresponding label is
transmitted. Although the entire label bitstream is now available at the decoder, it is not
possible to reconstruct the image in smaller sizes until the corresponding codebooks are also

generated. The codebooks for the lower spatial resolutions are generated by merging the
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codewords for full size image through a special process which is detailed in the next section.
We note that good guality codehooks, U; (i >1), can be obtained for the lower resolution

images, if the codebook Uy is generated using the binary splitting technique.

Codebook generation for lower resolution images

We now describe the procedure for generating the codebook Us to reconstruct the image at
the next lower spatial resolution, I. We note that the procedure is similar for codebook
generation at other spatial resolutions (ex.I3). In the example in Fig.5.5, the codebooks Uy
is generated by first downsampling the test images (by a factor of two in both directions) to
obtain the lower resolution images of size 256 x 256 pixels. We note that I, has to be
reconstructed using (the MSBs of) each label in the bitstream, therefore it is mandatory that
I, consist of the same number of blocks (vectors) as I;. This implies that vectors in I
should be one fourth the dimension of vectors in I;. The downsampled test images are
therefore partitioned into blocks of size 2 x 2 pixels, each of which is reorganized as a 4-D
vector for generating the codebook Up. On the other hand, if the image I consisted of
blocks of size 8 x 8 pixels (i.e. 64-D vectors), then I, would consist of blocks of size 4 x 4
pixels (i.e. 16-D vectors) and consequently codebook U, would have 16-D codewords.

Let the size of codebook Up be denoted by Nj (Nj is also a power of 2 like Ny). The
codebook U, should have fewer codewords than codebook Uj (i.e. N < Nyp) since the
image I has to be reconstructed by decoding only the first few MSBs of each label. For
example, a codebook of size (N3 =) 27 = 128 codewords is required if only the first 7
MSBs of the labels are used as shown in Fig.5.5. We recall that the VQ labels should be
partially decodable to reconstruct the image I,. In other words, the first 7 MSBs of the
labels should provide the address of codewords in U, to reconstruct the image veclors at a
resolution of 2 x 2 pixels. In addition, it should be possible to enhance the resolution of

each image vector 10 4 x 4 pixels ﬁsihg all the 8 bits of the labels for a table lookup operation
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into the codebook Ui. In order to ensure that the SVQ technique provides this feature, the
codebook U, is generated by merging the codewords in Uy through a special process.
Fig.5.6 illustrates this process for merging two 16-D codewords into a single 4-D
codeword. In order to generate the first codeword of Ua, P (labet = 0), the codewords A
(label = 0) and B (label =1) are merged as follows:
Step 1. First, all the blocks (16-D vectors) represented by codewords A and B in the
oﬁgiﬁal test images (resolution = 512 x 512 pixels) are marked.
Step 2. Next. the 4-D vectors located in the corresponding positions in the downsampled
test images (resolution = 256 x 256 pixels) are marked.
Step 3. The codeword P is computed by calculating the mean of the vectors marked in the
downsampled test images.
Here, the label bits of codeword P constitute the first 7 MSBs of the labels of both the
codewords, A and B. The next codeword of codebook Uz, Q (label =1), is similarly
computed by merging codewords C (label =2) and D (label =3) of U;. Codeword P will
now be used to represent all those vectors in image I3, whose corresponding vectors in
image 1; were represented either by codeword A or codeword B. Since A and B are
reasonably close neighbours (due to binary splitting technique), the codeword P provides a
good reconstruction performance for image I;. We note that it is possible to generate smaller
U, codebooks (i.e. Ny/N3 > 2) by merging more than 2 consecutive codewords of Uy into a
single Us codeword following the above steps in a similar fashion. The codebook Us, for
reconstructing the image at the next lower spatial resolution I3 (128 x 128 pixels) can be
obtained similarly by merging the codewords of U. We note that the above procedure can

be generalized for any size image Iy and block sizes By x B,.

