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Abstract : S _ -

»

A facet model for image ata is introduced which uses a set of‘piecewisé polynomial

functlons to repI‘ESent‘z(n unagc The i lmage 1s partitioned in the spatial doma.m into’

| equa.lly sized connectcd blocks called facets The correlatlon between pixels in 1magcs N

allow largc block sizes to he used with only a sma.ll amount of error nitroduccd

Different block sizes assure that the changmg statistics W1th1n regions- of an m‘*la.gt,
are coded efliciently. “Exjwriments are performcd using 16 plxcl blocks and 4 plxcls_
.bloclxs-rcpresentul with a polynomlal of degree one, resultmg,_gn rates bctwecn 1.5
and 6.0 bits per pixel. It is shown that inost of the 16 pixel blocks can %c rcprcsent\ed
well, while some have an unacceptable amount of ‘cr"rror Blogks with Lhe' largest error

]

are split further resultmb in an image W|t.h low error and excellent subjcctwe quahty
Vector quantlzation is ap[;hed to the vectors formed by the facet transformahon-
rcsultmg in ratcs between 0.3 ‘and 1.5 bits per pixel. Experiments are performed on
three test images to establish [:he‘follov:ring charactcris.ticé' 1. the correct percentage
, iof 2 by 2 blocks rcqmrcd for codlng within a gwen level of ﬁ(\ichty, 2. the. 0pt1mum
codcbook size for LmClCl'lt codmg, 3. the need for a codebook for each resulting set of
vc::Lor being quantized or - for just a single codebook for both vector sets. It is shown
that the size of codcbook and perqent%.ge of smaller blocks required depends —largcly
on the image statistics but that an optimum in terms of distortion can be cstablished.

It is also seen that enly a single codebook is necessary. In all the test images, the

r(D) were close whether a partitioned or a single codebook was used.

jii
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1.0 Introduction |

The information ‘revolution’ has creaa a demand for increased bandwidth to

enable more users to benefit from communications systems. Because of the greater '

Hexibility with data in discrete form, most of this information is in a digital format

leading to even greater bandwidth requirements. The subject of this thesis is data

compression for images in digital form.

A digital image is obtained 'by quantizing a continuous image both spatially and
in amplitude. Digitization of the spatial coordinates is called image sampling while
amplitude digitfzation is referred to as grey-level qﬁa.ntization. In this thesis an
image will be denoted by u(x,y), where the amplitude of u at the spatial cqordinates'
(x,y) is the intensity or grey Iével value. The ba.s:;\ata.tistical property upon which
image compression techniques rely is inter-pixel correlation. A second property that
can often be exploited is that distortions can be introduéed in the image where the

human visual sensitivity is low with little subjective visual loss.

‘Chapter 2 reviews some fqnda.menta.ls of rate distortion theory and the human
vis;al system. The general rate distortion theory answers a lfund._a.menta.l question
in communiéatioh theor:v; Given a prespeciﬁf:zd source signal, what is the minimum
channel capacity necessary to ‘transmit the information frofn that source to the
receiver within a prescribed degreé of fidelity? The human visual response has been
included because the permissible nature and amount of visual degradation produced
when an image is coded at low bit rate is closely connected to the visual properties
of the human observer. Chapter 3 reviews various image coding methods. Included

in this is a description of various forms of vector quantization. Chapter 4 is entitled

A Facet Model for Image Data. A facet model for image data is introduced which

1



- uses a set of piecewise poh'rnomial functions to represent an image. Experiments

are performed using 16 plxel blocks and 4 pixel blocks which are represented with

T a polynonnal of degree one. It i is shown that most of the 16 pixel blocks can be

represented well, whlle some have an unacceptable amount of error. Blocks with

the largest error are splif further resulting in an image with low error and excellent

subjective quality.

Chapter 5 is entitled Vector Quantization Applied to Facet Representatlon Us-
ing a facet representation for vector forma.txon followed by VQ, leads to codmg rates
between .3 and 1.5 bits/pixel. The method is compared to other methods. For a
given bit rate there is a reduction in thel blocking effect, superior edge reproduction,

and bettér results in terms of the rate distortion.

Finally conclusions and further work are discussed in chapter 6.
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° . -
** -~ 2.0 Image Distortion and the Visual System

The objccti\;'c of picturle corﬁprcssidn is to represent an image with as few bits as
possible. For a'given amount of average distortio.n, the minimum avcrége number of
bits per image (or rate) is given by Shannon’s rate distortion thcory'. The character
of the optimum encoding method is determined by the statistical nature of the source
.::Lm‘:l the distortion measure chosen. Section 2.1 considers the optimt—lm possible per-
formance of a coding system as given by rate distortion theory. An cxar@ination of the
achromatic characteristics of the human-visual-system (HVS) in sccti:)n 2.2 reveals
the nature of error permissible when an image is éoded with low bit rate. Distortio‘ﬂ-
measures do not generally quantitatively specify the degree of visual degradation in
an image. Never-the-less an analytical dis}ortion measure must be chosen and several

are considered in section 2.3.



" 2.1 Rate Distortion Theory © .

Shanmt)n’s (1] coding theory provides the mathematical basis for finding the lowest

‘achievable 'number ‘of bits to represent an image, within the bounds of a fidelity
) . i . ’

requirement. :

Assume the source to be coded géneratcs a random sequence of images that are

statistically indei)cndent characterized by a probability density p(u). A distortion

measure, d(u,v), assigns a non-negative number to the error introduced when repre-

senting the image u(x,y) by a decoded approximation v(x,y). The transition distri-,

- bution denoted by p(v/u) is the probability of u given the decoded image v. The
density p(u) together with the trausition distribution p(v/u), define a joint density

distribution p(u,v), associated with an average distortion

o

Dyuray = 3 3 plu, v)d(u, v) i (2.1)

S =y S p(w)p(v/u)d(u, v)
sy
where Dy,,.) is the average distortion for the transition probability p(v/u). Let
us now dcfine the set pp as'the set of distributions which achieves less than some
hl!owable distortion D;

Po = {p(v/u): Dyuyey < D) (2.2)

The average mutual information for the transition probability is then;

IP(U;’!:) = Z Zp(u)p(v/u)[og%‘l {2.3)
r oy

and the corresponding rate distortion function is defined as

R(D) = mi"[Ip(ulu)P(U/u)CPD] ’ ‘ (2.4)
4
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It is important to observe that the rate distortion function is determined by the

probability density of the source and the distortion measure d(u,v) impoéed by the

user.

AN

Shannon’s converse to the coding theorem states t'hat given a source with rate

-

distortion fuhction-R(D) and any rate R bits/pixel, there does not exist any coding-

decoding method of transmitting the source output u at rate R with less than average -

disfortion D.

R(D)="R ' \ (2.5)

A
A coding method is suggested to attain this performance limit. A number of source

outputs Ul,.ﬂg,ﬂa, ...uz are blocked together to form an 7 = N:N,L dimensional vector

" NN, are the row and column iﬁdice_s of a spatially contigous block. This L

dimensional vector is quantized into one of M possible I dirensional vectors chosen

from a codebook, vl ,m = 1,2,... Ar. It is now only necessary to transmit the index

- m. The decoder using the index reconstructs uf, as an approximation to the original

um- The distortion between input, u,,, and the output, uf, is measured as follows, -

L

dtim, ub) = (1/L) 3 d(u,v) (2.6)

L=1
The encoder simply needs to select a codeword, uf,, which minimizes the distortion

d(uz,uk).

urf;“_“ = ,ni"[ug{:n l m= 1, 2, LM (2.7)
2.2.1 Source-Coding Theorem

Given a source with rate distortion function R(.), an average distortion level n;

and small positive numbers E and G, there exists a block length L and a set of M

5
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code wond§ uy, Gy,. .., upp, With M the larggst ii;:t‘éger satisfying
M< QLIR(D)+G] , _ (2.8)
axid'thc average cncgding-dccoaingKquar'lt'iz‘ation distortion satisfying
D(ut o ’)<D+E . R -. (2.9)

Therefore M codc vectors can be represented by L(R (D) + G) bits, and the rate per
| pl\cl R+G, approachcs arbitrarily close to the rate given in equatlon 2.5. Thus the
rate d:st_or.tlon theorem shows that R(D) spccnﬁes the minimum p0531b1e rate rcqulrcd
to achicve average distortion 5. The problem with extending the block lengths is that
the complexity increases io unmanageable proportions,

N

Shannon’s rate distortion theorem is the theoretical basis for improvement of

coders using vector quantizers over the coders using scalar quantwers The theorem
/

is the motivation fox pursuing vector quantization as a coding method. .
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2.2 The Human Visual System (HVS)

The final mi;asure of performance in the image compression process is-the human
observexj‘. Unfortunately, where the hurﬁan observer is concerned, the deter;nina.tion
of an appropriate meastire of error has proven to. be a stumbling block in attempts
to apply theoretical a.nalysés to the relation between minimum transrission rate
and an allowable level of perceived image degradation. Distortion measures appro-

priate for image coding based on the achromatic properties of the HVS have been

suggested [2](3], generally these measures are far too corﬁplex to be of practical use.

However, by examining the HVS, insights into what aspects must be present in a

more practically implementable distortion measure are gained.

2.2.1 Spatial and Amplitude Response of the eye

Experiments have been reported [4)[5] on the threshold of detectability of a

human observer to-sinusoidal gratings. The stimuli were presented in the following

-form;

U(z, y) = Uy + keos[2n fo(zcosd — ysind))] {2.10)

These experiments showed that at photopic levels of illumination, and for fixed
values of f, and 4, the detectability depends oniy upon the cﬁntrast of the grating,
k/U,, and not independently uponl 'the values of k or U,. Sensitivity depends on f,
and ¢ and is inversely proportional to the contrast needed to detect it. The contrast
sensitivity increases linearly from low spatial frequencies up to a maximum in the

mid-frequency spatial frequency and then falls off rapidly with increasing frequency.

Maximum viewer sensitivity to spatial frequency in number of cycles in 1.0
7
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degree of arc subtended by a viewer’s field of vision was found to be between 3.0
and 4.5 cycles/degree (3]. The sensitivity also depends on ¢ reaching a maximum
when the lines are horizontal and vertical and decreasing about 3 dB at an angle of

45 . ‘-

It has been observed that the level at which one frequency component is detected
is unaffected by the presencé of a second component indicating that the frequen-
cies are separately delt_.ectled by the observer. This observation suggests a model
where the visual pgrceptivé system is conipqsed of a number of 'pa.ra,llel detection
mechanisms, termed spatial channels. Each channel is tuned tﬁ a diﬁ'erght spatial

frequency, separated by about an octave, and orientation angle.