5.3 Wavelet based scalable vector quantization

We now apply the SVQ technique to WVQ algorithm (WSVQ) for achieving spatial
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scalability (in the wavelet transform domain) and provide a high compression performance.
In WSVQ, the original image is first decomposed into a 3 level pyramid structure (refer
Fig.5.1). In order to jointly compress the sub-images, 64-D vectors are formed as in WVQ,
which are then vecior quantized using a pre- generated codebook Uy'. The codebook Uy'is
generated from a large number of test images using the LBG algorithm which can be
combined with the NIVQ technique to reduce the computational complexity. The full size
image, 1’ (resolution = 512 x 512 pixels), is reconstructed by using all the bits of the VQ
labels, each of which serves as an index 1o the codebook Uy'. Since the image I is
reconstructed in the transform domain, an inverse wavelet transform is applied to obtain a
spatial domain reconstruction. We note that due to wavelet decomposition, the image at the
next Jower resolution (= 256 x 256 pixels), I', can be reconstructed using only the first 16
elements (corresponding to lower resolution sub-images) of each 64-D vector in the full size
image. Therefore, a 16-D codebook Uy'is required for reconstructing the image I’, whose
dimensions correspond to the first 16 elements of codewords belonging to U;'. Since Iy’
has to be reconstructed by decoding only the first few MSBs of each label, Uy’ should be
smaller in size than Uy". The codebook Uy' is designed by merging the codewords of Uy’
using the SVQ technique as shown in Fig.5.7. For example, codeword P (label =0) in Uy’
is genet"aled‘ by merging codewords A (label =0) and B (label =1) of Uy". For this purpose,
all the vectors represented by codewords A and B in the (wavelet decomposed) test images
are marked. Codeword P is computed by calculating the mean of all the marked vectors for
only the first 16 elements. Codeword P will now be used to reconstruct all those (16-D)
vectors in image I’ whose full size (64-D) vectors in I}’ were represented by either of the
two codewords, A or B. This ensures partial decodability of VQ labels to obtain the image
in lower sizes or spatial resolutions. Since the images I, and I’ are reconstructed in the
transform domain, an inverse wavelet transform is applied to obtain corresponding spatial
domain ‘reconstructions. We note that the WSVQ algorithm can be further extended like

SVQ to obtain the image at a resolution of 128 x 128 pixels. In addition, the algorithm can
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be generalized for full size image I} of different spatial resolutions.

5.4 Simaulation Results

Simulations have been performed for both the SVQ and WSVQ techniques on the "Lena”
and "Baboon" test images (Fig.4.5) of size 512 x 512 pixels quantized to 8 bits/pixel. We
note that (a) and (b) parts of all the image figures correspond to "Lena" and "Baboon"
images, respectively. The images are reconstructed at resolutions of 64 x 64, 128 x 128.
356 x 256 and 512 x 512 pixels, respectively for both the technigues. Details of the
simulations follows.

In order to apply the SVQ technique, a 16-D universal codebook Uy of size 256 is first
generated from a training set of 10 images, each of size 512 x 512 pixels. For this purpose,
all the images are first partitioned into non-overlapping blocks of size 4 x 4 pixels which are
reorganized as 16-D vectors. The codebook U, is generated using the LBG algorithm on the
training vectors with the binary splitting technique. The original "Lena” and "Baboon”
images are vector quantized using codebook Uy and are reconstructed at the full spatial
resolution Iy (512 x 512 pixels) by decoding all the 8 (= logy256) label bits of each VQ
label. In order to reconstruct the test images at lower spatial resolutions, the training images
are then downsampled to resolutions of 256 x 256 and 128 x 128 pixels by successive
application of biorthogonal wavelet transform. To obtain the images at a resolution of 256 x
256 pixels (I3), a 4-D universal codebook U of size 128 (= 27) is generated by merging the
codewords of Uj using SVQ. A 1-D codebook Us of size 32 (= 29) is similarly generated
by merging the codewords of Uy (using SYQ) for reconstructing the images at a size of 128
x 128 pixels (I3). The test images are then obtained at I3 and I, resolutions by using only the
first 5 and 7 MSBs of the labels, which serve as an index to codebooks U and Us,
respectively for a table lockup operation. An iconic image of size 64 x 64 pixels (Ig) is

obtained by reconstructing only the alternate 1-D vectors, in both the horizontal and vertical
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directions, in the I3 image. This operation is equivalent o subsampling the 128 x 128 pixels
image. The reconstructed images are shown in Fig.5.8.

In order to generate universal codebooks for the WSVQ algorithm, the images in the training
set are first decomposed into a 3-level pyramid structure by successive application of the
wavelet transform. This is followed by formation of 64-D vectors by combining the
corresponding blocks in the wavelet sub-images as shown in Fig.5.1. A 64-D codebook
Uy of size 4096 is then generated for the full size image using the NIVQ technique. For this
purpose, we have used the first 16 clements of each (64-D) vector as the feature vector. The
(wavelet decomposed) test images are reconstructed at the full spatial resclution I;' (512 x
512 pixels) using all the 12 (= 1og,4096) bits of each VQ label. In order to reconstruct the
test images at a resolution of 256 x 256 pixels (I7), a 16-D universal codebook Uy’ of size
1024 (= 219) is generated by merging the codewords of Uj' using WSVQ. A 4-D codebook
Us' of size 256 (= 28) is similarly generated by merging the codewords of U’ (using
WSVQ) for reconstructing the images at a size of 128 x 128 pixels (I3"). Finally, a 1-D
codebook Uy’ of size 64 (= 26) is obtained by merging the codewords of U3’ for image
reconstruction at 64 x 64 pixel resolution (I4'). The test images are then obtained at the 14,
I3" and I’ resolutions by using only the first 6, 8 and 10 MSBs of theVQ labels, which
serve as an index to codebooks Uy', Uy’ and Uy, respectively for a table lookup operation.
An inverse wavelet transform is applied on the Ij', I' and I3’ images to obtain
corresponding spatial domain reconstructions. The reconstructed images are shown in
Fig.5.9.

We will now compare the performance of SVQ and WSVQ with that of SPS-MF and SPS-
WE techniques (refer chapter 4). As the original image is available only at the highest spatial
resolution, therefore for a proper comparison, the low resolution reconstructed images have
been upsampled to the full size (i.e. 512 x 512 pixels) using the mean interpolation filter.
The upsampled images for the SVQ and WSVQ technigues are shown in Figs.5.10 and
5.11, respectively and their PSNR values are tabulated in Table 5.1. The bit rates shown in
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(1)

(iii)

(iv)

Figure 5.8(a): Lena reconstructed at (i) 64 x 64, (i) 128 x 128, (iii) 256 x 256,
and (iv}) 512 x 512 pixel resolutions using the SVQ technique.
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Figure 5.8(b): Baboon reconstructed at (i) 64 x 64, (ii) 128 x 128, (iii) 256 x 256,
and (iv) 512 x 512 pixel resolutions using the SVQ technique.
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(i)

(iii)

(iv)

ves

Figure 5.9(a): Lena reconstructed at (i) 64 x 64, (ii) 128 x 128, (iii) 256 x 256,
and (iv) 512 x 512 pixel resolutions using the WSVQ technique.
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(iv) -

Figure 5.9(b): Baboon reconstructed at (i) 64 x 64, (ii) 128 x 128, (iii) 256 x 256,
and (iv) 512 x 512 pixel resolutions using the WSVQ technigue.
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Figure 5.10(a) -(i): Léna reconstructed at 64 x 64 pixel resolution using SVQ
technique followed by upsampling to 512 x 512 pixels.

Figure 5.10(b) -(i): Baboqn reconstructed at 64 x 64 pixel resolution using SVQ
technique followed by upsampling to 512 x 512 pixels.
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Figure 5.10(a) -(ii): Lena reconstructed at 128 x 128 pixel resolution using SVQ
technique followed by upsampling to 512 x 512 pixels.

Figure 5.10(b) -(ii): Baboon reconstructed at 128 x 128 pixel resolution using SVQ
technique followed by upsampling to 512 x 512 pixels.
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Figure 5.10(a) -(iii): Lena reconstructed at 256 x 256 pixel resolution using SVQ
technique followed by upsampling to 512 x 512 pixels.

Figure 5.10(b) -(iii): Baboon reconstructed at 256 x 256 pixel resolution using SVQ
technique followed by upsampling to 512 x 512 pixels.
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Figure 5.11(a) -(i): Lena reconstructed at 64 x 64 pixel resolution using WSVQ
technique followed by upsampling to 512 x 512 pixels.

Figure 5.11(b) -(i): Baboon reconstructed at 64 x 64 pixel resolution using WSVQ
technique followed by upsampling to 512 x 512 pixels.

137



Figure 5.11(a) -(ii): Lena reconstructed at 128 x 128 pixel resolution using WSVQ
technique followed by upsampling to 512 x 512 pixels.

Figure 5.11(b) -(ii): Baboon reconstructed at 128 x 128 pixel resolution using WSVQ
technique followed by upsampling to 512 x 512 pixels.
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Figure 5.11(a) -(iii): Lena reconstructed at 256 x 256 pixel resolution using WSVQ
technique followed by upsampling to 512 x 512 pixels.