Tests on sinusoidal gratings, narrow band random gratings, compound sinu-
soidal gratings, and compound random gratings [4][5] have indicated that for single
component patterns, perceived contrast was a piecewise linear function of real con-
trast for contrast 1ev;ls above a threshold. Near the tﬁreshold, the function of
perceived contrast and actual contrast has a nonlinear form approximated by a
sixth-power law out to some value and then a linear cha.ractéristic. This implies
thaf for a narrow band stimuli, a single response variable r, is itself an appropriate

measure of perceived contrast.

Modelling the HV'S

. The observed properties of the achromatic visual system are modeled as follows;

A number of parallel processors produce real-valued response variables ry, k =



-

-1, 2..; whenever one of these outputs exceeds a th:eshbld,‘ the observer detects a

stimulus. This model is shown in ﬁgure-2.1. Detectability depends upon a contrast

variable z(x,y) defined as
z(z,y) = Dz, y) — w(z,y) (2.11)

wherew(z, y) = -iog[u(z, v)] and u(x,y) is the intensity values.

There is also a linear low-pass operation that precedes the logarithjnic operation.
However, usuaily this low-pass filtering drops off more slowly than the subsequent
neural processing and can be neglected. The functions of the response variables can
be generafed from z(x,y) as follows. Let r(x,y) denote the result of filtering z(x,y)
with a bandpass filter of center frequency fx, radial bandwidth x 0.5 f, and angular
bandwidth + 10. Also let g({.) denote a pointwise nonlinearity, so the response

variable is consistent with

o= [ [ olra(a s)ldsdy ) (2.12)

In addition, an observer attempting to detect a deviation on a uniform back-
grouhd, as discuased thus far, differs from trying to detect an error in an ima:ge
u(x,y). The ability to %@cect an error on an image u(x,y) = U, + rms is inversely
proportional to the value U, + rmas. 'I‘.he reduction in sensitivity is greatest when the
error iz the same spatial frequency as the image. This observation demonstrates the
well known effect of viewer sensitivity reduction when the image has sharp edges or

large gradients. This can be expressed in the response variable r, as follows;

ax(z, y)re(z, v)
= [ [ e (213)

where s(x,y) is a spatially smoothed rms measure of local rms gradient.

The observer will dete:t an error whenever any one of the r; exceeds a threshold. .
9
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10

i



2.3 Distortion Measures

In this section, distortion measures are defined and briefly discussed-[¥2](57).
Distortion measures pertaining to vector quantizers of images are emphasized.

A distortion measure is an assignment of a non-negative number to the pair of
the original vector, u and reproduction vector, v of the compression system. The

distortion measure d(u,v) must be non-negative, and if u=v, d(u,v) must be equal to

0.

For a distorti.on measure to be beneficial, it should possess certain attributes.
First, it must correlate well with_a. viewer’s subjective opinion, so that less and more
distortion corresponds to better and worse images. Secondly, it should lend itself to
mathematical analysis or be mathematically tractable. Finally, the actual distortions

resulting in a real system should be efficiently computable {58].

i3

The most common measures- of distortion are difference distortions that use a
L, norm on the difference u-v. The most common choices for p are 1 or 2, yielding
absolute and mean square. These are metrics or distances in that they satisfly a

symmetry requirement' d(u,v} = d(v,u) and a triangle inequality;

d(u, v) < d(u, w) + d(w, v) (2.14)

Distortion measures may also depend on second order properties such as the
sample auto-correlations or spectral models. Distortion measures that depend on

the differences in log (usually applied to the spectral domains) are ratio distortion

measures.

d(u,v) =d(1,v/u) =1cf1(u/v, 1) oo } (2.19)



If uis the ongmal mput and v is a reproduction set restr:cted to some finite or
mﬁnltc set, but chosen to minimize the distortion measure d(u v) over the set two
distortion measures will be nearest neighbor equivalent llf they are minimized by the -
. same v rcgaralcss of Lhe reproduction set. From this equivalence, it is scen that one
should always use the computationally simplest form of nearest-neighbor cquwalcnt

distortions in ordcr to find the nearest neighbor. S

2:3.1 Difference Distortion Measures

The most common distortion measure is the squared error (or error power or error
cnergy). The measure is easily computed and mathematically tractable, however, it
is not as subjectively meaningful. A poorer quality image does not necessarily follow

from larger distortion using a squared error measure.

With the original and reproduction vectors in k- dimensional space, the context
independent squared error distortion would be just the square of Euclidean distances

between the two vectors.

k-1
d(u,v) =|| v — v |*= Z(u; - v;)? (2.16)

A natural extension of the squared error is the context dependent rth power

measure, defined as follows;
d(u,v) = Z Wi(u; — v)" : (2.17

where W; is a function of the luminance values of the immediate neighbors, and r is

an cven integer.
12
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2.3.2 Ratio Distortion Measures

~

Another class of distortion measures are the ratio distortion measures.

As a measure of performance for a system using squared error, one standard’is

the signal to quantization- noise ratio.

L BN
NR =1 —_— 2.
| 5' R og'mE[d(u,v)] } _ (2.18)
Since the squared error has little to do with subjectively meaningful images, the

SNR is equally as suspect as a measure of subjectively gcud inages.

The distortion measure used for all the experiments in the NMSE.

T e

k-1

NaSE = izo [t = ol (2.19)

i=p Yi

The major advantage to the normalized mean squared error is its intuitive appeal.
Error in low pixél grey level values are given more weight than then errors in high

pixel values where the eye is less sensitive. Several of the ratio distortion measures

appear to be more subjectively meaningful than the squared error measure. However,

even in the simplest form they are complicated, non-symmetric in input and output
arguments, and are computationally more costly. - They are widely used in speech
applications although there are some sound theoretical reasons for using the measure

in a nearest neighbor application [6].

These dist,grtion measures have been applied as speech distortion measures to
speech waveforms through the second- order properties, the sample auto correlations
or spectral models. A spectral distortion measure assigns a non-negative number
d(f,g) to the input-output pair f and g, where [ is the input spectral density and 4

the reproduction spectral density.
13



Log spectral distortion measure (7] is formed by the difference Ly norm of the -

fog spectra.

dinp(f,9) =|| In(f} ~ In(g) llp=I In(£/9) I5 _ o (2.20)

- The dy,p can be called a pseudo-metric because it possesses symmetry and the

triangle incquality properties.

Another ratio distortion. measure proposed[8] is the Itakura- Saito distortion

measure.

drs(f,0) =1 (F.9) = In(f/y) = 1], ' (9.21)

For speech distortion rhcasure, the Itakura-Saito distortion is a subjectively mean-

ingful measure [9).

14
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3.0 Image Coders

The basic goal of 'image coding is to reduce the number of bits required to repre-
sent’ an image and to reconstruct a faithful duplicate of the originalf picture. Image
coding can be divided into two broad classes of techniques: information-lossless and

information-lossy tcchﬁiques. Lossless techniques are able to reconstruct the original

image exactly, whercas, lossy techniques introduce distortions. Still or intra-frame.

image coding methods can also be divided into spatial domain encoding and trans-
form domain encoding. Spatial domé.inlinethods operate on the pixel values in some
appropriate way while transform domain methods operate on a set of transform coef-
ficients derived.from the pixel values. A further classification is often made bétwecn
fixed or adaptive methods; the distinction depending on whether the parameters uscld

are fixed or adapted in some way to the local statistics of the image, ~

3.1 Transform Methods

1;1 transform coding[10] the image is first divided into spatially contiguous blocks
of equal size, and then a transform is applied to each block to yield a set of coefficients.
Transform coders attempt to transform one set of data into another set. A source
block of pixels is transformed, for exarﬁple, by some linear orthogonal transform,

resulting in a sct of transform coefficients. The coefficients are then ranked in order of

importance and quantized. Less important coefficients are discarded and compression

results. The inverse transformation recovers the original image minus any information

discarded. The important parameters to consider when using a transform coding

15
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system are; block size, coefficients to be selected, and bit assignment and quantization.

Transform codin also be adaptive by matching the parameters of the coder to

. the local statisticy’of the image(10]. Adaptation can be made with regards to the
transform level] bit assignment or quantizer level assignment. Some examples of linear
transformations that are unitary transformations are; Fouriér, Hadamard, Haar, sine,
cosine, slant and Karhunen-Loeve. The Karhunen-Loeve transform is noteworthy

because it results in uncorrelated coefficients. The transform gives an upper bound

with which other transformations can be compared.

3.1.2 Spatial Methods

a

Predictive coding techniques. Methods using prediction [11] produce data

that is more uncorrelated that the original image data and tend to be easier to \

implement than transform methods.

Correlated image data allow a prediction of a given element in terms of otlllcr
clements in the picture. A difference signal is {ormed by subtracting the prediction
from th‘e actual value and this is quantized into discrete levels and ;ssigned a binary
word. The signal is then stored or transmitted. The reconstruction is aécomplishcd by
using the same predictor and adding to it the difference signal. Erior is introduced
by the quantization of the difference signal. The method tends to be sensitive to
variations in input image statistics and channel errors. Predictive coders can be

decomposed into three processes; predictor, quantizer, and code assigner.

Predictor
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Based on an observed set of pixels {z,_, | iel},aprediction is made of the next

plxel z;, where I spemﬁes the pixels to be used for prediction. A linear prediction of

»; based on an observed pixel z;_; takes the following form

_,zi=Zg(g.);;c_;_l o (3.1)

The best mean square predictor is observed by choosing C(i) to minimize E{(zi—x)%}.

Some prcdictdrs of interest include the following.

/
Differential pulse code modulation (DPCM). DPCM [12] results in uncor-
related difference signals and uses a linear estimator that results in the least mean

squarc crror, given by;

T =pzi+(1—p)m ‘ (3.2)

where m is the mean grey level and » is the normalized correlation between the

. adjacent pixel clements. p is given by

_ B{ziziy)
= _E{?}L . (3.3)

A block diagram of DPCM is given in figure 3.1.
Interpolative. Interpolative predictors [13] use zero-order and-first order poly-
nomials to predict the next pixel. Higher order polynomials can be used but the

computational complexity does not justify the improvement.

Non-linear predictors. In one class of non-linear predictors [14] the direction

of contours in the image is determined and the predictor is chosen accordingly.