Figure 5.11(b) -(iii): Baboon reconstructed at 256 x 256 pixel resolution using WSVQ
technique followed by upsampling to 512 x 512 pixels.
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Table 5.1: Performance comparison of the SVQ and WSVQ
techniques for achieving spatial scalability

SVQ
s ot oot | Cogen | e | @
to 512 x 512 pixels size (bits per pixel) Lena Baboon
64 x 64 32 0.078 22.45 18.88
128 x 128 32 0.313 24.35 19.41
256 x 256 128 0.438 27.87 2151
512x 512 256 0.5 29.05 23.1
WSVQ
?I;z:ggf b?g ::cuol;’ss:rrnu;f?ni Codebock Bitrate PSNR of the lzgsBa)mpled images
t0 512 x 512 pixels size (bits per pixel) Lom Baboon
64 x 64 32 0.078 22.4 19.36
128 x 128 256 0.125 25.24 19.97
256 x 256 1024 0.156 27.66 21.3
512 x 512 4096 0.188 29.85 24.16
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(i)

Figure 5.12(a): Lena reconstructed at (i) 128 x 128, (ii) 256 x 256, and (
pixel resolutions using the WSVQ+JPEG technique.
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(iii

Figure 5.12(b): Baboon reconstructed at (i) 128 x 128, (ii) 256 x 256, and (iii) 512 x 512
pixel resolutions using the WSVQ+JPEG technique.
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Figure 5.13(a) -(i): Lena reconstructed at 128 x 128 pixel resolution using WSVQ+IJPEG
technique followed by upsampling to 512 x 512 pixels.

Figure 5.13(b) -(i): Baboon reconstructed at 128 x 128 pixel resolution using WSVQ+IPEG
technique followed by upsampling to 512 x 512 pixels.
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Figure 5.13(a) -(ii): Lena reconstructed at 256 x 256 pixel resolution using WSVQ+JPEG
technique followed by upsampling to 512 x 512 pixels.

Figure 5.13(b) -(ii): Baboon reconstructed at 256 x 256 pixel resolution using WSVQ+IPEG
technique followed by upsampling to 512 x 512 pixels.
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Table 5.1 correspond to the spatial size of 512 x 512 pixels. It can be seen that the SVQ
technique achieves lower compression compared to the other three technigues. On the other
hand, WSVQ algorithm provides an excellent performance at almost all resolutions. Since
the PSNR values of WSVQ technique do not directly correspond to those of SPS-WF
technique, we have combined the WSVQ technique with the baseline JPEG algorithm. The
difference D; (i = 1, 2, 3) between the WSVQ reconstrucied (spatial domain) images, Iy,
I,' and I3' and the corresponding downsampled version of the original test images is
compressed using the bascline JPEG algorithm. The resulting bitstreams are decompressed
1o reconstruct the difference images D;*, which are then added to the respective I;" images to
obtain (a high quality) small size reconstructions of the test images, I*. Fig.5.12 shows I;*
for both the “Lena” and "Baboon" test images. To obtain a meaningful comparison with the
SPS-WF technique, the I;* images have been upsampled to 512 x 512 pixels using the mean
interpolation filter. The upsampled images are shown in Fig.5.13 and their bit rates are
tabulated in Table 5.2. It can be seen that the proposed WSVQ+JPEG technique clearly

outperforms the SPS-WF technique, specially for the higher resolution images.

Table 5.2: Performance of the WSVQ+ JPEG algorithm.

Size of the reconstructed Lena Baboon

imagg before upsampling Bit rate ——

t0 512 x 512 pixel it ra PSNR (d
X 5% pxess oits perpinel) | PSR OB | s per pixed | T )
128 x 128 0.168 26.54 0.201 20.6
256 x 256 0.425 31.33 0.66 2334
512x 512 0.734 34.53 1.188 29.89
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5.5 Summary

In this chapter, we presented 2 novel algorithm based on wavelet transform and vector
quantization (WSVQ)} for achieving spatial scalability. Although, wavelet transform
provides a scalable image representation, vector quantization is not scalable. Asa first step
towards developing the WSVQ algorithm, a new technique, SVQ, was proposed to achieve
spatial scalability using vecior guantization. SVQ ensures partial decodability of VQ labels
by using different codebooks for image reconstruction, one for cach spatial resolution. In
contrast to the TSVQ technique for achieving SNR scalability, SVQ provides a good quality
image at the full spatial resolution. Most importantly, SVQ does not require any overhead
bits to provide a scalable bitsweam.