17
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Quantization

‘Wit.h the ql.Ja.ntizer in the ;ancoder-c—lecoder ‘loop, the estimates are the quantized
differences and the decoding process is no longer exact. Onel source of error is thle so-
ca.lléd "slope overload.” This occurs when the quantizer is set with closely spaced bins -
for slowly varying scan lines. On rapidly changing scan lines. the decoder would not be
able to follow the input because the largest difference is outside the quantizer range
and error wouldl result. This problem could be rectified by using wider quantization
bins bui{ wider bins would result in poor slowly varying regions creating an artifact

known as granular noise.
, .

Bit Assignment

Each level in the quantizer is assigned a different codeword. Because of the non-
uniform rate at which the quantizer outputs levels occur a variable length coding can

be used. A Huffman code would give the minimum length code. /

Hybrid Methods

Hybrid coding [15] methods refer to methods combining predictive coding and
transform coding. One possibility is to use a one dimensional transform in one axial
direction, (for example horizontally) followed by a predictive opcrz\a.tion carried out
between like members in the horizontal set. Generally the characteristics of such an

approach lic between those of the constituent methods.

18 .
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’ Delfa Modulation

Onc special case of DPCM is when a 1-bit quantizer is. used. This is called delta -

modulation[13].

o)
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Figure 3.1 Block diagram of DPCM.
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@ 3.1 Vector Quantization

\
A vector quantizer, or more exactly ‘a memoryless vector quantizer, consists of an

encoder/decoder pair[58]. The encoder maps each input vector
X = (Xo, Xi, Xg oo Xpmy) — (3.4)

into a channel symbol (or index) A(X) chosen from some channel symbol set M. The
decoder performs a second mapping, assigning a symbol from a reproduction alphabet
A [or cach index m producing a reproduction sequence. Vector quantization with a
minimum distortion encoder is Shanion’s model for a block source code subject to a

fidelity criterion. Vector quantization can be characterized by four processes.(figure

3.2)

L. The decomposition of the image into a set of vectors.

[ ]

The choice of a training set from these vectors.
3. Generation of a codebook from the training set.

4. Quantization of the input vector into the closest code word in the codebook and

assignment of a label.

3.1.1 Vector Formation

Vector formalion is the process used to decompose the image into a set of vec-
b tors. The approaches to vector formation can be broadly classed into two cate-

gorics: direct spatial/temporal formation and feature extraction formation. A di-
21



rect s;ﬁatia‘l/temporal approach forms the vectors from the intensity values of spa-
tially/temporally contiguous blocks of pixels in an image. Vector formation by image
feature extraction uses distinguishing characteristics to derive vectors, Various meth-
ods of feature extraction have been proposed and include: original gréy levels, block
average, transformed coefficients of the block [19,20] and the adaptive linear predictive

coding coefficients for a block [20]. Of specific interest are the following;

Transform coefficients [19)[20] The transform is first applicd to blocks of pixels,
some higher order cocflicients containing little information are discarded. The selected
coefficients are then used to form a vector. Two méin benefits are realized by forming
vectors in this way. First, because the dimension of the formed vector is less then -
the original spatial block, a saving in computation is realized. The second is that
decorrelating the vectors leads indirectly to reduced blocking effect [21]. In chapter
4 a non-unitary transform will be introduced that produces three coefficients from
any block size. In chapter 5 these vectors are vector quantized realizing the expcctcd

advantages and some addmona] benefits.

Multistep VQ. In this technique[26] the error vector resulting from the first
vector quantization is fed to a second vector quantization. The process is repeated
by feeding the second step error to a third, and so on. The memory size for storing

the codebook and the computational complexity is reduced with this method.

3.1.2 Training Sequence Generation
/

The task of training set generation is to accurately represent the input vector

scquence. It is necessary to use a training set because the statistics are generally

22



unknown. If the inpﬁt sequences ..ha.ve large variances a large training sequence is
required. A random selection of input‘ vector can be used as a training sequence for
vector quantization; However, as the codebook is optimized to the given training
sequence and therefore it must be representative of the statistics of the input source.
One approach to training set generation is to use a selection of input vectors by
dividing the source into sets of similar statistics. Other methods that have been
suggested are adaptive methods {23] and partitioned codebook methods [16]. Some

of these methods are now discussed below.,

Local training sequence generation. Adaptive methods [23] improve the
overall performance by changing the codebook to the local statistics of the image.
The image i3 'divided into smaller sets of sub-images. For each of these sub-images
a separatc codebook is gencrated. Each sub-image is taken as a training set and is
used to gcner‘ate its corresponding codebook. The main difficulty in this approach is

the overhead needed to update (adapt) the codebooks.

Séparating edge and non-edge vectors. Using spatia.lly contiguoﬁs blocks of
pixels introduces a problem in the reproduction of edges. One proposed improvement
[16] is to distinguish the edge vectors from the non-edge vectors and to use separ:ate
quantizers for each class of vectors. This requires two codebooks at the decoder. This

generally results in an improved subjective image but may result in an increase.in

NMSE.

Gain/shape VQ. Gain/shape VQ [22] uses two codebooks to quantize the
‘shape’ and ‘gain’ of the image blocks. The ‘shape’ is defined as the original in-
put vector normalized by the removal of a ‘gain’ term. The ‘gain’ can be the block

mean or block energy.

23
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@ ~+ Finite state VQ.This method [27] incorporates memory about previously en-
- coded blocks info the encoding of each successive input block. The technique uses

a finite number of states which sumxﬁarizes key information a.l?out previous encoded

vectors to select one of a number of codebooks with wh.ich te encode the input vector.

In other words, for each state there is a corresponding codebook.

24 “



@ 3.1.3 Codebook generation

Central to obtaining good results in, vector quantization is the development of
a codebook. Optimal codewords are the mean value of the partitioned region in
Euclidian space {Varonoi regions) under the MSE measurement criterion. The optimal

codebook, using the mean squared error (MSE) criterion, must sa.tiéfy two necessary

conditions{24]; :

1. The input vector source, V, is partitioned into N closed sets or Vofonoi regions,

{Ri:1<i< N} determined by the minimum distance rule:

Ri={Vilv—wi| <]v- w,-.|} forallj #i - (39)
P
\J

2. The corrcsponding codewords are then defined by

wy = E{vjve R;},i=1,2,-- N (3l6)

The codebook generation can be performed by an iterative algorithm developed
by Linde, Buzo and Grey [25]. If certain conditions are met, the algoritilm produces

. alocally optimum quantizer. The steps in the algorithm are as follows:

1. Starting with the source vectors or a training sequence of the source vectors
. X, and a convex distortion measure d(x,y), an initial guess of the codebook is

made y9,43,... 42,

[ 2. At the kih iteration the nearest neighbor code vector for each training vector

is found. That is, the training sequence is partitioned into sets by using the
: : 25 . .
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nearest distance rule (smallest distortion measure) i.e.

Sk = {erd(z, w) < diz,y))},i = 1.2, - -V,

(3.7)
. ) ’ \
3. The kth reproduction vectors, y¥, are found as follows;
ot = E{yzeSE), i=12,...N,. (3.8)

In other words, this minimizes the expected distortion.
- ) . ) ‘ i !
4. Convergence for the process is tested for by evaluating the fractional change
in the total distortion. If the change is above some threshold, steps 2 and 3
arc repeated.

A number of variations for codebook. generation have been proposed. -

Multistep VQ. In this technique, the error vector resulting from the first vector

quantizatilm is fed to a second vector quantization. The process can be repeated by

feeding the secand step error vector into a third step vector quantization, and so on.

+ If N; is the codebook size at the ith step for a.wm-step vector quantization then the

number of combined representative vectors is N = Ny 4+ Na+...+N,,. The éomputétion- ’
time and memory requirements are reduced with this method.

Initial cddebook. The codebook is generally generated by a clustering algo-
rithm which requires an init‘iél guess at the codewords. Two approaches have been
suggested to obtain the initial codebook. In the first, a’codebook is constructed from
only two codewords, the codebook is generated by recursi\;'ely splitting the codewords
until the required number of codewords is fdund.ﬁ This technique is known as bimary
splitting [59]. The second api)roach 13 to start with the required number of codewords,

e.g. by uniformly distributi%g the values[16][23].
26 '



3.1.4 Quantization

The process of quantization involves finding the closest codeword for each input
vector, From Shannon’s model for a block code, the VQ is optimum if it minimizes
an average distortion E(d(x,y)). Two necessary conditions for optimum PCM with

a squared error distortion measure to vector quantization were clcvclopcd by Lloyd

(30]. These two necessary conditions are:

Property 1; To minimize the average distortion for a given decoder B and

thus for a given codebook, the best the encoder can do is to assign the code-

word v in M which will yieId the minimum pessible distortion at the output.

More succinctly, the best possible encoder for a given codehook is a minimum
distortion or necarest neighbof mapping.

i '

Property 2; A decoder can do no better than to assign to cach channel symbol

v the gencralizcd‘ccntroi(‘l of all source vectors encoded into v. The centroid

N . 15 the vector yielding the miniﬁlum average conditional distortion given that

| the input vector was mapped into v. I;or a squ'a.red error distortion measure,

this would be the Euclidean centroid, or the vector average of all inpul vectors

encoded in the given channel symbol.

A quantizer can scarch over the entire codebook in which case the search is exhaustive

-

or it can scarch by a hicrarchical partition known as a tree search quantization.

Tree searched quantization [31]. At cach layer of the tree a decision is made

e . between one of two. sets of codewords. At the last layer a representative codeword

27



is found for the input vector. Tree-search is suboptimal for the given codebook and

requires more mecmory.

pey
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Figure 3.2 Block diagram of vector quantization depicting the four steps.
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3.2 A Final note on Adaptive VQ

VQ creates a single general cociebook from a training sequence taken
from ”a. class of images” and uses this same co'débook for all images in thcrclass.
The expected distortion qﬁantiﬁes the performance of the system. In practice, it is
the long term average distortion that is measured. If the procesé is stationary aﬁd
crgodic, then the limiting time average distortion is the same as the mathematical
expectation. If the input source is indeed stationary and ergodic, the resulting sample
average distortion should be nearly the expected value and the same code used on
futurc data should yield z;pproximately the same gverage. However, the image data
may be neither stationary nor ergodic. In fact, there is no generally accepted accurate
probability distributions for real image data. In order to use the technique of designing
a code for a sufficiently large training sequences and then using the code on future
data, a sufficient condition [32] would be that the source be asymptotically mean
stationary. So, a more mathematical term for ‘a class of images’ is ‘asymptotically

mean stationary sources’.

\ : ¢

Thus, even quantization made for a general ‘class’ of images is adaptive, bt
adaplive to a larger set ol input sources. When image data is introduced that docs
not fall into this set, poor coding results.- An example of this occurs when an image

of greater or less exposure appears in the input.