We then applied the SVQ technique to the WVQ algorithm resulting in a high performance
algorithm, WSVQ. The proposed algorithm not provides a high compression performance
but also provides spatial scalability without requiring any overhead bits. In addition, the
computational complexity of WSVQ can be substantially reduced by using NIVQ technique.
WSVQ clearly outperforms the hierarchical mode of JPEG, when combined with the
Baseline JPEG algorithm.
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Chapter 6

Conclusions and Future work

- 61 Conclusions

In this thesis, we first investigated and evaluated the algorithms of the JPEG standard for
scalable image compression. JPEG has four modes of operation, namely baseline
sequential, lossless compression, progressive coding and hierarchical coding. The baseline
sequential algorithm provides the basic feature of DCT based lossy image compression,
while the lossless compression uses a DPCM based algorithm to achieve perfect image
reconstruction. The progressive and hierarchical coding modes provide SNR and spatial
scalability, respectively. Among the two techniques proposed by the standard for
progressive mode, the spectral selection technique provides a superior coding performance
compared to successive approximation. The hierarchical mode uses a pyramidal structure
for encoding the different spatial resolutions of the image. However, the standard does not
~ specify downsampling filters for obtaining the original image in smaller sizes. We used a
simple mean filter to downsample the image. This filter does not perform well in extracting
the image features resulting in poor subjective quality. The performance of the hiearchical
mode was enhanced by using wavelet transform for downsampling the image. The

proposed wavelet based hierarchical JPEG coder provides a superior subjective image
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quality due to excelient feature extraction capability of wavelet transform. This technique
does not require any modifications Lo the existing JPEG decoders.

We then investigated the performance of transmitting scalable images over ATM networks
which employ a dual priority transmission mechanism. In order to transfer the image
between two network nodes, the (compressed) image data is packetized into high and low
priority cells, each having a payload size of 48 bytes. In the event of network congestion,
some of the low priority cells may have to be discarded to reduce the network load. The
progresssive and hierarchical modes of JPEG provide a graceful degradation in
performance compared to the haseline sequential mode in event of cell losses. This is
because the latter two modes provide scalable image compression by reorganizing the '
image data into several layers containing information of different visual importance and
therefore different priority.

The hierarchical mode of JPEG does not provide a good compression performance at low
bit rates. A high performance algorithm based on wavelet transform and vector quantization
has been reported in the literature for low bit rate image compression. Although, wavelet
transform provides scalable image representation, vector quantization is not scalable. Asa
first step towards making this algorithm scalable, a new technique was proposed in this
thesis to achieve spatial scalability using vector quantization. This technique does not
require any overhead bits to provide a scalable image bitstream. We then applied this
technigue to the combined wavelet and vector quantization based compression algorithm.
Our simulation results confirmed that the proposed algorithm not only achieves a high
compression performance, but also provides spatial scalability without requiring any

overhead hits.
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6.2 Future Work

The extension of the proposed algorithms for scalable compression of color images is an
area of future work. Secondly, the JPEG standard does not specify many parametric details
such as the color space designation (e.g. YUV or RGB), pixel aspect ratio, etc. which are
generally application dependent. It is of considerable importance to study the effect of these
parameters on the subjective image quality for implementation in various applications.
Scalable image compression is very useful for image transmission over dual priority
channels such as ATM networks. In this thesis, images have been reconstructed using only
the available high and low priority information in the event of loss of some of the low
priority data. However, it may be possible to heuristically interpolate most of the missing
low priority data by exploiting intercorrelation between the image data. Development of the
algorithms for retrieval of the lost data is an interesting area of future research. Efficient
algorithms can be designed for color images due to high degree of correlation between the
three color components.

WSVQ is a high performance scalable image compression algorithm, but it may be possible
to obtain further reductions in the bit rate and improve the guality of reconstructed images
by designing separate codebooks for different image features, such as edges, iextures, €1C.
Although the computational complexity of WSVQ can be greatly reduced using the NIVQ
technique, however it still requires special purpose architectures for real time
implementation. Improvement of the WSVQ algorithm and development of a codec for its
real time implementation are areas for further research.

All of the algorithms discussed in this thesis are for scalable compression of still images.
Recently, digital video is gaining importance. Extensions of these algorithms for scalable
video compression is an area of considerable interest. We note that the JPEG standard
algorithms can be extended to provide scalable video compression within the framework of

proposed MPEG-II (Moving Pictures Experts Group) video compression standard. A
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related field of rescarch is scalable video transmission over high bandwidth dual priority
channels such as ATM netwarks.

Finally, integration of scalable images into multimedia documents for realtime database
applications opens up many new areas of future research. In particular, some of the
interesting issues are indexing and editing of images and its synchronization with other

media types such as voice and text for a jiter-free playback.
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