On the other hand, Adaptive VQ (AVQ) is a method of incorporating mem-

““ory into the vector quantizer. The decoder is informed of the chosen codebook by

concatenating the information onto the channel words or in a special side channel.
Theoretically, VQ’s with memory should be no better than memoryless VQs in terms

of minimizing average distortion. However, a VQ with memory may yield the desired
!
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distortion with le<s complexity. Adaptive VQ would not suffer {from the effect of the
data not being rrendic or stationary because it adapts to the image statistics. There
is some overhead invo-lvcd in adaptivity. Adaptive VQ re(;luires some of the bit rate
fo be used to transmit the codebook. The rate calculation is now;

rate = labels + codebook (3.9)

The additional bit ratc incurred increases with the biock size and size of the codebook.
‘This is clearly scen in figure 3.3, where with a vector size of 4 the overhead amounts
to only 2 percent of the rate, while with ;vcctor size of 20, a full 72 pcrcent‘of the
rate is taken by the transmission of the codébo_ok. Thus the overhead does put a
upper bound on the codebook size: An optimum size was found [33] to be around
9. When the codebook sizc is greater than 20 the transmission of the codebook
renders adaptive VQ inefficient in terms of bit rate that it becomes useless. There is,
therefore, a trade off between block size, codebook size and overhead. An additional

concern 1s the need to generate a new codebook for each image.

The methods introduced in this thesis are all performed on adaptive vector quanti-
zation although the methods are equally applicable to basic VQ. The results presented

all factor in the additional bii rate to transmit the codebook.

i
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. Block | Codebook No. of Bt 9 %bitratein

. : size - slze bits . rate overhead
Baslc VQ .4 64 6 1.50 -
Adaptive VQ 4 64 6 - 1.53 2.0%
Basic VQ 6 181 75 1.50 -
Adaptive VQ 6 137 74 1.52 7.7%
Basic VQ 9 16384 14 1.56 ]
Adaptive VQ 9 512 9 1.51 34.7%
Basic VQ 12 262144 18 1.50 -
Adaptive VQ 12 512 9 1.50 50.0%
Basic VQ ‘ 16 - 1.6 E7 24 1.50 -,
Adaptive VQ 16 478 8.9 1.49 62.6%
BasicVQ 20 1.1E9 30 C1s0 | o
Adaptive VQ .20 446 8.8 1.52 71.2%
Basic VQ 24 6.8 E10 36 1.50 o
Adaptive VQ 24 388 8.6 1.50 76.0%
Basic VQ 30 3.5 E13 45 1.50 -

@ Adaptive VQ 30 338 . 84 1.52 81.5%

Figure 3.3 The table shows the size of the codebook and thus the labs! size -
for an example bit rate of 1.5 bits per pixel. Note how the codebook size goes to
a maximum and then decreases with adaptive VQ. The size of the codebook for
basic VQ is limited only by computational compexity. The calculations assume a
256 by 256 image with 8 bit pixels.
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4.0 A ‘Facet Model for Image Data

.

Real images ofien contain a large amount of order and regularity. Many images
can be well rcprescntcci by a model that regards this order and regularity as a union
of small regularly shaped surfaces. 1f large regions of an image are approximated by
these simple surfaces then the irﬁage would require fewer bits to represent it than the
original. An image model using these surfaces, o<r facets, to describe sections of the
image and polynomials to describe these surfaces will now be explored. In section 4.1
a facet l‘nodel for images is discussed that represents small blocks of the image as two
dimensional polynomial functions. In section 4.2 a review is given of how this {acet
model has been applied to c![ge detection, noise cleaning and image analysis. Section

4.3 introduces the use of facet representation as an image compression technique.

33



(a) Orxiginal grey level values

N
7

pa)

e

(b) Flat facet model approximates

viewed a3 small surfsces above swrfaces with a polynomial degree
the image. Zero.
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¢) The planar facet model (4) A polynomial of degree two
g p)pmxirI;mtes'gmy tevols with spproximates grey levely-with a curve
polynomial degree one, with no inflection .

Figure 4.1 The facet model for image representation viewed as surfaces above
the image. Higher order polynornials can yepresent the image with less error. Any
block size can be represented errorlessly if a polynomisl of sufficient degree

is used.
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4.1 A Facet Model for Image Data

[

Facet: A small face or surface; one of the small planes which forms the sides

of a crystal; a flat surface with a definite boundary.{49]

In this séétion a facet model for image data is presented in which an image is
represented by_# set of piccewise polynomial functions [50]. The.. model assumes tlm/
the image can be partitioned in the spatial domain into connected regions called facets
cach of which satisfies certain grey level and shape constraints. The grey levels in

cach facel are'a polynomial function of row-column coordinates of the pixels in the

facet.

The grey levels can be viewed as composing a facet above the region, the basic
shape of the facet depending on the degree of polynomial used. Facet shapes for
polynomials of degree zero, one, and two are shown in figure 4.1. A polynomial of
degree zero {51][52] would mean that the surface of the facet w0uld.-be a flat region.
A polynomial-of degree one, (planar facet model} would rr:equire the su'rfa,cg to be a
plane with any orientation. A polynomial of degree two would restrict the facet to a

curved surface without inflection.

Tl.lc facet model proposed by Haralick[53] described an image by irregular shaped
regions formed by merging smaller regions with similar characteristics. As the facet
mode] was employed for the purpose of edge detection this was appropriate. In section
;1.2 a shape constraint will be imposc.;d to allow the facet representation to be applied '

for image compression purposes.
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’ A planar facet ”"'gfl will now be explored in more detail. Let Z: and Z, be the
row colqmri index <et of the spatial domain of an image. F.‘or.a.ny (z,9) € Z, X Zy, let
u(x,y) be the grey level value of resolution cell (x,y) and-let B(x,y) be the B x B

block of resolution cells centered around resolution cell (x,y). Let »r= {m.....mn} be
a partition of the spatial domain of Z. x 2, into its facets. . \ . |

-In the planar facet model for cvery resolution cell (z.,y) € 7, , there exists a

resolution cell (i, 7) € Z, x 2, such that:

L

1. Shape constraint: (x,y) €-B(i,j)C m
2. Region grey tone constraint: u(X,¥) = anz+ By +1a
b + The modelled image is assumed to differ from the real image by t%ition

of random stationary noise having zero mean and covariarice matrix proportichal to

some constant; i.c.

v(x,y) = u(z,y) + y(z,y) : {4.1)

where
Eln(z, y)] = 0 . (4.2)
Eln(z,yn(z’, ) = ko(z — ',y -~ y/) . (4.3)

The planar facet model fits a sloped plane to each block. This plane results in. a
least square error approximation of the region. The derivation of the equations for

this planc is as follows: Assume the block lengths are odddso that one of the block’s

4

pixels is at the center. Let the block be (2L+1) x (2L+1) with the upper left hand

corner pixel having value (-L,-L) and let u(x,y) be the grey value at row x, and column
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&,

A For any Diqck entirely contained in a facet;

u(z,y) = ar + fy + 1 + n(z, y) _ - (4.4)

where y(x,y) is noise. A least squares procedure[50] may be used to estimate a,g ,

and v , let
. L L

flo, 8,7) Z Z (ez + By + 7 — u(z, y))? . (4.5)

Then the least squares estimates for a, 8,7 are those which minimize f . Taking partial

derivatives and solving the resulting equations gives;

L(L+1) (2L +1)? Z_L y;L“(xoy)' - (4.6)
3 L L s
b= L(L+1)(2L+1 7 ;L g_: z,y) (4.7)
L .
T = (2L+1)2 _ZL -'ZL ll(-'l-'yy . (48)

- Ithe blockis 3 x 3, L =1 and;

p = UI(+1,5y) - (=1, Zy) | (49
o= %{1(2&, 1) - I(Zz, -1)] - (4.10)
7= 5UI(Z2, By (4.11)

> . .
The estimated gray level value for any resolution cell (x,y) in the block js then given

by;
v(z,y) = ez + Py + v : (4.12)

This shows that a is the slope in the x direction, g is the slope in the y direction, and

" yis the average grey level of the block.
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4.2 A Review of Applications of the Facet_‘ Model

A review of previous work on the facet model is now presented. Haralick[50]
fivst proposed a facet model for those ; Image processing operations tha,t requlre an

image to be in an idealized form. Noise cleaning is a procedure by which a noisy

1mage is operatcd on in a manner which produces an image Wthh has less noise
and has an idealized qu . A non-linear relaxation technique to iteratively operate
on images and produce a facet image was proposed. By merging regions of similar

characteristics, facets of different size and shape would be formcd and completcly

descnbecl by polynomials of degree one or of degree two.

The samé facet model was used by Haralick[53] as a method for edge detection and

for defining parts of a scene. The approach grows regions by using a significance test

~to merge sin%ilar rcgion's with boundaries ultimately declared between different facets.
3

The regions are a union of B by B blocks of p:xels and would ha.ve arbitrary size and

shape with the narrowest dimension of the facet equal to B, Ldges are produced by .

the boundary points of the facets defined. 3 .

A similar method of edge detection and smoothing using faccts represented by a

polynomial of degree zero was suggested by Nagao and Matsuya.ma[51] and Tomita

~and Tsu31[5 ] The algorithm looks for the most homogenoue neighborhood area

around each point in an image and gives each point the average grey level of the
selected neighborhood area. This can be rega.rded as a facet representatlon using

polynomials of degree zero on regions of arbitrary shape and size.

The modcl has also been used in a pattern recognition application. To classify

targets, it is necessary to develop algonthms for systematically analyzing the com-
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ponents of a target or an image. A sloped facet model was applied to multi-spectral

image analysis{54] to find first order descriptions of targets in terms of their essential

components.
A,

_ It is now proposed to use a facet model for image data compression. A few changes

must'_‘be made to the brcvious model to use the facet for image coding purposes. First

of all, the regions should be tractable without using any information to describe the

region shape.” This would preclude irregular shaped boundaries and require regular -
regions throughout the imayce ';;o that the block location and shape could always be
identified. However, block sizes of variable sizg aré preferred because of the varying
statistics of the image. A compromise is, therefore, reached by allowing different
block sizes but cach of the successively smallér block sizes being a regular division of
a larger size. The proposed scheme uses large block sizes for élowly varing areas ;za.nd

smaller blocks for busy areas in the image. .
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4.3 Ymage Data Compression Using the Facet Model

In transform coding[10], an image is first divided into blocks of equl size, and
then a transform is applied to eaéh block individually to yield a set of coefﬁcLients.
In generzal, this transform is linear and can be"inverted' to recover the original values.
The facet representation of an image is, on the other hand, a non-linear, non-unitary
transform, which cannot be inverted to recover all the original data. In designing any ‘
iransform coding system the following parameters must be selected: the coeﬁiciénts

to be transmitted, block size, the bit assignment and quantization strategy.

Results are prescnted in section 4.3.1 for regular sized -shaped facets of degree

~one, i.c. those described by three coefficients on equally sized blocks. This scheme is

made adaptivé by varying the size of the facet, the results of which are presented in

section 4.3.2. In scciion 4.4, bit assignment and quantization strategy are discussed.

4.3.1 Fixed Degree Polynomial, Fixed Block Size

The algorithm divides the image into spatially contiguous blocks that are regular
in shape. Each block is regarded as a facet and transformed by a polynomial function!
The size of the block and degree of the polynomial will determine how much error is
produced apd how much compression is achieved by the transform. Blocks that trans-
form well are not necessarily blocks with low energy, but low energy blocks transform
well.” That is, blocks of rapidly changing values will'be modeled well provided they
can be modeled as .a‘p!anc.‘ Some edge regions may be characterized as such. An‘

example of an edge that transforms well is shown in figure 4.2(a). An example of an
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edge that does not transform well is shown in figure 4.2b. Generally smaller block
sizes will transform better. If the block size i_s small enough for the polynoﬁ]_ial chosen

then it can be represented crrorlessly. Large blocks can be used in regions of slowly -

varying grey levels,

Experiments are performed using the planar facet reprcscntatfon on block sizes
of 2 by 2 and 4 by 4. When 2 by 2 blocks are ‘uscd, four points are being modeled
by the closest plane. As each of these four member blocks cannot be modele.\c\f as a
plane, some error results. Since a plane is completely described by three non-colinear
points, a three member block could have been fepreéented exactly. It will be seen
thal because of the strong degree of coreelation between adjacent peints in an image,
2 i)y 2 blocks arc 1'cprescntcd‘-w"ith very little error and no observable degradation in
subjective quality. Using 1 by 4 blocks with a planar facet model represents 16 points
by 3 points and much more error may result. But because of the inhcrc.nt order the

test images (still life images) many large blocks are well represcntéd with very small

CITOT.

-~

Results

Three test images, FRA, BAT, TAB are shown in figure 4.3. r\[‘hc images are
256 by 256 with 8 bits per pixel and represent a cross section of characteristics and
coding peculiarities. r‘]\.ﬂhc:: ‘I'RA’ image has two large uniform arc;is to t,hcllcft and
the right of the face. The face itself contains some slowly varying grey level regions
with some regions of high detail. The constant and slowly varying grey level regions
dominate the image stalistics as a whole and if uniformity in statistics is assumed for
the image, poor coding in the high detail areas Ircsults. The “TAB’ image contains

many cdges characterized by two adjacent uniform regions. It also contains many
41



slowly varying grey,level regions. The edges are in all orientations. The ‘BAT" image

is a highly deiailcgl imagé with many edges in the form of lines or as bordcrs between

two adjacent regions.

.3 The method is first demonstrated on the three test images using 4 by 4 blocks

and 2 by 2 blocks using a polynomial of degree one, i.c. a planar facet representation.

4 by 4 pmel b'ocks, planar facet Using 4 by 4 blocks, 16 elght blt pixels are rep-
arcscntcd by 3 =ight-bit covmments for a reduction from 8 blts/plﬂ(cl to 1.5 b:ts/p:xel
"The error lnbtogmmb for cach of the test i images is shown in figure 4.4. It is seen that

a large percentage of the blocks are well represented i.e. yielding a small error. 1t is

also ap.parcnt that some blocks are rejresented poorly and this leads to poor detail

in some arcas of the image. (sce figure 4.5)

2 by 2 pix_e] blocks, planar facet. Using this size block results in a reduction
“in the bit rate from 8 to 6 bits. 1'sing a block size of 2 by 2, 4 cight-bit pixels are
represented by 3 eight-bit coefficicuts, giving a reduction in bit rate from 8 bits/pixel
to 6 bits/pixel. It is clear from the images in figure 4.7 that even the high detailed
arcas are coded well. This is apparent by examining the histogram of errors of figure -
1.6, In all three images more than 99 percent of the image can be coded with less

than .1 percent NMSE.

-

By comparing the two histograms it can be concluded that a large percentage of
the image derives little or no additional benefit by being represented with a smaller
block. Iowever, it can also be concluded that some blocks must be réprcsentcd by

small blocks for good image fidelity. This suggests that a combination of block sizes
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may have superior results. This possibility is ck‘pjof'cd in the next section.
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Figure4.2 Atwo dimensional vém(on ofimage blocks that are re presented
well. Low energy blocks will always be represented well, but high energy blocks
may crmaynot be represented well, depending on some additiona! stetistics.
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Figure 4.3 Photographs of test images used throughout the thesis. All results presented will follow
this same format ; the entire image Is photographed followed by an enlargement of a small section.

top;FRA,midd[e:bat,bottom,TAB
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Figure 4.3. {continued)
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Figure 4.3 {continued)
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Figure 4.5 Fholographs of the three test images represented completely by 4 by 4 blocks, planar facet
transformed. The bit rates for all these images is 1.5 bits per pixel.
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Figure 4.7 Photographs of the three test images represented completely by 2 by 2 blocks, planar facet
transformed. The bit rates for all these images is 6.0 bits per pixel.
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-figure 4.7 (continued)
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4.3.2 Fixed Degree Polynomia)l, Variable Block Size

From the experiments in the last section it was apparent that a uniform block |

size docs not represent all parts of an image. with equal fidelity. - The method now
| introduced uses different block sizes to code the regions of varying statistics, The
image is partitioned into contiguous blocks as before. If the error in a block when
représentcd by a facct excecds some threshold, then the block is subdivided into
smaller regions and represented -again by a facet. If the error still exceeds ‘some
threshold, the block is split still further. Thus a pyramidal structure is set up with -
cach subdivision creating a new level. Thi‘s method needs an addjtiona.l bit per biock
of overhead to record the binary decision of subdividing. As an example of the
overhiead, if blocks of size 4 by 4 or 2 by 2 are used, an additional 1/16 bit per pi}lccl
is needed. If three levels, 8 by 8, 4 by 4 and 2 by 2 are used, then 1/16 plus 1/64
bits per pixel is added. This method would result in a variable length coder W],li(:!l

depends on the image statistics and the error threshold chosen.

Results-

+ This approach is demonstrated on the tostxi’rnages by using blocks of size 4 x 4
and 2 x 2. Blocks size of 4 by 4 are transformed using a planar facet model and
represented by three coefficients, If the three coefficients result in ‘too much error
the block is further divided into 2 x 2 blocks. Each of the 2 x 2 blocks are then
represented by a planar facct.' The results of using variable block sizes are shown in
figure 4.8 for different thresholds of error. A change in the error threshold results in a -
change in the percentage of the image represented by 2 by 2 blocks and in increased

crror. Note the very definite elbow in the curve, showing the diminishing marginal
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gains in further sub-dividing the blocks. Despite the wide range of statistics of the
&
images the elbow vccurs around 2 bits per pixel. This means about 12 percent of the

image is represented by 2 by 2 blocks. The amount of error that this bit rate creates

varies widely from image to image.
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Figure 4.8 Photographs of the three test images represented by 25% 2 by 2 blocks and 75 % 4 by 4 blocks.
These images clearly show that it is not necessary 1o code the entire image by 2 by 2 blocks. The bit rates for
all these images is 2.5 bits per pixel. -
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figure 4.9 (continued)



9 {continued)

figure .4
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4.4 Quantization and Bit Assignment

The real valued output of the transform operation _réquires procedureﬁ for quan-
tization and bit a.lloca.tlon Itis well known{55] that the qua.ntlza.tlon operatmn must
be carned out with the d13tr1but1on of varlables in mind. Quantizing to minimize
the total a.verage error will lead to quite a dlffercnt solution to the problem when
compared with méximizing the visual acceptability. For the sake of-simplicity; all the
outputs of the .coders in these experiments have been quantized to the nearest integer
between 0 and 255, despite the sub-optimality of this scheme. The result of using
this quantization scheme has little effect on the final output. This is evident f1:0m the
histog‘rams of grey levels in figure 4.3. The three images have no grey level values a.re.
significantly more frequent then any others, with the exception of grey levels at the
extreme ends of the scale, which are less frequent. Thus a uniform quantizer would

have results near to an optimum quantizer.

As in the case of quantization,'the matter of bit aIloca.tio‘n of a set of variables
hasA been extensively treated in the literaturc[56]. Adaptive transforms will in general
allocate different number of bits to different blocks depending on the variation in
detail. The adaptive facet transform wilI. allocate the same number of coefficients to
. eacheblock, but adapts the block size to the variation in detail. This is a sub-optimal

scheme because only two block sizes are used.

One final note on the quantization scheme used in the experiments. If we re-
gard the facet model as three points in space defining a plane, the distance between
these points determine the quantization error. The further these points are from oné
another, the lower the quantization error, but the greater the dynamic range of the

output required. This is best explained by way of example. Figure 4.10a shows 4
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points that ‘a.ll'lie on the same plane and therefore can .be exactly represented by the;
planar facet. However, the three coéfﬁcients that represent this block a.r;a not integers
and must be quantized. Figure 4,10b sho;vs the same four pixels being represented
by the planar facet with vthe pointﬁ chosen further from one another. ‘Notg the quan-
tization error in the second case is much less. When the cases arise that the four grey
level values are closer to 255 or 0 , then the magnitude of the planar facet coefficient
would be greater then 255 or less that 0. This is because the points chosen to repre-
sent the plane are well out of the spatial block (see diagram). The same effect could
be accomplished by additional quantization bins. Observing the histogram of the test
images, one notes that most distributipns of real image will have few gray levels at
the extremes, at 0 and 255. Using this premise, the three points were chosen to be
on a circle with twice the diameter of the block it defines. For the few cases that the

output exceeds 255 or goes below 0 the output is hard limited to these values.
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The linethat results in

the lowest representation
erroris defined by two points;
These paintscan be 21.5,26.5
or10.3,27.3.

Using points aa to repre-sent aiine that best fits the grey values results in
thetwo points 21.58nd 26.5. These valuss erethen quantizedto 21 and 26resulting
inreconstructed values of 20,22,25,27torepresent the original biock of 20,23,25,28, -

Using points bb to represent a line that best fits the given grey level values resuts o

inpoints 10.3and 37.3. These values are quentizedto 10 and 37r

esultingin a reconstruction
vector of 20,23,25,28. '

Linerepresented
by 10,37

Linerepresented
by 21,26

Figure4.10. THefigures show the differencein quantization error dueto the
poaitioning of the points takentorepresentthe line. By using points bbless quentization

erroris seen. Also by using paints bb, leadstothe possiblity of havingthe ponts
lie outside of therange of the grey levels. ' )
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4.5 Conclu_sion

A facet model for image coding which uses a set of piecewise polynomial functions

—_—

by a polynomial function of ﬁxed degree and ﬁxed dimension can lead to regions’

being represented by different degrees of fidelity. By allowmg the rcg:ons to have
different sizes, the error tends to be more umform in error content. The results of

the experiments show, that for a class of still i Images, mixing 4 x 4 and 2 x 2 blocks

results in subjectively excelIent reproduction of coded images.
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5.0 Planar Facet Vector Quantization

Results were glven in chapter 4 for planar facet. representation of j images with
scalar quantlzatlon of the vector elernents Bit rates between 1.5 and 6.0 bits per
pixel were shown with some visual dxstortlon appearing at rates below 2.0 bits per
pixel. Shannon’s codmg theorem suggests that a lower bit rate can be had, within
the bounds of the. gwen distortion, by using vector quant:za,tmn Results are now‘
presented for images coded using vector quantization on a pla.nar facet /fepresentatxon

(PFVQ), reducing the bit rate to between 0.3 and 1.5 bits per pixel.

For the set of test images examined, the planar facet 'representation requires that
for high detail regions of the image the smallest spatial block represented by a plane
be 2 by 2 pixels in order to have no subjective visual distortion. Slowly varying
reglons bc represented with 4 by 4 bIocks with the same leve] of average distortion.
The percentage of the i image that requires the smaller blocks depends on the image
statistics and oﬁ the level of distortion. In section 5.1.1, experiments are reported
on the percentage of the image that require 2 by 2 blocks for a given distortion .
The experiments are performed by having a single codebook size and varying the
pcrcentage. of 2 by 2 and 4 by 4 blocks. These results are then compared to the rate

distortion curves of the scalar case given in figure 4.8.

Because the lowest distortion using VQ is that of the best filting plane (best -in

a NMSE error sense), it would be expected that distortion vs codebook size would

- see a diminishing gains phenomena as the codebook size increases and the error

approaches its minimum: Section 5.1.2 gives results of experiments for distortion vs
codebook size for a fixed pérccntage of 2 by 2 blocks. Section 5.1.3 compares PFVQ
using a codebook for each block size with PFVQ using a single codebook. Because a
variable block size tends to transform both slowly and rapidly changing regions onto

the same plane, one would expect that a single codebook would have similar results
' 66
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as compared with a partitioned codebook. Finally, in section 5.2, PFVQ is compared

with the cosine transform, a quadtree method, and a partitioned codebook method.

‘The block diagram for PFVQ is shown'in figure 5.1. Equal sized contiguous
blocks of 4 by 4 are representéd by the planar facet using the transformation given by
equations 4.9 to 4.11. This pr?duces a set of vectors with three coefﬁciénts for each of
the spatial b‘locks. Each of the vectors is now inverse transformed using equation 4.12
and an .approxima,tion to the origiﬁé.l 4 by 4 is produced. The three coefficients are
retained. For each of the reconstructed blocks, the NMSE is cé.lcula.ted with respect
to the original and compared to some given threshold. If the representation results in
an error greater than the threshold then the block is split into four blocks of size 2 by 2"
and a new representation found for each block. The vector set is now vector quantized
- according to the algorithm given in section 3.1. There are two possibilities for the

codebook generation; a separate codebook for each block size or a single codebook

for both' block sizes.
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5.1 Results and Discussion

5.1.1 Spatial Block Size for PFVQ

The first set of experiments are performed to determine the pércentage of the
image that requires 2 by 2 blocks for good visual quality. In the experiments in
chapter 4, a definite clbow was observed in the rate distortion curve as the percentage
of 2 by 2 blocks increased, leading to the conclusion that certain regions in the image
derive little benefit form being coded with smaller blocks. This same property is
tested now using vector quantized planar facet representation. The results of this

experiment are given in figure 5.2a and the reconstructed images are given in figure

5.2b.

Discussion

It is clear that edge areas are not well repr;zsented when rcprcsentéd by large
block sizes, while non-edge regions are wéll represented. This problem is also prescﬁh
to'a certain extent in scalar quantization but is accentuated for two reasons in vector
quaniization. First of all, for each block there is a best ﬁ’fting plane (best in a NMSE
sense) that may introduce some distortion, depending on the grey level values of
the block. Vector quantization will represent the best plane by some approximation
which will approach but cannot do better than the best fitting plane. Thus the lower
bound of distortion for PI'VQ is that which is introduced by the best fitting plane,
and cannot do betler no matter what the codebook size. Secondly, vector quanLiz.crs
tend to cluster the low probability vectors (the edges) in with the higher probability

vectors leading to poor edge representation. As more of the image uses 2 by 2 blocks
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the error is more unifoﬁh]j spread though the irhage‘ and leads to edge areas being

well represented.

The facet representatior using fixed poly}lonﬁal degree and variable block sizc
requires an error threshold to be chosen for the decision of div.iding the block further
of not. The threshold of error chosen is a NMSE /compression trade off and should be
chosen consistt;nt with the size of the codebook. Vector quantization will approximate
the best fitting plane by the closest plane represented in the codebook, however the
best fitting plane may still introduce error. Using a large codebook for with a high
threshold of error may result in only a small reciuction of the overall average NMSE
and little improvement of subjective quality. This diminishing gains characteristic
can be seen in figure 5.2 as the reduction of erlror is only marginal as the bitrate
increases. The optimum combination of codebook size and error threshold must be

determined from the final subjective quality of the image.
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-Figure 5.2b Photographs of reconstructed ima-ges keeping a fixed 25% of the image as 2 by 2 blocks.
The three images shown here are; Top; 64 codewords used in codebook. Middle; 256 cedewords
used in codeback. Bottom; 512 codewords used in cedebook.
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[ figure 5.2b (continued)
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figure 5.2b (continued)

75



5.1.2 Codebook 'Size for PFVQ

"The second set of experiments uses a constant percentage of 2 by 2 blocks while the
codebook size is varied. Fér the three test images, two thresholds are demonstrated.
One leading to 10 pgicent of ﬂlé image being divided into 2 bf 2 b}ldcks and onc.
leading to 25 percent ;f the image being split to 2 by' 2 blocks. Because of the
wide range of statistics.within the test images, these percentages were reached using
different thresholds. To get 10 percent of the image, the thresholds in NMSE percent
are: .23 for I'RA, 1.7 for BAT and 2.8 for TAB. For 25 pércent the thresholds were:
1 for FRA, .76 for BAT and .55 for TAB. That is to say, that blocks with error above

these thresholds were considered edges.

Discussion

As with the scala.r quantization case, it can be seen that certain blocks derive no
benefit from a split to 2 by 2 blocks. This is reflected in the decreasing reduction
in the NMSE as the bit rate increases. For each image an explanation is warranted
in terms of the individual image statistics. The image FRA saw an increase in the
overall NMSE of the ilmagc and an increase in the error in the edges when going
form 10 to 25 percent of the image using 2 by 2 blocks. This is béc;ause 25 percent
of the image as 2 by 2 blocks was unnecessary for good coding. Many blocks were
coded .as 2 by 2 blocks that.could have been sufficiently well coded as 4 by 4. The
additional overhcad at 2 by 2 increased‘the overall R(d) curve. Fc;r the image BAT,
Lllc.é\;'crall error decreased while the error in the edges remained about the same when
the amount of 2 by 2 blocks'incrcased from 10 to 2.5 percent. This is because for Lllis-
inage, 10 percent 2 by 2 was iasufficient and many of the‘edges were coded as 4 by

4, increasing the overall NMSE. At 25 percent most of the edges were divided into 2
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* by 2 blocks and resulted in a decrease in NMSE. Finally, the coded TAB image with
25 percent 2 by 2 had increased error in both the edges and overall error. This is
because, while the imagé contains many edges, only a few are sharp cdgee;, most of

the pixels lie'in areas of constant slope and are, therefore, generally well coded using

4 by 4 blocks.

7



NMSE Z

NMSE 7%

NMSE %

0.40

0.334

0.301

0.25+

0.20¢

0.15+
0,10

R LE

0,00

O  IQIALIMARKIRRQR

-

10X OF FRA 2*2 BLOCKS

EARQ® 1M KOALE

0

0.8

a4

L]

0.2

L

0.3 .

0.4

]
0.5

L
0.8

+
0.7

0.8
< BIT RATE . bits/pixel

L
0.9

1 1.1

0.7
0.8
0.5
0.4-
0.3-
0.2

0.1-

0.0

10% OF BAT 2°2 BLOCKS

JESATET TUT U .1 S ——
Kamom'MgROgs

0

2.2

0.1

T
0.2

0.3

0.4

L)
e.5

T
a.8

¥
0.7

L}
0.8

T
0.9

1

1 1.1

BIT RATE  bits/pixel

1.8+
1.6
1.4
1.2+

0.8+
0.6
0.4
0.2

\
\

AN

N

o}
S - iRsomNcpoes —

10X OF TAB 2°2 BLOCKS

FIGURE 5.3. NMSE V3 BIT RATE for vector
the lighter curves shows the error in just

0.1

0.2

0.3

T

0.4

T
0.5

The

T
0.8

T
0.7

¥

0.8
BIT RATE  bits/pixel

T
0.3

1 1.1

ntized planor focet.The thick curves show tha tolal error,

edges. The 2 by 2 block content Is constant at 10 percent




Figure 5.4 Pholegraphs of reconstructed images using 10% 2 by 2 blocks and 128 codewords for
each codebook.
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figure 5.4 (continued)




figure 5.4 {(continued) G
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Figure 5.6 Photographs of reconstructed images usmg 25% 2 by 2 blocks and 128 codewords for
each codebook.
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figure 5.6 (continued)
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figure 5.6 {continuéd)
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5.1.3 Partition vs Single Codebook for PFVQ

The final set of experiments is used to determine whether a partitioned codebook
or a single set is necessary for quantization. If the f.ra.néform rnéps both the large and
the small blbcks onto vectors of similar statistics then a single codebook should give
similar results to a partitioned codebook. Anexample of when both 2 by 2 and 4 by 4
blocks are mapped onto thé same slope is. shown in figure 5.12. The difference in grey
level for the 4 by 4 block could be twice as much as with a 2 .by 2 block and would
still be'mapped onto the same slope. Figure 5.7 and 5.8 show a single and partition
codebooks used for training sequence generation. The experiments were done using -

10 percent 2 by 2 and 25 percent 2 by 2.

Discussion -

From thcse two graphs it can be seen that there is no advantage in tcrms of the
NMSE in using a partitioned codebook for the FRA or the BAT image, howcvcr
for low bit rates the partition codebook has slightly less NMSE for the case of TADB
in both the 10 percent and the 25 percent case. As is well known NMSE is not
well correlated to sub_|ect1ve quality. A lower overall NMSD may not result in a
better subjective image. Examining the error in the edge curves in figure 5.7 and
3.8, 1t is seen that for the 10 percent 2 by 2 case no a.dvantage in gained by using
a partitioned codebook. There is a marked decrease in the error in the edges in the
TAB image, and a marginal decrease in the error in the edges for the FRA 'imé.ge fora
single codebook. An examination of the imagés in figure 5.9 verifies that no increase
in subjective quality is gained by using a partitioned codebook. There is a slight )
anomaly in the TAB image R(D), as the overall error increases but the error in the

edges decreases when using a single codebook. This is due to the nature of edges in
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this image. TAB contains many sloped regions, areas where the change in the pixel
values are intermediate in magnitude. These vectors.strongly influence the cluster
centers when vector quantizing leaving an overall increase in error but a decrease in
edge error. Error in the edges does increase in the FRA as observed in TAB, when
25 percent of the image is 2 by 2 blocks. At that kpoint some of the uniform sloped
areas start to influcnce the cluster centers. The uniformly sloped areas are found
on the left and the right of the subjects head. It should be noted that there is a
slight increase in erro.r when ever a single codebook is used. This would be expected
as the partitioned codeBook would contain at least similar codewords to what was
in the single codebook plus additional codewords for a better selection of codewords
and thus a.lower error. However, any advantage in NMSE by using a partitioned
codebook is offset by the additional overhead needed for the extra codebook. This

~ shows that the two vector sets from the two block sizes similar in statistics.
.
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Figure 5.9 Photographs of reconstructed images using VQ with only a single codebook for both the
2 by 2 blocks and the 4 by 4 blocks. These images used 25% 2 by 2 blocks. Compare these images to the

images of figure 5.6, which use two codebooks.
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f ' figure 5.9 (continded)
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figure 5.9 (continued)
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5.1.4 Additional Discussions 3 ‘|

Some additional lcommcnts are now given on PFVQ. While Slmnnon’s theory
states that the rate distortion can be reduced to a minimum by cxtcndtng the block
lcngth there are some practical limitations to the size of block that can be used.
study by Baker[54] showed that for non-adaptive memory-less VQ, the size of vector

was limited to about 20 because of constraints on memory and computation.

Adaplive VQ results in a lower NMSE and better subjective quahty[oS] when
comparcd with basic VQ. However, a study by Boucher [53] showcd that adaptnvc
VQ coding schemes are-even more restrictive in the maximum size of vector. This
is because the codebook takes too rriuch of the bit rate to take full advantage of the
larger codewords. Transmntmg the c.odebook reduces the effective rate (the portion
of the rate devoled to transmitting the labels) to such an extent that the optimum
size of the vcctor for-adaptive VQ was found[53] to be about 9. The upper limit scems
to'be a codeword of 16, above which‘ the co_déBook takes too rhglich of the transmitted
information to allow efficient codi‘ng. This limitation is clearly scen from table 5.13
where the bit rate is constant at 1.5 bits/pixel. As the size of the block length gets

larger more and more of the transmitted information is overhead. With a block size

-0 20, 72 percent of the transmitted information is required to transmit the codebook.

The codebook in adaptive VQ contains highly redundant d:'Lt.jr. and does noL. ex-
ploit inter-block correlations. A codeword that represents a slowly varying region
of the image may consist of highly correlated data. As the vectors get larger, more

redundant data is contained in t‘hc channel code. The PFVQ works to reduce the

redundant data in the codebook.
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By first representing the image by its facets, large spatial blocks can be used
w:thbut the accompanying fedundancy of larger vector codebooks. By reducmg the
,percentage of the bit rate devoted to tra.nsmlt the codebook,.more of the bit rate can
be used to transmit the labels. Using the planar facet representation with a block

size of 16 allows 2048 represcntatifc codewords in the codebook cdmpared with 512

for adaptive VQ with the same block size.

In the review of vector quantization in chapter 3, vector quantization was di-
vided into. four processes, vector formation, training sequence generation, codebook
generation, and qulntiza.tion. The Planar facet representation is a technique to im- -

prove image coding quality by enhancing the vector %ormation, and training sequence

generation steps.
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5.2 Cofnparison 'wit_h Other Methods

Vector quéﬁtizati.on_applied to the facet representation (PFVQ) is now compared
to three other techniques. The first comparison is mac_i¢ with a VQ t‘edmique proposed’
by Gersho and Raman;urthi[lﬁ]_tl{af splits the codebook into "edge” and "texture”
vectors for training_qum:ncé generation and quantization. The technique has been
modified. to make it adaptive to assure a fair comparison. The secqnd comparison.is

: - :

made with cosine block (ransform[61], and finally, VQ applied to the facet ‘represcn-

tation. is comparé.d to a quadtree technique proposed by Wang and Goldberg[10].

Gersho and Ramz;murthi[lﬁ] proposed a method of overcoming the blocking effect
of the coded image by a partition code. A simple classifier was used to distinguish
between vectors of one of ﬁv_o classes, regarded as the ‘edge’ and ‘texturé’ vectors, with
separate codebooks for each. The scpafa.tion of edgé and ;cexture 1s on th;z basis of the
variance (or energy) of the vectér. All vectors with variance below a threshold value
are considered textures and above the threshold are considered as edges. In order to
ensure a fair comparisbn of this partitionéd codebook technique and PFV(Q), certain
paramecters must be kept constant. When comparing coded images each metlw;od will
devote the same percentage of the bit rate to .the ‘edges’ and the ‘shade’ classes. For
example, if an image it; coded with 10 percent édges in PFVQ then 10 percent will
also be used for the partition codebook, method. Keeping these parameters constant -
assures that the comparison using NMSE relates well with subjective quality. It is
well known that the initial codebook and the algorithm play a large role in obtaining

good results. Thus the same algorithm, indeed the same Fortran program is used for -
each of tilese methods. Figure 5.10 shows the R(D) curves in the coded images using

the PFVQ with a single codebook compared with VQ using a partitioned codebook
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for blocks of size 3 by 3 and 4 by 4, The PFVdreéqlts in less error than the VQ
with partitioned spatial codebook. The largest advantage between ihese two methods
occurs when the codebook is small at low bit rates. There are two reasons for this;
ﬁrsf_;.PFVQ using 3 coeflicients could-never result in less NM?E than that incurred in
" the original transformation. At {ﬁ};her bit rates the error approaches the lower limit
of NMSE. If the codebook s.ize conitinued to increase the up};erj curvé would eyentually

cross over. Secondly, at low bit rates with large block sizes, the overhead required

to transmit the codebook takes a'larger percentage of the bit rate in the paftition
codebook method and PFVQ has its greatést advantage. The main reason for the
improved performance is the reduction in redunda.ncy in_t.lhe codcbook'la.n_d the more
cfficient use of codeword for regions of slowly \:arying grey level vaiues.

Block transform coding involved the two-dimensional transform of 16 by 16 pixel
blocks. The transform frequency coefficients are Max-quantized [61] using a Gausgié.n

distribution model. The coefficients are quantized using a different number of levels

according to their variance, and according to the required bit rate [62]. The mean .

component is qﬁantiz'ed to 8 bits. The ‘en_'or in the coded image is shown in ﬁg-urc'
5.11{33). PFVQ outperforms the cosine transform because, while this unitary trans--
form results in coeflicients are much more decorrelated, the coeflicients are scalar
quantized, while usi.ng the planar facet transformation coefficients that are vector
quantized. Also the planar facet in the form used codes the texture region much
more cfficiently because of the variable size block. It is likely that :"1. cosine transform
used to replace thé planar facet in the algorithm -would result in a more efficient
ccode, albeit with increased complexity. This is because the transform results in more
decorrelated coeflicients while the variable block size would assure a high ..dcgrcc of

adaptivity.. This possibility is left for future considerations.
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Fma.lly, a comparison is made thh a techmque usmg vector quantlzatlon on
images in quadtree form[60]. A mean  quadtree representa.tlon of an image is ﬂrst buﬂt
up by forming a sequence of reduced-size images by a,ve%eigmg over 2 by 2 blocks A
difference quadtree is Lhcn bmlt by takmg the. differences between succcsswc levels in
the mean quadt.rcc Vector quantization is apphcd to the dlffercnce quadtrec of the
image on a level-by-level basis. All the nodes in the difference quadtrce startmg from

the top level and ending at the bottom level are sent. The kth approxnmatlon image
can be formed by adding the inforrna.tion: -of lével k to the previously reproduced
(k-1)th approximation. I"xgurc 5.11 shows this method compared with PFVQ with a
single codcbook. The better performance of thc PFVQ can be attributed to the hlg,hcr
level of adaptivity to image statistics. The qundtree in this non-adaptive form requires
the same amount of bits regardless of the activity in the region. Tlhus in real image,
where many regions are-of constant g;:ey level, the quadtree method.produces less
" efficient code. It is likely, that if adaptivity was introduced in t__hc quadtree, perhaps

by use of a cutsct, that this method would produce less error.than the PFVQ.

<3
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Equal slopes

Figure 5.12 A one dimensional version of a4 by 4 and 2 by 2 block mapping onto _
the same slops. This allows many vectors to be similar and results in a single codebook being

sufficiant, . :
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‘Block /cade/book No. of Bit % bit rate in
size— size - bits ¢ rate overhead
- // l
.—//’
Adaptive VQ 4 - 64 6 1.53 2.0%
PFVQ 4 64 6 1.53 1.5%
Adaptive VQ 6 - 256 8 1.52 12.3%
PFVQ 6 256 8 1.42 6.57%
Adaptive VQ g - 512 9 1.51 34.7%
PFVQ g 512 9 - 1.18 15.79%
Adaptive VQ 16 512 9 1.49 . 62.6%
PFVQ 16 512 9 75 - 25.0%
Adaptive VQ 20 446 8.8 1.52 71.2%
PFVQ 20 446 8.8 57 24.8%
Adaptive VQ 24 389 8.6 1.50 71.2%
PFVQ 24 389 8.6 50 28.39%

Figure 5.13  The table shows the bit rate for the same size codebook for PFVQ
and adaptive VQ. By reducing the redundancy in the codebook, more of the bit
rate is left for the labels, thus increasing the maximum size block that can be
used. The calculations were based on a 256 by 256 pixel image with 8 bits per
pixel. ) '
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6.0'Conclusions and Recommendationa for Further Work -

A facet model for image co&ing which uses a set of piecewise polynomial functions
to represent regularly shaped blocks of an image is introduced. Representing an image
by a polynomial function of fixed degree and fixed dime_nsion-_car;;I lead to ﬂrcgions
being represented by different degrees of fidelity. By a]l;)wing the regions to have
different sizes, the error tends to bé more uniform in error content. The results oﬂf
the experiment; show that for a class of still images, mixing 4 by 4 and 2 by 2 blocks
results in subjectively excellent reprﬁduction of coded. iﬁmges. A key observation
in these scalar quantized representations is that the smallest block necéssary for no
subjectively detectable distortion was 2 by 2 blocks, but the majority of blocks in the

images could be transformed using 4 by 4 blocks.

Using vcétor quantization the bit rate was reduced to 0.3 to 1.5 bits per‘ pixlcl.
For PFVQ like the scalar ciuantized case, some regions of high detail required as small
as 2 by 2 blocks to code well. One notablé observation was that the.common problem
of false cbntouring that is often accompanied with VQ was not as prevalent in the
case of PFVQ. As in the case of scalar quantization many blocks 'did not require a
split to 2 by 2 and a split would only make the code less efficient. In- addition using
a larger codebook then necessary would also result in a wasting of bit rate. Often
there was practically no advantage in using a codebook of 1024 codewords instead of
512 because 512 was already close to the minimum possible error achievable when a
block is being represented by a plane. One other noteworthy point was the fact the a
single codebook would often lead to the same or better R(d)ﬁ than when a codebook-

was used for each block size. This was due to the fact that the vector set for cach

block size were similar in statistics.

Several questions remained unanswered in this investigation. First and foremost

is the selection of the optimum.threshold for splitting the block. This question was
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empirically examined by fhe ﬁrst and second set of experiments but ﬁo clear conclu-
sion were .dra.\\}n‘. Secondly, unlike méét VQ schemes, where larger codebooks mean
lower distortion, ‘ajarger eodebook would only bring the disﬂtortip_n closer to the best
fitting plane. Yhe optimum size codebook for the threshold should be investigated
further. '

-

Another possibility for further work is using a variable polynomial degree and a

variable block size to suit the image statistics more exactly.

. Also, as suggested in section 5.2, the same technique of variable block size could

. I A\
be used with any transform and should be investigated further. -

[

103



References

e

\"\‘

[1] Shannon, C., ‘Coding theorems for a discrete source with a ﬁdehty criterion’, IRE Nntl Conv-
Rec., pp.142-163, 1959. o .

"[2} Sakrison, D.J. Halter, M., and Mostafavi, 1., ‘Propertics of the human visual system as rclated
to the encoding of images’,in New Direction in Signal Processing in Communicalions and Control
(J.Skwirsynski ed.), pp. 83-98, Noordhoff, Leiden, 1975.

{3] Mall,C.F., and Hall,E.L., ‘A non-linear model for the spatial characteristics of the human visual
system’, IEEE Trans. Sys. Man. Cybernel. SMC-7, pp. 161-176;-1977.

(4] Lukas,F., and Budrikis, Z,L., ‘Picture quality prediction based on visual model’, JEEE Trans.
Commmun., COM-90, pp.1679-1692, 1982.

[5] Campell, F.W., and Robson,J.G. .y ‘Applications of Fourier analysis to the v151b1hty of gratings’,
J. Physiol. (London) 197, pp. 551-556, 1968.

(6] Grey, AL, Grey,,R.M., and Mm‘i{el,.].D., ‘Compression of optimal quantizers of speech reflection
cocflicients’, JEEE Trans. Acoust. Speech Signal Processing, vol.ASSP-25, pp.9-23, Feb.,1977.

[7] ltakura F.Saito S., ‘Analysis synthesis hased on the maximum likelyhood method’, Proc. 6th
Tnt. Congr. Acoust Tokyo, Japan, pp. C~17 20, 1968.

8] Itakura F.Saito S., ‘A statistical method for estimation of speech spectral density and format
frequencies’, Elcctron. Commun. Jap., vol. 53-A, pp. 36-43, 1970.

{10] Clarke, R.J., “Fransform coding of images’, Microelecironics and Signal Processing, Academic
Press, N.Y., 1933,

[11] Pratt,W-K., (Ed.), ‘Tmage transmission techniques’, Academic Press, N.Y., 1979,

{12] Rosenfeld,A., and Kak, A.C., ‘Digital picture processing’, Car;lputcr Science and Applied Math-
emalics, 2nd edition, vol.1, Academic Press, 1982.

(13] Netravali,A.N., ‘Interpolatlve coding using a sub_]ectlve criterium’, Proceedings of the IEEE,
Vol. 85, pp. 253-263, Mar. 1963.

[14] Dubois,E., Prasada,B. and Sabri, M.S., ‘Image sequence coding’, Image Sequence A nalysis, (Id.)
Huang, T'S., Chapter 3, 1982,

{15] ‘I!nbibi, A., ‘Hybrid coding of pictorial data’, JEEE Trans.on Commun., Vol. Com-22, No. 3,
pp. 614-624, May 1979, ) :

104



[16] Gersho, A., Remamurthi, B., 'Image coding using vector quantization’, in JEEE Proceeding
ICASSP, pp. 428-431, Mny 1982. ' '

[17] Baker, R.L., anid Grey, R.M., 'Image comptession using non-adaptive spatial vector quantiza-
tion’, IEEE Conference on Circuils Systems-Camlpuier, pp.55-61, 1983.

[18] Murakami, T., Asai. ., and Yamazaki, E., Vector quantizer of video signals’ , Electronic Letters
7, pp 1005-1006, Nov. 1982.

(19] King, R.A., Nasrabadi, N.M., ‘Imnage coding using vector quantization in the transform dormain’,
Pattern Recognition Letters, Vol. 1, pp. 323-320 July 1983.

. [20] Sun, IL.F, Go[(lborg, M., ‘Image coding using LPC with vector quantization’, IEEE Proceedings
of Int. Commun, and Encrgy Conf., pp. 266-269, Montreal, Canada, Oct., 1984,

(21] Goldberg, M., and Sun, H.F. ‘Image scquence coding techniques using transforms véctor quan-
tization”, IERE Trans. on Communication: :

[22] Buzo A, » Grey, AM., and Grey R.M., and Markel, J.D., * Speech coding based upon vector
quantization’, IEEE Tmm on Acoust., Speech, and Sign. Proc., ASSP-28, pp-367-376, Aug., 1980,

{23] Bouclwr P., and Goldberg, M., ‘Color image compression by adaptive vector quantization’,
IEEE Proc. ICAASP, pp. 29.6.1-4, Snn Diego, Mar., 1984,

(24] Kurtman, C.M., ‘Redundancy reduction- A practical method ofdnt'\ compression’, Proc. of fhe
IEEE, Vol. 55, pp- 203—263 Mar. 1963.

(25) Andrew, H.C. and Pratt, W.K., ‘Fourier transform coding of images’, Proceeding Hamwaii Ini.
Conf. Syslem Science, pp. 677-679, Jan., 1968.

(26} Juang, B.H., and Grey, A.H., ‘Multiple stage vector quantization for speech coding’, Proc. of
the IEEE Inl. Conf. on ASSP, pp. 597-600, Apr. 1982.

(30] Lloyd, S.P., ‘Lehst square quantization in PCM’, Bell Labs. Tcrhmml Nn!c' (1057). Published
in Bell Labs special issue on quantization, Mar. 1982.

-

[31] Bugo,A, Grey, A.H., Grey, R.M. and Markel, J.D., ‘Speech coding based upon vector quantiza-
tion’, TEEE Trans. on ASSP, Vol. ASSP-28, No. 5, pp.562-574, Oct. 1980.

[32] Fontana,R.J., ‘Stochastic stability for feedback quantization schemes', [EEF Trans. on Infor-
mation Theory, 1T-28, pp. 248-254, Mar. 1982.

[33] Boucher, P., 'Adaptive vector quantization of pictorial data’, Theses for M.ASc., Dept. of Elect.,
Eng. Univ. of Ottawa,, 084,

(49] Webster's Dictionary 1986

105



[50] R. Haralick and L. Watson, ‘A Facet Model For Image Dat.a', Proceedings IEEE Computer
Society Conference on Patlern Recognition and Image Processing, August 6-8, 1979, Chicago, Illinois

[51] M. Nagao and T. Matsuyyama, ‘Edge pr%scﬁing smoothing’, Fourtk Inlernational Joint Con-
ference on Patlern Recognition, Kyoto, November 1978,pp. 432-440. ‘

[52] F. ‘Tomita and S. Tsujji, ‘Extraction of Multiple regions by smoothing in selected neighborhoeds’,
IEEE Trans, Sys. Man. Cybernet., SMC-7, No. 2, 1977, 107-109

(53] R.M. Haralick, ‘Edge and region analysis for digital image data’, in Image Modeling (Azriel
Rosenfeld, Ed.), pp. 171-184, Academic Press, New York, 1981.

{54] E.A. Cohen, ‘Generalized sloped models useful in multispectral image analysis’, Comp. Vision,
Graphics, and Image Processing, Pp 171-190, Academic Press, New York, 1985. :

(55] Tescher, A., “Transform image coding’, in Image Transmission Technigues, ed. Pratt, W.K., pp.
113-155, Academic Press, N.Y. 1979.

[56] Huang, J.1.Y., and Schultheiss, P.AM., ‘Block quantization of correlated Gausian random vari-
ables’, IEEE Trans. on Commmun. COM-11, pp. 289-296, 1963.

(60] Wang,L., and Goldberg,M. ‘Progressive image transmission using vector quantization on images
in quadtree form’,90th midwest Symposium on circuits and systems, 1987,

[61] Max J., ‘Q'uantizing for minimum distortion®, IRE Trans. Information Theory, vol IT-6, pp.
7-12, March 1960. '

(62] Chen, W.H., and Smith, H., ‘Adaptive coding of Monochrome and Color Images’. JEEE Trans-
actions on Communications, COM-25, no.11, Nov 1977, pp. 1285-1292.

106





